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Statement of Impact

This thesis addresses a practical infrastructure-planning challenge posed by transport electrifica-
tion: how to deploy electric vehicle charging infrastructure when charging demand, distribution-
network constraints, mobility behaviour, and flexibility resources interact. Rather than treating
electric vehicle charging stations as static electrical loads or isolated transport assets, the re-
search develops a data-driven decision-support framework that links power-distribution-network
feasibility, transportation-driven charging demand, battery energy storage support, and vehicle-
to-grid flexibility.

The potential impact of the thesis lies in shifting EV charging infrastructure planning from
demand-agnostic siting toward coordinated, system-aware decision-making. Using real-world
Melbourne and Victorian demand, rooftop photovoltaic, traffic, and road-network data, the the-
sis demonstrates how deployment options can be assessed under conditions that better reflect
practical planning environments. The framework supports technically credible deployment by
embedding feeder constraints, voltage performance, power loss, and storage support into plan-
ning decisions. It also strengthens user-centred infrastructure assessment by linking charging
demand to accessibility, travel costs, queueing behaviour, and service-quality outcomes.

The research is relevant to distribution network service providers, charging infrastructure
developers, transport and urban planners, aggregators, market institutions, and policymakers
involved in electrified transport planning. Its practical value is not a fixed deployment pre-
scription, but a transferable planning logic for comparing infrastructure portfolios, identifying
grid and service-quality trade-offs, and assessing flexibility readiness under realistic participa-
tion conditions. By distinguishing nominal bidirectional capability from practically realisable
flexibility, the thesis provides a more credible basis for planning EV charging infrastructure that
is reliable, accessible, adaptable, investment-efficient, and aligned with Australia’s transition
toward integrated low-carbon energy and mobility systems.
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Abstract

The rapid electrification of road transportation is transforming electric vehicle charging infras-
tructure from a local electrical load into a coupled energy—mobility planning problem. Large-
scale deployment of electric vehicle charging stations (EVCSs) can increase peak loading, network
losses, voltage deviations, and stress on distribution assets. At the same time, charging demand
is shaped by mobility behaviour, traffic congestion, accessibility, queueing conditions, and user
response. Planning approaches that treat EV charging demand as static, exogenous, or inde-
pendent of transportation behaviour risk producing infrastructure decisions that are electrically
infeasible, poorly located, underutilised, or unnecessarily costly.

Despite growing research on EVCS planning, many frameworks still treat power distribution
networks (PDNs), transportation networks (TNs), user behaviour, battery energy storage sys-
tems (BESSs), vehicle-to-grid (V2G) capability, and market-enabled flexibility as separate layers.
This separation limits assessment of how mobility-driven charging demand is formed, mapped
onto feeder-level constraints, and supported by operational flexibility. A key gap remains in the
development of planning frameworks that integrate grid feasibility, transportation behaviour,
flexibility resources, and operational control within a coherent decision-support structure.

This thesis develops a unified, data-driven framework for planning and operating EV charging
infrastructure in coupled PDN-TN systems. The framework progresses through three stages.
First, it establishes a grid-aware EVCS-BESS planning and operation model that links siting
and sizing to BESS control under time-varying demand. Second, it extends the model to coupled
PDN-TN planning by deriving charging demand from traffic flow, travel cost, accessibility, and
queueing behaviour. Third, it incorporates V2G participation and market-driven flexibility by
modelling EVs as conditional flexibility resources whose value depends on availability, state of
charge, behavioural participation, and activation conditions.

A hybrid optimisation methodology combining genetic algorithms and deep deterministic
policy gradient (DDPG) coordinates BESS and EVCS planning decisions. Time-indexed oper-
ational mechanisms, including local BESS control and V2G-enabled flexibility assessment, test
whether planned infrastructure configurations remain technically credible under realised demand
and grid constraints. The frameworks are evaluated using real-world datasets from Melbourne
and Victoria, including residential smart-meter demand, rooftop photovoltaic generation, traf-
fic measurements, road-network information, and charging-demand representations. Modified
IEEE 33-bus and IEEE 123-bus systems are used to assess feeder-level impacts.

The results show that coordinated EVCS-BESS planning improves voltage performance and
reduces distribution-network stress. Traffic-informed planning changes the spatial allocation of
EVCSs by reducing travel burden and queueing delay while preserving feeder-level feasibility.
V2G-enabled planning further expands the feasible deployment space, but only when participa-
tion uncertainty, market activation, and operational constraints are explicitly represented. These
findings show that the value of flexibility is determined not by installed capacity alone, but by
whether flexibility is behaviourally available, electrically usable, and operationally controllable.

Overall, this thesis advances EVCS planning from static, single-domain optimisation toward
an integrated, data-driven, and deployment-oriented decision-support framework. By linking
PDN constraints, mobility-driven demand, BESS coordination, and conditional V2G flexibility,
it provides practical guidance for utilities, charging infrastructure operators, transport planners,
aggregators, and policy stakeholders involved in future energy—mobility infrastructure planning.

Keywords: Electric vehicle charging infrastructure, battery energy storage systems, coupled
power—transportation networks, vehicle-to-grid, multi-objective optimisation, traffic-informed
charging demand, data-driven infrastructure planning, decision-support framework.
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Introduction

The planning of electric vehicle charging stations (EVCSs) has evolved from a narrow siting
problem into a broader infrastructure design challenge involving power distribution constraints,
transportation accessibility, operational flexibility, and deployment economics. As electric ve-
hicle (EV) adoption increases, charging infrastructure can no longer be planned effectively us-
ing grid-only or transport-only logic. Instead, it must be designed as part of an integrated
energy—mobility system in which charging demand, network feasibility, service accessibility, and
flexibility resources are considered jointly.

This thesis addresses this challenge by developing a data-driven and deployment-relevant
planning framework for EV charging infrastructure in coupled power distribution and trans-
portation environments. The research is motivated by the need to move beyond static charging-
demand assumptions and toward planning approaches that better reflect real-world demand vari-
ability, feeder-level constraints, mobility behaviour, and the emerging role of flexible resources
such as battery energy storage systems (BESSs) and vehicle-to-grid (V2G) participation.

Accordingly, this opening chapter introduces the motivation for the research, defines the
scope of the problem, explains the overall direction of the thesis, outlines the work’s industry
relevance, and provides a guide to the remainder of the document. The detailed research ques-
tions, knowledge gaps, and scientific contributions are derived after the critical literature review
in Chapter 2, ensuring that the thesis objectives emerge from a clear assessment of what remains
unresolved in existing KEVCS planning research.

1.1 Motivation and Australian Context

The decarbonisation of transport and electricity systems has emerged as a critical engineering
challenge in contemporary energy transitions. During this transition, the rapid adoption of EVs
is widely recognised as a necessary pathway to reduce transport-sector emissions, improve energy
efficiency, and support long-term sustainability [1]. However, the electrification of mobility does
not simply replace liquid-fuel consumption with electricity demand. Instead, it introduces a new
class of spatially concentrated and temporally variable electrical loads whose timing, location,
and magnitude are shaped by travel behaviour, charging accessibility, service availability, state-
of-charge dynamics, user preferences, and the technical capability of local electricity networks
[2, 3, 4]. Consequently, EV charging infrastructure planning must be understood as a coupled
energy—mobility infrastructure problem rather than as a conventional facility-location or load-
connection task.

From the power-system perspective, widespread and unmanaged EV charging can increase
peak demand, increase feeder congestion, aggravate voltage deviation (VD), and raise network
losses, particularly in low- and medium-voltage distribution systems that were not originally de-
signed to accommodate concentrated and synchronised charging demand [5, 6, 7, 8]. From the
transportation perspective, EV users require a charging infrastructure that is accessible, time-
efficient, reliable, and aligned with actual mobility demand. Poorly located charging stations
may therefore create a dual failure: they can overload electrically weak feeder locations while
simultaneously increasing travel detours, reducing user convenience, and worsening queueing
conditions [9, 10, 11]. These coupled risks demonstrate that EVCS deployment cannot be eval-
uated through grid-side or transport-side criteria alone. It requires a planning framework that
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jointly considers electrical feasibility, mobility-driven demand formation, service accessibility,
and operational flexibility.

This challenge is particularly important in Australia, where EV adoption, rooftop photo-
voltaic (PV) penetration, distributed energy resources, and urban mobility patterns are evolving
simultaneously. At the national level, the Australian Government’s National Electric Vehicle
Strategy frames EV uptake around three mutually dependent pillars: increasing the supply of af-
fordable and accessible EVs, establishing the resources, systems, and infrastructure required for
rapid EV uptake, and encouraging stronger EV demand [12]. As shown in Fig. 1.1, the strategy
explicitly positions systems and infrastructure as a central pillar of Australia’s EV transition,
with charging accessibility identified as one of the core national outcomes. The Strategy also
emphasises national standards, data sharing, accessibility, regional and remote charging infras-
tructure, fleet procurement, and coordination with the electricity system. These priorities are
directly aligned with the technical problem addressed in this thesis: rapid EV adoption cannot
be supported by vehicle supply alone; it also requires charging networks that are spatially acces-
sible, electrically feasible, data-informed, interoperable, and compatible with local distribution
network capabilities.

This infrastructure challenge is also embedded within the broader operational transforma-
tion of the National Electricity Market (NEM). AEMO characterises the NEM as a large in-
terconnected system supplying approximately 11 million customers through around 40,000 km
of transmission infrastructure, with substantial rooftop PV and distributed energy resources
connected across the system [13, 14]. For EVCS planning, this context is important because
new charging infrastructure will be connected to distribution networks that are already being
reshaped by changing net-demand profiles, behind-the-meter resources, and increasing require-
ments for visibility, forecasting, and flexible demand management.

The policy importance of charging infrastructure has become even clearer in the National
Electric Vehicle Strategy Annual Update 2024-25. The update reports that, by June 2025,
Australia had approximately 1,324 public fast and ultra-fast charging sites and 4,138 fast and
ultra-fast charging plugs, increasing from 1,172 sites in December 2024 and 812 sites in Decem-
ber 2023 [15]. As illustrated in Fig. 1.2, this expansion is geographically distributed across Aus-
tralian states and territories, but it is also uneven, reflecting differences in population density,
travel corridors, state-level investment, private-sector activity, and local infrastructure needs.
This growth indicates that public charging infrastructure is expanding rapidly; however, it also
indicates that charging deployment is becoming a more complex planning problem. As the
number of EVs, chargers, plug types, use cases, and charging locations increases, infrastructure
planning must move beyond simple rollout targets and toward coordinated decision-making
that accounts for where charging demand emerges, how it affects distribution feeders, and how
supporting resources such as BESSs and V2G-enabled EVs can reduce local network stress.

Industry evidence reinforces the same conclusion. The Electric Vehicle Council’s State of
EVs 2025 report indicates that high-power public charging locations in Australia reached around
1,272 sites by mid-2025, while high-power public charging plugs increased from 3,436 to 4,192
over the previous year, corresponding to a 22% increase [16]. Figure 1.3 shows that this expansion
has occurred through both site growth and connector growth, indicating that Australia’s public
charging market is moving from basic coverage expansion toward higher-capacity and denser
charging provision. Importantly, the report notes that the market is shifting from simply filling
geographic coverage gaps toward densifying locations, with more chargers, connectors, and bays
installed per site. This distinction is critical for infrastructure planning. Early-stage charging
rollout primarily focuses on coverage: ensuring drivers can find a charger within a reasonable
distance. As the market matures, however, planning increasingly focuses on capacity, utilisation,
queueing, reliability, and local grid hosting capability. In other words, the problem evolves from
“where should chargers be installed?” to “where can additional charging capacity be deployed
while maintaining network security, user accessibility, and infrastructure efficiency?”



Chapter 1

Figure 1.1: Australian National Electric Vehicle Strategy framework, showing the three policy
pillars of supply, systems and infrastructure, and demand. Adapted from DCCEEW, National
Electric Vehicle Strategy Annual Update 2024-25 [15].

Australia’s charging infrastructure challenge is also a data challenge. The Electric Vehicle
Council highlights that data integrity for EV supply equipment installations remains difficult
because no single source of truth currently represents all public EV charging infrastructure in
Australia [16]. This limitation has practical consequences. Without consistent and trustworthy
data on charging locations, plugs, power levels, availability, usage, and connection points, infras-
tructure planners cannot reliably assess where investment is needed, where network constraints
may emerge, or where charging-service gaps remain. The National EV Strategy similarly iden-



Chapter 1

Figure 1.2: Public fast and ultra-fast EV charging infrastructure in Australia by state and
territory, with reported growth from Q4 2023 to Q2 2025. Adapted from DCCEEW, National
Electric Vehicle Strategy Annual Update 202425 [15].

(a) Charging locations. (b) Charging connectors.

Figure 1.3: Growth of fast and ultra-fast public EV charging locations and connectors in Aus-
tralia from June 2022 to June 2025. Adapted from Electric Vehicle Council, State of EVs 2025
[16].

tifies data sharing and national mapping as necessary elements of the transition, noting that
infrastructure-related data are required to understand where EVs are charging and being driven,
and to inform the best locations for charging infrastructure [12]. The development of the Na-
tional EV Charging Infrastructure Mapping Tool directly reflects this need, as it aims to identify
existing fast EV charging infrastructure and optimal zones for future development, thereby help-
ing to guide investment decisions by governments and industry over the next five to ten years
[15]. The data-driven orientation of this thesis is therefore not only a methodological preference;
it responds to a recognised national planning requirement.

A further Australian-specific challenge concerns the diversity of charging contexts. The na-
tional annual update notes that around 80% of reported EV charging in Australia occurs at
home, but also emphasises that demand for public, on-street, destination, and multi-residential



Figure 1.4: High-power public EV charging locations by Australian state and territory as of
mid-2025. Adapted from Electric Vehicle Council, State of EVs 2025 [16].

charging will increase as EV adoption broadens [15]. This matters because not all future EV
users will have access to private off-street charging. Residents of apartments and strata-title
buildings, renters, fleet operators, regional travellers, and users relying on public or workplace
charging may experience very different charging constraints. The National EV Strategy recog-
nises this issue through guidance and policy work related to multi-residential buildings, regional
charging, accessibility, and national charging standards [12]. These developments demonstrate
that charging infrastructure planning must account for heterogeneity in user access, mobility
behaviour, charging location type, and network connection conditions. A planning framework
that assumes homogeneous charging behaviour or static demand profiles is unlikely to provide
reliable guidance under such diverse deployment conditions.

These national issues are especially relevant to Victoria and metropolitan Melbourne, which
provide the empirical setting for this thesis. Victoria combines dense urban travel patterns,
diverse residential electricity demand, high rooftop PV penetration, and growing interest in
distributed flexibility resources. As shown in Fig. 1.4, Victoria is one of Australia’s major high-
power public charging regions, with 311 fast and ultra-fast public charging locations reported by
mid-2025 [16]. This reinforces the relevance of using Melbourne and Victoria as the empirical
basis for the thesis. In such an environment, conventional maximum-demand planning logic can
lead to conservative and costly network-reinforcement decisions. At the same time, transport-
only EVCS siting may overlook feeder-hosting constraints and local voltage stress. Conversely,
grid-only planning may identify technically favourable locations that are poorly aligned with
travel demand, accessibility, or the convenience of charging services. This creates a clear planning
gap: EVCS deployment must be evaluated within a coupled framework that considers traffic-
informed demand, feeder-level constraints, charging service quality, and local flexibility resources
simultaneously.

The role of distributed flexibility is particularly important in the Australian context. High
rooftop PV penetration can create periods of local generation surplus, while evening charging
demand can increase stress on distribution feeders. Coordinated EVCS and BESS planning can
help shift energy across time, reduce local voltage issues, and improve utilisation of distributed
renewable generation. In addition, the emergence of bidirectional charging and V2G capability
creates the possibility that EVs may act as distributed flexibility resources rather than only
as passive electrical loads. The National EV Strategy Annual Update notes recent progress
on vehicle-to-home and V2G charging, including the revised Australian Standard that enables
bidirectional charging in Australian homes and removes a barrier to many distribution network
service providers accepting V2G chargers on their networks [15]. However, technical capability
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alone does not guarantee useful flexibility. This issue is consistent with AEMQO’s broader fram-
ing of consumer energy resources, where rooftop PV, behind-the-meter batteries, EVs, VPPs,
and flexible demand are increasingly relevant to system operation but are also associated with
lower visibility, predictability, and controllability than conventional scheduled resources [13].
For EVCS planning, this reinforces the need to distinguish between nominal V2G capability
and practically realisable flexibility. The value of V2G, therefore, depends not only on bidirec-
tional charging technology but also on user participation, temporal availability, state of charge,
incentives, communication infrastructure, interoperability, and market activation.

The practical motivation for the thesis is therefore clear. Australia is no longer in a stage
where EV infrastructure planning can be treated as a simple question of installing more chargers.
The national policy framework, industry data, and charging infrastructure trends all point
to a more complex planning problem involving spatial demand, grid capacity, data quality,
accessibility, reliability, and readiness for flexibility. The challenge is not only to accelerate EVCS
rollout, but to ensure that rollout is technically credible, economically efficient, user-accessible,
and coordinated with distribution-network constraints. This requires planning methods that
can connect real traffic patterns with charging-demand formation, map charging demand onto
distribution feeders, evaluate voltage and loss impacts, incorporate BESS support, and assess
how V2G participation changes the value and feasibility of infrastructure deployment.

This thesis is motivated by that practical need. It develops an integrated EVCS planning
framework using real-world data from Melbourne and Victoria, Australia, including residential
smart-meter demand, rooftop PV generation, traffic measurements, road-network information,
and charging-demand representations. Across the thesis, EVCSs, BESSs, and V2G participation
are treated not as isolated technical additions but as interacting infrastructure components whose
value depends on how well their deployment aligns with both power distribution network (PDN)
constraints and transportation network (TN) dynamics. The central motivation is therefore not
only to improve methodological sophistication, but also to develop planning logic that is realistic,
operationally meaningful, and useful for infrastructure decision-making under Australian urban
conditions.

The research is positioned at the intersection of national policy needs, industry deployment
challenges, and technical planning gaps. Australia’s EV transition requires more than rapid ve-
hicle uptake and charger installation; it requires decision-support frameworks that can determine
where charging infrastructure should be deployed, how local flexibility resources should support
it, and how its value changes when mobility demand, grid constraints, and V2G-enabled flex-
ibility are considered together. By progressing from grid-aware EVCS-BESS coordination, to
traffic-informed coupled PDN-TN planning, and finally to flexibility-aware infrastructure plan-
ning under heterogeneous V2G participation and market-driven activation, this thesis responds
directly to the infrastructure-planning challenges emerging in Australia’s electrified transport
transition.

1.2 Scope of Work

The core problem addressed in this thesis is the coordinated planning and operational support of
EV charging infrastructure in environments where PDNs and TNs are structurally coupled. In
such settings, infrastructure decisions must account for both mobility-driven demand formation
and feeder-level technical feasibility within a unified planning framework. EV charging demand
cannot be adequately represented as a static or purely exogenous electrical load; rather, it
emerges from the interaction among traffic flow, charging accessibility, state-of-charge dynamics,
route choice, service availability, and user behaviour. Once charging demand materialises, it
is mapped onto specific feeder locations, where it influences voltage performance, power loss,
hosting capacity, and the operational value of local flexibility resources. Consequently, EVCS
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planning must be formulated as a coordinated infrastructure problem in which transportation-
driven demand and grid feasibility are assessed jointly rather than sequentially or in isolation
(2, 17, 18].

Within this broader problem, the thesis considers the joint siting and sizing of EVCS and
BESS infrastructure and, at a more advanced stage, the incorporation of bidirectional charging,
heterogeneous V2G participation, and market-driven activation of flexibility. The planning
problem is inherently multi-objective because it involves multiple stakeholders with partially
aligned and partially competing interests. Distribution Network Service Providers (DNSPs) and
grid operators seek to preserve voltage quality, reduce technical losses, and avoid unnecessary
augmentation. EVCS owners and investors seek economically efficient deployment decisions. EV
users seek an accessible and reliable charging service with acceptable travel and waiting times. In
coupled PDN-TN settings, transportation planners and local authorities are also concerned with
how infrastructure placement affects service accessibility, traffic distribution, and the practical
usability of electrified mobility [19, 20, 9].

The scope of the thesis is deliberately defined to maintain a balance among realism, an-
alytical tractability, and deployment relevance. First, the thesis focuses on distribution-level
infrastructure planning rather than bulk transmission expansion. Second, it focuses on planning
and operational support for public or shared charging infrastructure rather than on detailed,
individual-level scheduling for private home charging. Third, the analysis adopts a represen-
tative 24-hour weekday horizon discretised into 48 half-hour time steps so that time-varying
load, PV generation, traffic patterns, and charging demand can be evaluated consistently across
the proposed frameworks. Fourth, the experimental studies are grounded in real Melbourne
and Victoria datasets while using modified IEEE distribution feeders as interpretable electrical
backbones.

At the same time, the thesis does not attempt to model every layer of the broader electri-
fication problem. It does not provide a full long-horizon EV adoption forecast, a microscopic
city-scale transport simulator, or a complete wholesale-market settlement model. Instead, it fo-
cuses on a more specific but highly consequential planning question: how to design and support
EV charging infrastructure so that it remains electrically feasible, mobility-aware, flexible, and
decision-relevant under realistic urban operating conditions. This focus is appropriate because
many practical deployment risks arise precisely at the interface between feeder-level electrical
limits and spatial charging-service demand.

1.3 Research Aim and Thesis Direction

Building on the motivation and scope defined above, the overarching aim of this thesis is to
develop a data-driven, deployment-relevant planning framework for EV charging infrastructure
that accounts for interactions among distribution-network constraints, transportation-system
dynamics, and flexibility resources. Rather than treating EVCS deployment as a static siting
problem, the thesis investigates how infrastructure planning can be improved by incorporating
operational feasibility, mobility-driven demand formation, and V2G-enabled flexibility into the
decision-making process.

The thesis is organised around a progressive modelling direction. It begins with EVCS and
BESS planning within distribution networks, where the central concern is whether charging
infrastructure can be deployed without violating network constraints or creating excessive tech-
nical stress. It then extends the planning boundary to coupled PDN-TN environments, where
charging demand is shaped by traffic flow, accessibility, travel cost, and queueing behaviour. Fi-
nally, it examines the role of bidirectional charging and V2G participation, in which EVs are no
longer treated solely as passive loads but as conditional flexibility resources whose contribution
depends on user participation and market activation.
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At this stage of the thesis, the aim is intentionally stated at a high level. The detailed research
questions and scientific contributions are not introduced here as standalone assumptions; instead,
they are derived from the literature gaps synthesised in Chapter 2. This structure ensures
that the research questions emerge logically from the limitations of existing EVCS planning
frameworks and that the thesis’s novelty is situated in relation to the state of the literature
rather than asserted prematurely.

1.4 Industry Outcomes and Decision Support

A central premise of this thesis is that EVCS planning frameworks should function as decision-
support tools rather than purely analytical models. Accordingly, the proposed framework is
intended to translate complex interactions among grid constraints, transportation dynamics, and
flexibility resources into actionable planning insights for infrastructure stakeholders, including
distribution network operators, charging infrastructure providers, urban planners, and energy
system investors.

From the perspective of PDNs, the thesis provides a basis for identifying where charging in-
frastructure can be deployed with acceptable technical risk and how local flexibility resources can
expand effective hosting capacity. Rather than relying only on conservative maximum-demand
assumptions, the framework evaluates time-varying demand, feeder-level voltage constraints, and
the interaction between EV charging and distributed generation. This supports more informed
decisions regarding the siting and sizing of EVCS and BESS assets, particularly in Australian
urban environments characterised by heterogeneous feeder conditions and high rooftop PV pen-
etration. In practical terms, this planning perspective supports deferring unnecessary network
augmentation by identifying where targeted deployment of flexibility can achieve comparable
technical outcomes at lower cost.

From a mobility and service delivery perspective, the thesis emphasises that electrical feasi-
bility alone is insufficient for infrastructure planning. Charging infrastructure that is technically
attractive from a grid standpoint may fail to deliver practical value if it is poorly aligned with
travel demand, accessibility requirements, or user behaviour. By incorporating traffic flow,
travel cost, and queueing dynamics into the planning framework, EVCS locations are evaluated
not only as electrical nodes but also as service points within a transportation system. This
integrated perspective supports the identification of locations that balance grid constraints with
user accessibility and service quality.

From an investment and flexibility perspective, the thesis treats BESS and V2G resources
as infrastructure components that can reshape the planning space rather than as purely oper-
ational add-ons. Strategically located BESS units can buffer concentrated charging demand,
reduce local network stress, and increase the feasible penetration of EVCS infrastructure. Sim-
ilarly, modelling V2G participation under realistic behavioural and market conditions helps
distinguish between technical V2G capability and practically realisable flexibility. This dis-
tinction is important for stakeholders evaluating flexibility-enabled deployment strategies under
uncertainty, particularly where future EV uptake, user participation, and market arrangements
remain uncertain.

The use of real-world datasets from Melbourne and Victoria further strengthens the thesis’s
practical orientation. By grounding the analysis in observed traffic patterns, residential demand
profiles, and PV generation data, the framework captures the spatial and temporal characteris-
tics of urban electrification more faithfully than approaches based solely on synthetic assump-
tions. As a result, the findings of the thesis are intended to provide context-specific insights that
can inform infrastructure planning in Australian cities and comparable urban energy—mobility
systems.
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Importantly, the thesis does not prescribe a single universal infrastructure configuration.
Instead, it provides a structured basis for reasoning about infrastructure decisions under coupled
technical, spatial, and behavioural complexity. It clarifies which factors must be considered
jointly, how trade-offs between grid performance and service accessibility emerge, and how the
value of flexibility depends on both physical infrastructure and operational participation. In this
sense, the industry value of the thesis lies in its ability to convert methodological developments
into decision-support intelligence for more robust, efficient, and context-aware deployment of
EV charging infrastructure.

1.5 Thesis Structure

The thesis is structured to reflect the progressive development of the proposed planning
paradigm, while ensuring that the detailed research questions and contributions are introduced
only after the literature has been critically reviewed. Each chapter contributes to the gradual
enrichment of the EVCS planning framework, moving from foundational concepts toward an
integrated, data-driven, and flexibility-aware decision-support perspective.

Chapter 2 establishes the intellectual foundation of the thesis through a critical review of EV
charging infrastructure planning literature. It traces the evolution of the field from grid-centric
formulations toward coupled PDN-TN planning, data-driven demand modelling, V2G partici-
pation, and flexibility-aware infrastructure design. After synthesising the remaining knowledge
gaps, the chapter derives the research questions, design requirements, and contribution structure
that guide the thesis’s methodological development.

Chapter 3 defines the empirical and experimental context within which the proposed frame-
works are developed and evaluated. It introduces the Melbourne and Victoria case-study envi-
ronment, including real-world traffic data, residential demand, and PV generation profiles. The
chapter also presents the modified IEEE distribution feeders, the transportation-network rep-
resentation, the construction of traffic-informed charging demand, and the performance metrics
used for evaluation. Together, these elements establish a consistent and reproducible foundation
for the subsequent analyses.

Chapter 4 initiates the methodological development by addressing the coordinated planning
and operation of EVCS and BESS infrastructure within the PDN. It formulates a multi-objective
optimisation problem that integrates infrastructure siting, operational scheduling, and adaptive
support from BESS resources. This chapter establishes the first modelling layer of the thesis
by examining how distribution-network constraints and local flexibility resources affect EVCS
deployment decisions.

Chapter 5 extends the planning framework to a coupled PDN-TN setting, in which charg-
ing demand is explicitly linked to transportation-system dynamics. By incorporating traffic-
informed demand modelling, accessibility considerations, and service-level metrics such as travel
cost and queueing time, the chapter reformulates EVCS planning as a multi-stakeholder infras-
tructure problem. This stage demonstrates how mobility behaviour reshapes both the location
and the value of charging infrastructure.

Chapter 6 further enriches the framework by incorporating V2G participation, behavioural
heterogeneity, and market-driven flexibility activation. Building on the coupled PDN-TN for-
mulation, this chapter introduces a more realistic representation of EVs as conditional flexibility
resources. It examines how bidirectional charging capability, when modelled under realistic par-
ticipation constraints, alters operational outcomes and infrastructure planning decisions.

Chapter 7 situates the thesis’s contributions within the broader research landscape by de-
veloping a structured synthesis and comparative framework. It introduces a decision-centric
taxonomy that distinguishes between planning-layer and operation-layer formulations and uses
this perspective to interpret existing studies and the thesis contributions. This chapter strength-
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ens the conceptual clarity of the thesis and provides a basis for systematic comparison across
methodologies.

Chapter 8 concludes the thesis by consolidating the main findings, translating the method-
ological contributions into industry-relevant decision-support guidance, discussing planning and
policy implications, identifying limitations and translation boundaries, and outlining future re-
search directions. This final chapter integrates the thesis’s scientific conclusions with practical
deployment considerations, linking the proposed planning frameworks to real-world infrastruc-
ture decision-making in Australian urban contexts.

For readers primarily interested in methodological development, Chapters 4-6 may be read
as a coherent sequence of model enrichment, progressing from grid-aware planning to transport-
aware integration and finally to flexibility-enabled infrastructure design. For readers focused
on planning logic and deployment relevance, Chapters 3-8 together show how real-world data,
infrastructure decisions, mobility dynamics, flexibility behaviour, and industry translation in-
teract to produce increasingly realistic EVCS planning outcomes. Read as a whole, the thesis
advances a cumulative argument: EV charging infrastructure planning becomes materially more
robust, credible, and industry-relevant when it evolves from static, grid-only formulations toward
coordinated, data-driven, and system-level decision frameworks.

11
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Chapter 2

Foundations and Research Gaps in EV
Charging Infrastructure Planning

The planning of EVCSs has evolved from a narrowly defined location—allocation problem into a
multi-layered infrastructure design challenge spanning power systems, transportation systems,
user behaviour, and energy market coordination. As electric mobility expands, EV charging
demand cannot be treated as a static electrical load on existing distribution feeders. Instead, it
represents a spatially and temporally dynamic service demand shaped by travel behaviour, charg-
ing accessibility, power network constraints, and the operational flexibility of distributed energy
resources. Consequently, the EVCS planning literature has progressively shifted from purely
grid-centric formulations toward integrated infrastructure planning frameworks that jointly con-
sider PDNs, TNs, BESSs, data-driven demand estimation, and emerging flexibility mechanisms
such as V2G participation and market-enabled energy services.

This chapter establishes the conceptual and methodological foundation for the thesis by
critically reviewing the principal strands of research on EV charging infrastructure planning
and identifying the technical, methodological, and deployment-oriented gaps that motivate the
proposed framework. Rather than treating the literature as a collection of isolated methods,
the review is organised around the broadening of EVCS planning from grid-centric formulations
toward coupled, data-driven, and flexibility-aware infrastructure design. In doing so, the chapter
provides the analytical basis for the progressively enriched planning framework developed in the
subsequent chapters.

The remainder of this chapter is organised as follows. Section 2.1 establishes the problem
context for EV charging infrastructure planning by reviewing the system-level drivers, stake-
holder objectives, and technical and economic cost factors that shape infrastructure deployment.
Section 2.2 reviews EVCS planning approaches within PDNs, followed by Section 2.3, which ex-
amines coordinated planning of charging infrastructure and local energy resources. Section 2.4
discusses the influence of transportation-system dynamics on charging demand and infrastruc-
ture accessibility. Section 2.5 reviews integrated PDN-TN planning frameworks that jointly
model power and mobility systems. Section 2.6 examines data-driven approaches to EVCS allo-
cation, while Sections 2.7 and 2.8 examine how bidirectional charging, V2G participation, and
market-enabled flexibility reposition EV charging infrastructure from a passive demand asset
toward an active flexibility resource. Section 2.9 reviews methodological advances in optimisa-
tion, learning, and hybrid planning strategies. Finally, Section 2.10 synthesises the remaining
research gaps and translates them into a set of design requirements that guide the integrated
EVCS planning frameworks developed throughout this thesis.

2.1 EV Charging Infrastructure Planning: System Perspective
and Cost Drivers

The large-scale adoption of EVs is increasingly recognised as a central component of transport

decarbonisation and the transition toward low-carbon energy systems [1]. However, electric

mobility also introduces a new infrastructure planning problem because charging demand affects
both the provision of charging services and the operational performance of power networks.

12
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From a power-system perspective, widespread and unmanaged EV charging can increase
feeder loading, aggravate VD, and raise network losses, particularly in distribution systems
that were not originally designed for concentrated and temporally variable charging demand
[5, 6]. From a mobility perspective, EV users require a charging infrastructure that is spa-
tially accessible and aligned with travel demand; otherwise, poorly located EVCSs may increase
detours, reduce service convenience, and produce uneven infrastructure utilisation. EVCS plan-
ning, therefore, cannot be treated as a single-domain siting problem. It must be framed as a
system-level infrastructure planning problem that jointly considers electrical feasibility, service
accessibility, and long-term deployment efficiency.

Traditional distribution-network planning has often separated long-term planning from short-
term operation. In this paradigm, planning focuses on demand growth forecasts and network
reinforcement, whereas operation focuses on maintaining reliability and power quality using ex-
isting assets [21]. However, under rapid EV adoption and increasing DER penetration, design-
for-maximum-demand approaches can lead to conservative infrastructure decisions and sub-
stantial reinforcement costs. This has motivated a shift toward more flexible and data-informed
planning paradigms in which charging demand, distributed flexibility resources, and operational
constraints are coordinated more explicitly.

Within this broader planning paradigm, EVCS deployment involves multiple stakeholders
and competing performance criteria. From the PDN perspective, infrastructure planning aims to
reduce power loss, minimise VD, improve the VSI, and defer unnecessary network reinforcement.
From the transportation-system perspective, planning objectives include improving accessibility,
reducing travel and waiting times, and aligning station locations with spatial traffic demand.
From the EVCS investor and operator perspective, deployment decisions must also account for
construction costs, maintenance costs, profitability, utilisation, and service reliability. These par-
tially aligned objectives make EVCS planning inherently multi-objective rather than reducible
to a single technical or economic criterion.

The cost structure of EVCS planning reflects this multi-stakeholder setting. Investment
and operational cost drivers include charger procurement, transformer capacity upgrades, land
acquisition or leasing, civil infrastructure works, maintenance, and electricity procurement. In
addition, advanced planning models increasingly include user-related costs, such as travel time,
waiting time, and congestion penalties, to represent the service quality experienced by EV
drivers. On the technical side, the feasibility of EVCS deployment is shaped by network losses,
voltage regulation limits, hosting capacity constraints, and localised peak-demand growth within
distribution feeders.

Accordingly, the literature has progressively moved from simplified EVCS location—allocation
models toward more integrated planning frameworks. Early studies often relied on static
charging-demand assumptions, grid-only feasibility constraints, or simplified demand-coverage
models. More recent work has incorporated time-varying charging demand, coordination with
distributed energy resources, transportation-system dynamics, and flexibility mechanisms such
as V2G and market-enabled energy services. This progression indicates that EVCS planning
is increasingly being treated as a hierarchical, multi-layer decision problem in which mobility-
driven demand, electrical feasibility, operational control, and market participation must be dis-
tinguished and coordinated.

This distinction is important for the thesis because planning variables, operational controls,
and flexibility mechanisms do not operate at the same decision layer. Siting and sizing deci-
sions are long-term infrastructure choices, whereas storage dispatch, charging control, and V2G
activation are operational or market-mediated actions. Blending these layers without a clear
structure can obscure the source of planning benefits and weaken the interpretability of infras-
tructure outcomes. Therefore, a structured review of the literature is required to clarify how
existing studies approach EVCS planning and to identify the remaining gaps.

This thesis follows this progression by first addressing EVCS planning within distribution
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networks, then extending the planning problem to coupled power—transportation systems, and
finally incorporating flexibility mechanisms such as V2G participation and market-driven coor-
dination. The following sections, therefore, review the literature along this same progression,
beginning with PDN-oriented EVCS planning and moving toward increasingly integrated, data-
driven, and flexibility-aware infrastructure planning frameworks.

2.2 Distribution Network Planning for EV Charging
Integration

The increasing penetration of EVs has introduced new operational and planning challenges for
PDNs. Unlike conventional loads, EV charging demand is characterised by high simultaneity,
stochastic user behaviour, and strong spatial concentration around charging locations. When
large numbers of EVs are connected to the same feeder, transformer, or electrically weak area,
the resulting demand can cause voltage violations, feeder congestion, increased power losses, and
accelerated asset degradation. Accordingly, distribution networks require planning approaches
that can accommodate EV charging infrastructure while preserving reliability, voltage quality,
and asset utilisation [5, 6].

Early EVCS planning studies, therefore, focused primarily on the electrical feasibility of
integrating charging stations into distribution networks. In these formulations, EVCSs were
commonly modelled as additional electrical loads, and the planning problem was formulated
as selecting optimal locations and capacities subject to network operating constraints. Typi-
cal objectives included minimising power losses, reducing VDs, improving voltage stability in-
dices, and limiting reinforcement requirements associated with feeder and transformer upgrades.
Power-flow-constrained optimisation models were widely adopted to ensure that candidate EVCS
deployments remained within nodal voltage and thermal limits, as well as feeder capacity con-
straints.

Within this grid-centric literature, EVCS siting decisions were mainly driven by electrical
network characteristics rather than by mobility behaviour. Planning variables typically included
station location and capacity, while the constraint set represented feeder loading, voltage bounds,
and power-flow feasibility. A broad range of optimisation methods, including mixed-integer
programming, nonlinear optimisation, and metaheuristic algorithms, has been applied to solve
these discrete and nonlinear planning problems. These studies provided an important foundation
by demonstrating how EVCS deployment can be made compatible with distribution-network
operating limits.

As EV penetration increased and DERs became more prominent, the literature began to
move beyond EVCS-only planning toward coordinated planning of charging infrastructure and
local energy resources. In particular, BESSs have been investigated as complementary assets
that can mitigate the adverse grid impacts of concentrated EV charging. By providing local
energy buffering, peak shaving, and voltage support, BESSs can reduce feeder loading, improve
voltage profiles, and increase the effective hosting capacity of PDNs for EVCS deployment.
Consequently, several studies have formulated joint EVCS-BESS planning problems to improve
both technical performance and investment efficiency.

Despite these advances, a fundamental limitation remains in many PDN-oriented EVCS plan-
ning models: charging demand is usually treated as an exogenous or spatially simplified input.
In many cases, EV demand is represented through static load profiles, aggregated penetration
assumptions, fixed arrival patterns, or simplified spatial demand distributions. Such represen-
tations are useful for electrical feasibility studies, but they do not capture the spatiotemporal
mechanisms through which charging demand is generated in real transportation systems. In
practice, EV charging demand depends on travel behaviour, route choice, charging accessibility,
state-of-charge dynamics, service availability, and queuing conditions.
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This limitation creates a structural mismatch between technically feasible planning outcomes
and behaviourally realisable use of infrastructure. A solution may satisfy distribution-network
constraints yet be poorly aligned with where and when EV drivers actually require charging
services. Conversely, locations with strong mobility demand may be neglected if planning is
driven solely by feeder-level electrical indicators. Therefore, PDN-oriented planning models,
although essential for ensuring grid feasibility, cannot by themselves guarantee that optimal
EVCS deployment will deliver accessible and effectively utilised charging services.

The key gap is therefore not simply the absence of additional constraints, but the decoupling
of infrastructure siting from demand formation. Treating EV charging demand as externally
imposed separates the planning decision from the behavioural and spatial processes that create
charging needs. This weakens the realism of infrastructure outcomes and limits their transfer-
ability to practical deployment contexts. Addressing this issue requires EVCS planning models
to integrate mobility-driven demand formation with distribution-network feasibility within a
unified planning structure.

Accordingly, the literature has progressively shifted toward approaches that incorporate
transportation-system factors, including traffic flow, accessibility, congestion, travel cost, and
queueing dynamics. These factors determine not only the attractiveness and utilisation of charg-
ing locations, but also the spatial distribution of electrical demand imposed on the PDN. The fol-
lowing sections, therefore, examine how transportation-system dynamics and coupled PDN-TN
formulations extend grid-centric EVCS planning toward more realistic and deployment-relevant
infrastructure design.

2.3 Coordinated Planning of Charging Infrastructure and
Local Energy Resources

As EVCS deployment studies have matured, it has become increasingly evident that charging
infrastructure should not be planned independently from local energy resources. Concentrated
EV charging can intensify voltage fluctuations, increase peak loading, and raise network losses,
particularly under high EV penetration and time-varying charging behaviour. Although optimal
EVCS siting can reduce some of these impacts, siting alone is often insufficient when charging
demand emerges in electrically constrained areas. This has motivated a substantial body of
research on the coordinated planning of EVCSs with local energy resources, including BESSs,
PV units, wind generators (WGs), and voltage-support devices.

Renewable distributed generators, such as solar PV systems, WGs, and distribution static
VAr compensators (DSTATCOMs), have been widely considered supporting technologies to re-
duce the grid impact of EVCS integration [22, 23]. However, a high reliance on non-dispatchable
renewable generation can introduce operational uncertainty, as renewable output is intermittent
and only partially aligned with charging demand [24]. This has led to increasing emphasis on
dispatchable flexibility resources, particularly BESSs, which can buffer renewable variability
while supporting EV charging demand and network voltage performance [25].

BESSs are widely recognised as effective assets for enhancing the operational value of dis-
tributed generation and improving distribution-network performance [26, 27, 28, 29, 30, 31].
They can provide local peak shaving, energy shifting, ride-through capability, voltage support,
and energy arbitrage, while also mitigating the intermittency of RESs [32]. In EVCS plan-
ning contexts, this makes BESSs particularly valuable because they can reduce the mismatch
between temporally concentrated charging demand and feeder-level network constraints. As a
result, EVCS infrastructure is increasingly treated not only as an additional demand source but
also as part of a coordinated local energy system whose performance depends on the interaction
among charging facilities, storage assets, renewable generation, and operational control.

15



Chapter 2

A significant portion of the literature, therefore, formulates joint planning problems in which
EVCSs and supporting energy resources are optimised simultaneously. These frameworks com-
monly consider technical and economic objectives such as minimising power loss, reducing VD,
improving voltage stability, and limiting installation and operational costs. Single-objective and
multi-objective optimisation approaches have been used to determine the optimal locations and
capacities of EVCSs, BESSs, PV units, and other supporting assets within distribution networks
[7, 25, 26, 27, 28, 29, 30, 31]. Because these problems combine nonlinear power-flow equations,
discrete investment decisions, and time-dependent operating constraints, they are typically NP-
hard combinatorial optimisation problems. Consequently, metaheuristic algorithms, RL-based
methods, and hybrid optimisation frameworks have been widely adopted to improve tractability
and search performance.

Several representative studies demonstrate the benefits of coordinated EVCS-BESS and
EVCS-DER planning. Adetunji et al. [7] proposed a multi-objective framework for the opti-
mal placement of distributed generation and BESS using a hybrid combination of the Genetic
Algorithm (GA), Whale Optimisation Algorithm (WOA), and RL. Deb et al. [33] introduced a
hybrid optimisation method that combines Chicken Swarm Optimisation (CSO) and Teaching-
Learning-Based Optimisation (TLBO) to improve grid stability and allocate charging stations
in the IEEE 33-bus distribution network. Other studies have incorporated time-varying load
profiles, renewable coordination, investment-cost modelling, and uncertainty treatment in joint
EVCS-BESS planning frameworks [34, 35, 36, 37]. Collectively, these works show that coor-
dinated planning can improve hosting capacity, reduce technical stress, and limit the need for
conservative network reinforcement compared with EVCS-only deployment.

However, important limitations remain. Many studies size and locate BESS units using
maximum or worst-case EVCS demand assumptions. Although this can ensure conservative
network operation, it may lead to oversized storage assets and inflated investment requirements
because peak charging demand typically occurs only during limited periods of the day [38].
Similarly, several frameworks either simplify existing DER behaviour or neglect interactions
among EVCS demand, household net demand, and behind-the-meter PV generation. These
simplifications reduce planning models’ ability to reflect realistic distribution-network operating
conditions.

To improve realism, more recent studies have incorporated data-driven demand modelling,
smart-meter measurements, household net-demand profiles, and expected daily EVCS demand
patterns. These inputs enable more representative 24-hour planning studies and allow planners
to evaluate how excess daytime renewable generation may be shifted through BESS operation
to support evening or nighttime EV charging. Some studies have also introduced real-time
distributed BESS control strategies that adjust charging or discharging actions in response to
deviations from planned demand profiles. This represents an important transition from static
asset-planning models toward joint planning-and-operation frameworks.

Nevertheless, even these enhanced EVCS-DER coordination models often retain a funda-
mental dependency on externally imposed charging demand. Time-varying profiles improve
temporal realism, but they do not necessarily explain why charging demand appears at par-
ticular locations or how it changes with travel behaviour, accessibility, congestion, or queueing
conditions. Therefore, coordinated EVCS-DER planning remains conditionally optimal: its
outcomes are valid under assumed demand scenarios, but not necessarily under behaviourally
consistent mobility-driven demand formation.

This limitation defines the boundary of PDN-centred EVCS planning. Coordinating EVCSs
with BESSs and other DERs improves electrical feasibility and operational flexibility, but it does
not fully resolve the spatial origin of charging demand. For deployment-oriented infrastructure
planning, the next modelling step is to connect charging demand to the transportation system
that generates it. To consolidate this first layer of the literature, Table 2.1 summarises represen-
tative studies on EVCS planning in distribution networks and coordinated EVCS-BESS/DER
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deployment. Rather than listing studies descriptively, the table highlights their methodological
contributions and the limitations most relevant to integrated EVCS infrastructure planning.
This observation motivates the next stage of the literature review. Beyond coordinated plan-
ning within the electrical domain, realistic EVCS deployment also depends on transportation-
system conditions that influence station attractiveness, service accessibility, and demand distri-
bution across space and time. The following section, therefore, examines how transportation-
system factors shape charging infrastructure planning and why their integration is essential for
moving from grid-centric design toward coupled power—transportation planning frameworks.
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2.4 Transport-System Influences on Charging Infrastructure
Deployment

While early studies on EV charging infrastructure planning primarily focused on electrical feasi-
bility within distribution networks, the demand for EV charging services is fundamentally driven
by mobility patterns within transportation systems. In practice, EV users require charging fa-
cilities that are spatially accessible along their travel routes and temporally aligned with travel
demand. Consequently, EVCS deployment must account not only for electrical constraints but
also for transportation-related factors that affect how frequently and efficiently charging infras-
tructure is used.

One of the most influential transportation factors affecting EVCS planning is spatial ac-
cessibility. Charging stations that appear optimal from a purely electrical perspective may still
perform poorly if they are not conveniently accessible to EV users within the TN. Accessibility is
therefore commonly evaluated in terms of travel distance, travel time, or Generalised travel cost
required for EV drivers to reach charging facilities. Studies have shown that inadequate spatial
distribution of EVCSs can lead to increased travel detours, inefficient routing behaviour, and
uneven utilisation of charging infrastructure across urban regions. As a result, modern planning
frameworks increasingly incorporate accessibility metrics to ensure that charging stations are
deployed in locations that minimise user inconvenience while maintaining electrical feasibility.

Traffic dynamics represent another key determinant of charging demand patterns. Traffic
congestion, road capacity constraints, and route choice behaviour shape vehicle movement across
TNs and, in turn, influence the spatial distribution of potential charging demand. High-traffic
corridors, urban centres, and major intersections frequently experience concentrated EV charg-
ing demand because of the high density of passing vehicles. Ignoring such traffic dynamics may
lead to infrastructure deployment strategies that underestimate or misallocate charging demand
across candidate locations. Consequently, several studies have incorporated traffic flow models
and origin—destination (OD) travel data to more realistically estimate spatially distributed EV
charging demand.

Queueing behaviour at charging stations also plays an important role in transportation-
aware EVCS planning. As EV adoption increases, charging stations in high-demand areas
may experience congestion and longer wait times, particularly during peak travel periods. Long
queues at charging facilities can reduce service quality, discourage EV adoption, and increase the
effective travel cost experienced by EV drivers. To address this issue, queueing models have been
incorporated into EVCS planning frameworks to capture interactions among charging demand,
service capacity, and waiting time. These models enable planners to evaluate not only where
to locate charging stations but also how many chargers to install to maintain acceptable service
levels.

Beyond these individual factors, transportation systems introduce significant temporal vari-
ability into EV charging demand. Travel behaviour fluctuates throughout the day according to
commuting patterns, commercial activity, and broader urban mobility dynamics. Consequently,
EV charging demand often exhibits pronounced temporal peaks that interact with traffic con-
gestion patterns and road network usage. Planning models that incorporate time-varying traffic
demand can therefore provide a more accurate representation of charging infrastructure utilisa-
tion compared with models based on static demand assumptions.

Despite these advances, many EVCS planning studies still represent transportation factors
in simplified ways. In numerous models, traffic demand is approximated using aggregated EV
penetration levels or simplified spatial demand distributions rather than detailed TN representa-
tions. Such simplifications may fail to capture the complex interactions among travel behaviour,
charging accessibility, and infrastructure utilisation. As EV adoption continues to grow, these
limitations highlight the need for more comprehensive planning approaches that explicitly inte-
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grate both electrical and transportation systems.

Recognising this challenge, recent research has increasingly explored integrated planning
frameworks that combine TNs with power distribution systems in EVCS planning models. By
jointly considering traffic flow patterns, accessibility constraints, and electrical network lim-
itations, these frameworks aim to more accurately represent the operational environment in
which EV charging infrastructure operates. The next section, therefore, reviews the emerging
literature on coupled power—transportation planning approaches and discusses how integrated
infrastructure models can improve the effectiveness and realism of EVCS deployment strategies.

2.5 Coupled Power—Transportation Planning

The rapid electrification of urban mobility is fundamentally reshaping the interaction between
TNs and PDNs. Unlike conventional electrical loads, EV charging demand exhibits strong spatial
and temporal variability driven by route choices, charging accessibility, and heterogeneous travel
behaviours. As EV adoption increases, charging activities translate transportation dynamics
into geographically concentrated and time-varying electrical stress on distribution feeders. At
the same time, congestion and routing responses within transportation systems can redistribute
charging demand across space and time. Consequently, EV charging infrastructure planning
can no longer be treated within a single-network paradigm; rather, it must be formulated as a
coupled power—transportation system problem in which transportation equilibrium and electrical
feasibility are jointly considered [2, 3, 4].

Coupled PDN-TN planning enables a more realistic assessment of EVCS deployment by
explicitly linking traffic flows with spatially resolved grid constraints. Such coordination mit-
igates the risks that arise when mobility attractiveness and electrical viability are assessed in
isolation, including congestion-induced demand shifts, localised grid overload, and inefficient in-
frastructure investment [2, 17]. From a planning perspective, charging infrastructure introduces
a strong interdependency between transportation systems and PDNs. Charging demand is de-
termined by traffic flow patterns, driver behaviour, and urban mobility dynamics, both spatially
and temporally, whereas the capacity to serve that demand depends on feeder limits, voltage
constraints, and the availability of supporting flexible resources.

Accordingly, recent research has increasingly adopted integrated frameworks that simulta-
neously consider both transportation and electrical perspectives. In these coordinated planning
approaches, traffic flows are used to estimate spatial charging demand, which is then evalu-
ated against the PDN’s operational limits. For example, Gan et al. [19] applied Mixed-Integer
Quadratically Constrained Programming (MIQCP) to determine optimal EVCS locations based
on traffic flow while minimising power loss. Similarly, Saadati et al. [39] integrated uncertainty in
renewable energy and traffic deviation paths into a Mixed-Integer Linear Programming (MILP)
framework to determine the optimal deployment of charging infrastructure. Campana and Inga
[40] addressed the strategic deployment of fast-charging stations by integrating traffic conditions
into PDN sizing, while Hou et al. [20] applied a heuristic method to optimise EVCS placement
while balancing PDN loading.

Such integrated PDN-TN frameworks aim to align the objectives of multiple stakeholders,
including EV drivers, charging infrastructure operators, and power network managers. From
the PDN perspective, planning models typically focus on minimising power loss, VD, and in-
vestment cost while ensuring secure grid operation. From the TN perspective, the objective is
to distribute charging demand efficiently across the TN, reduce congestion, and improve acces-
sibility. Consequently, multi-objective optimisation approaches have become widely adopted in
the literature to capture these competing objectives within a unified framework [9].

Despite these advances, the relationship between infrastructure planning and operational
decision-making remains structurally uneven across much of the literature. Many studies do not
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explicitly distinguish between planning-layer decisions and operation-layer decisions within co-
ordinated PDN-TN frameworks. Planning-layer decisions are long-horizon, largely irreversible
choices, such as EVCS siting, capacity sizing, and phased expansion. In contrast, operation-layer
decisions involve short-horizon, adaptive actions, including charging control, V2G scheduling,
storage dispatch, pricing, and routing. Without a clear decision hierarchy, cross-study compar-
isons become structurally inconsistent: some works assume fixed infrastructure and optimise
only operations, while others address siting under simplified or exogenous operational assump-
tions. This ambiguity obscures how transportation-driven demand is translated into grid-feasible
infrastructure decisions and limits the practical interpretability of the literature for deployment-
oriented planning.

More importantly, the absence of an explicit hierarchy prevents the formulation of consistent
objective functions across planning and operation layers, leading to implicit assumptions about
user response, charging behaviour, and system controllability. This ambiguity directly affects
the interpretability and transferability of planning results.

Several additional limitations remain. Many frameworks focus primarily on the objectives of
EV drivers or EVCS investors while giving limited attention to the operational requirements of
distribution network operators. For example, some studies consider travel distance and charg-
ing costs without explicitly addressing VD or power loss constraints [10, 41, 42]. Conversely,
grid-focused approaches may incorporate detailed power system constraints while representing
transportation demand through simplified traffic assumptions. As a result, relatively few stud-
ies fully capture the interactions among EV drivers, infrastructure operators, and power system
operators within a unified planning framework.

Another important limitation concerns the treatment of dynamic charging demand and travel
behaviour. Several studies still rely on simplified assumptions regarding EV penetration levels,
static demand distributions, or randomly generated charging patterns, which can lead to unreal-
istic infrastructure planning outcomes. In practice, EV charging demand is strongly influenced
by traffic congestion, route-choice behaviour, travel schedules, and drivers’ charging preferences.
Ignoring these behavioural dynamics may lead to inaccurate demand estimates and suboptimal
EVCS placement.

To make these differences more explicit, Table 2.2 summarises representative studies on
coordinated PDN-TN EVCS planning. The table highlights not only the diversity of methods
and objectives reported in the literature, but also the recurring gap between transportation-
aware service modelling and PDN-aware technical feasibility.

Overall, coupled PDN-TN planning represents a decisive advance beyond single-domain
EVCS planning. However, the literature still requires stronger integration of realistic traffic
dynamics, clearer separation between planning and operational decision layers, greater use of
real-world data, and more explicit consideration of flexibility-aware infrastructure design. These
unresolved issues motivate the next sections, which examine the role of data-driven planning,
V2G participation, and market-enabled flexibility in advancing EVCS allocation frameworks
beyond conventional coupled formulations.
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2.6 Data-Driven Approaches for EV Charging Infrastructure
Allocation

Accurate representation of EV charging demand is a fundamental prerequisite for effective EVCS
planning. Early research in this area often relied on simplifying assumptions, such as uniform
EV penetration levels, aggregated charging profiles, or randomly generated charging events, to
represent EV demand. Although these assumptions simplify modelling and reduce computa-
tional complexity, they fail to capture the highly dynamic and spatially heterogeneous nature of
EV charging behaviour. In reality, charging demand emerges from complex interactions among
travel behaviour, traffic conditions, electricity consumption patterns, and user charging prefer-
ences. Consequently, planning frameworks that rely solely on simplified demand assumptions
may lead to infrastructure deployment strategies that do not accurately reflect real-world charg-
ing requirements.

To address these limitations, recent studies have increasingly adopted data-driven approaches
for EVCS planning. Data-driven methodologies leverage real-world datasets to estimate EV
charging demand more accurately and to better represent the operational environment in which
charging infrastructure is deployed. These datasets may include traffic low measurements,
origin—destination (OD) travel data, charging station utilisation records, smart meter electric-
ity consumption data, and renewable generation profiles. By incorporating such datasets into
planning models, researchers can capture the spatial and temporal variability of EV charging
demand and significantly improve the realism of EVCS deployment strategies.

Transportation-related datasets play a particularly important role in data-driven EVCS plan-
ning frameworks. Traffic flow information and OD travel patterns provide valuable insights into
vehicle mobility across TNs and enable planners to estimate where EV charging demand is
most likely to occur. Similarly, queueing-aware and accessibility-aware demand representations
improve the spatial accuracy of charging demand estimation compared with simplified demand
assumptions. These approaches demonstrate that mobility data can substantially enhance the
realism of EVCS planning, particularly in metropolitan areas where traffic concentration and
urban accessibility strongly shape charging demand patterns.

Another important data source for EVCS planning is smart meter data obtained from elec-
tricity consumers. Smart meters provide high-resolution measurements of electricity consump-
tion over time and can therefore be used to estimate the net demand profiles of households
and buildings connected to distribution networks. Incorporating smart meter data into EVCS
planning models allows researchers to evaluate how EV charging demand interacts with existing
electricity consumption patterns in the grid. In particular, such information can help identify
periods when surplus renewable generation may be available to support EV charging demand,
thereby enabling more efficient use of distributed energy resources.

Data-driven approaches also enable a more accurate representation of temporal charging
dynamics. EV charging demand typically exhibits strong daily and seasonal variations driven
by commuting patterns, workplace mobility, and residential charging behaviour. By constructing
time-dependent charging demand profiles from real-world observations, data-driven models can
capture temporal fluctuations and evaluate how demand evolves throughout the day. This
capability is particularly important for integrated energy and mobility systems, where charging
demand must be coordinated with grid operational constraints and the availability of renewable
generation.

At a broader methodological level, these approaches differ not only in algorithmic structure
but in how they treat uncertainty, feedback, and decision coupling. Forecast-then-Optimise
(FTO) frameworks remain sensitive to prediction errors due to their sequential nature, while
Learn-to-Optimise (LTO) approaches improve adaptivity at the cost of reduced interpretability.

More critically, most paradigms still lack endogenous feedback between mobility behaviour
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and infrastructure decisions. Even in advanced frameworks such as POL and BLO, behavioural
responses are often approximated rather than structurally embedded, limiting their ability to
model real-world system adaptation.

Despite the advantages of data-driven planning frameworks, several challenges remain in
their practical implementation. Data availability and accessibility can vary significantly across
regions, and privacy considerations may restrict the use of detailed mobility or electricity con-
sumption datasets. Furthermore, integrating heterogeneous datasets, such as transportation
flows, electricity demand profiles, and renewable generation data, requires sophisticated mod-
elling techniques and substantial computational resources. These challenges highlight the need
for robust data processing and integration frameworks that can combine multiple data sources
into unified EVCS planning models.

Nevertheless, the rapid expansion of urban mobility datasets, smart grid measurements,
and charging infrastructure records has significantly accelerated the development of data-driven
EVCS planning methodologies. By enabling infrastructure planning models better to repre-
sent real-world interactions between transportation systems and PDNs, these approaches have
emerged as a critical research direction for designing reliable, data-informed, and deployment-
relevant EV charging ecosystems.

Building on these developments, recent research has begun to explore advanced planning
frameworks that integrate data-driven demand estimation with emerging technologies, such as
bidirectional charging and V2G participation [47, 48, 49, 50, 51, 52]. These approaches aim to
transform EV charging infrastructure from passive electricity-consumption facilities into active
components of future integrated energy—mobility systems that provide operational flexibility and
support grid stability. The following section, therefore, examines how V2G-enabled charging
infrastructure can enhance system flexibility and unlock additional operational value within
coupled power-TNs.

2.7 Impact of Bidirectional Charging on EV Charging
Infrastructure Planning

V2G technology has emerged as a transformative concept in the evolution of electric mobility
and smart energy systems. Unlike conventional unidirectional charging, where EVs act solely
as electricity consumers, V2G enables bidirectional power exchange between EV batteries and
the power grid. With a bidirectional charging infrastructure, EVs can store electricity during
periods of low demand or high renewable generation and discharge energy back to the grid when
additional support is needed. This capability enables EV fleets to serve as distributed energy
storage resources, enhancing grid flexibility and supporting power system stability.

From a power system perspective, V2G participation provides several operational benefits.
Bidirectional charging enables EV batteries to contribute to peak shaving, voltage support,
frequency regulation, and energy balancing within distribution networks. By allowing EVs to
discharge energy during peak-demand periods, V2G strategies can reduce network congestion
and mitigate VDs resulting from concentrated charging demand. Furthermore, coordinated
V2G operation can increase the hosting capacity of distribution networks by smoothing demand
fluctuations and improving the utilisation of distributed renewable energy resources [47, 48, 49].

Another important advantage of V2G technology is its potential to facilitate the integration
of renewable energy. The variability and intermittency of renewable generation, particularly from
solar PV and wind, pose operational challenges for power systems. EV batteries participating in
V2G programs can absorb excess renewable generation during periods of high output and release
stored energy when renewable production declines. This capability helps reduce renewable
curtailment and improves the overall efficiency of energy utilisation in smart grids [50, 51].
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Beyond these technical benefits, V2G participation also creates new economic opportunities
for EV owners and grid operators. Bidirectional charging allows EVs to participate in electricity
markets by providing ancillary services, demand response, and energy trading. Through coordi-
nated aggregation strategies, fleets of EVs can offer flexibility services to grid operators, thereby
generating additional revenue streams while supporting system reliability. Several studies have
therefore investigated optimal V2G scheduling strategies that maximise economic benefits while
respecting battery degradation constraints and user mobility requirements [52].

In the context of EVCS planning, incorporating V2G capabilities fundamentally changes
the role of charging infrastructure within energy systems. Conventional EVCS planning models
typically treat charging stations as passive load centres that increase electricity demand within
PDNs. When V2G participation is considered, however, charging stations become active energy
hubs capable of both consuming and supplying electricity. This transformation introduces addi-
tional operational flexibility into infrastructure planning and enables more advanced strategies
for managing EV charging demand.

Recent research has therefore explored integrated planning frameworks that incorporate
V2G participation into EVCS allocation models. These frameworks aim to jointly determine
the optimal placement of charging infrastructure and the operational strategies for bidirectional
charging while accounting for transportation demand, power network constraints, and user be-
haviour. Within such models, EV batteries are treated as distributed storage resources, with
their charging and discharging decisions coordinated to improve overall system performance.

Despite the promising potential of V2G technology, several challenges remain in its large-
scale deployment. Battery degradation concerns, charging infrastructure costs, communication
requirements, and uncertainties in user participation may limit the practical adoption of bidi-
rectional charging systems. In addition, effective V2G operation requires advanced coordination
mechanisms that balance the interests of EV drivers, charging infrastructure operators, and
power system operators.

An additional limitation in the literature is that technical V2G capability is often assumed
rather than modelled behaviourally and spatially. In practice, not all EV users are equally willing
to participate in V2G programs, not all locations offer the same opportunities for bidirectional
energy exchange, and not all V2G-capable charging stations provide the same level of practical
flexibility. Consequently, V2G-enabled infrastructure should not be evaluated solely based on
hardware availability. It must also be assessed in relation to the likelihood of participation, site
characteristics, temporal availability, and operational coordination mechanisms.

For this reason, more recent studies have moved beyond static V2G assumptions and begun to
examine user willingness, access radius, heterogeneity in participation, and integrated G2V /V2G
planning [44, 50, 49, 48]. These developments are particularly relevant to this thesis, as they
highlight a richer interpretation of EVCS planning in which bidirectional charging is not merely
an operational add-on but a structural determinant of siting value, hosting capacity, and long-
term system flexibility.

To summarise the V2G-related branch of the literature within the broader coupled-planning
context, Table 2.3 lists representative studies that explicitly consider V2G, behaviour, or bidi-
rectional charging in EVCS planning.

25



Chapter 2

“RJep [BINOIARYSY SAISUI)XD soambal 91 ySnot

INOTARYRC Uewny SULIDPISUO)) -7,

‘Suruue[d Hg A oIeme-Inolaeyaq plemoj dojs sjqenyes y ASoroutay HgA Surjerodioour -7 ‘g SurmurerSord o1serp0ls (7]
31y axe Ayxordurod SUI[OPOJN puUe sjuewaImbal vyep jnq sjureI)suod [euorjerado N(J SUIAJsieS -z
‘UOT)R[NULIOJOI I93Je JUSIOIJo PUe SNOIOFLI A[[eIISO[OPOYIDIN 1500 Jou pozi[enuue SUISIWIUIW -T T ‘G uotryesturyd() easTrg  [¢F]
‘uoryeuaseidar Aiqises]-Nqd poywl] yym ng  Suronid £3101190070 (N (,],) osn-jo-awr) Surjeideu] -g V5 popoo-Teal
‘OZA Pue O 03 osuodsal 1osn Jo oouriioduil o) SMOYS $9500 Teuorjerodo pue [eomuyOe) SulstwuI -1 7 ‘g oIess [o[reIRd  [g¢]
‘YeoM UTRTIOI WISI[RAI INOIARYD(-IOSN PUR DRI} Ing osuodsol purwOp pue Ajurelreoun Jurperodioouf -g uoryendodg-T1)NN
‘morsnoul HZ A pue AJureIedun paseq-oLreusds [Nyas) s3s0d uoljerado/juamiseaul SHAH ‘O Susiuruiu -1 T ‘S aarydepy-Jjog pue v [1¢]
‘ISA PU® (JA Se Uons SoLewl N(Id 9109 [RISADS SHUIO JNq 1goxd jou JulstwuIxew -g urremg opnIed uolpsoddQ
‘p10ddns 103100ded pue Hg A seinjde)) $9500 uorjeIodo pue UOIYR[[RISUT SUISTWIUTUL -T T PorySop) ueIssner)  [67]
“POWI] UTRWDI AYDIRISTY [RUOI)RIOdO PUR SSOUPDLI 0A1)0a[q0 N(IJ 1] wnLqImbs 1esn Iopun 3soo [pARI) SUISTWIUT -7, Surmrre1301d IROUI[UON
‘yuomrudIsse Olel} pur Hg A JO UOIRIZoUl FUOI}S $1500 [eUONRISdO PUR JUSUIISOAUT SUISTWIUIW -T T ‘G 19809uT-poxIIN  [8F]
JuouIjeaI) [SA I0 ‘(JA ‘SUI[OPOIN dIel) Po[IeIopP INOYIIM INg sso[ Tomod Sursrururu -g
‘uoryerdequr HZ A Jo onjea rerjuejod oY) So)RIISI{[] sso[ A31oue uoryejrodsurI) A SUISTWIIUIU -] 1 tesTryd() Jlop\ £015)  [LF]
suo) pue soig suorjounyg aaafqQO I‘s PoUIeIN ‘JoH

“(uoryenor T {8urzs :§) SUISIRYD [RUOIPIAIIPI( I0 ‘INOIARYD( Iosn ‘N7 A Surjeiodioour serpnjs Suruueid §HAH oA1peIuasardoy :¢'g 9[qRL,

26



Chapter 2

Overall, the V2G literature clearly demonstrates that bidirectional charging can substantially
increase the technical and economic value of EVCS infrastructure. However, this value can
only be fully realised when participation behaviour, spatial deployment characteristics, and
coordinated operational strategies are considered together. These observations naturally raise
the next question: how should the flexibility provided by V2G-enabled EV fleets be activated,
coordinated, and valued within market-oriented energy systems?

2.8 EV Charging Infrastructure as a Market-Enabled
Flexibility Resource

The rapid electrification of transportation systems has introduced a new class of flexible energy
resources into modern power systems. EVs equipped with bidirectional charging capabilities can
provide a wide range of flexibility services that support the operation of power networks. When
aggregated across large fleets, EV batteries can serve as distributed energy storage resources that
adjust charging and discharging behaviour in response to system conditions. This capability
allows EV charging infrastructure to contribute not only to transportation electrification but
also to providing flexibility services that enhance the efficiency and stability of future smart
energy systems.

Flexibility provision refers to the ability of energy resources to adjust their power consump-
tion or generation in response to system needs. In power systems with high penetration of
renewable energy, flexibility has become increasingly critical for maintaining the balance be-
tween electricity supply and demand. Variability in renewable generation from solar PV and
wind resources introduces operational fluctuations that must be compensated through flexible
resources. EV batteries participating in coordinated charging programs can absorb surplus
generation during periods of high renewable output and reduce charging demand during peak
system conditions, thereby contributing to demand-side flexibility and grid balancing.

From an infrastructure perspective, EV charging stations represent strategic nodes through
which aggregated EV fleets can provide grid services. Charging infrastructure operators can
coordinate the charging behaviour of connected EVs to deliver services such as peak shaving,
load shifting, and voltage support within distribution networks. By modulating charging demand
in response to grid conditions, EVCS operators can reduce congestion in distribution feeders
and improve the overall operational reliability of local power systems. Several studies have
demonstrated that coordinated EV charging and discharging strategies can significantly improve
distribution network performance while maintaining acceptable levels of user convenience [47,
48, 49).

Beyond technical grid support, EV fleet flexibility services can also participate in electricity
markets. Market-enabled energy services allow aggregated EV resources to provide ancillary
services, such as frequency regulation, contingency reserve, and demand response. Through
appropriate aggregation mechanisms, EV fleets can respond to market price signals and de-
liver energy services that support system balancing while generating economic value for EV
owners and infrastructure operators. These market-based mechanisms transform EV charging
infrastructure from passive electricity consumers into active participants in electricity markets.

The integration of EV flexibility into electricity markets requires sophisticated coordination
frameworks capable of managing large numbers of distributed resources. Aggregators play a
central role in this process by coordinating the charging behaviour of multiple EVs and interact-
ing with electricity markets on behalf of EV owners. Through aggregation platforms, EV fleets
can provide flexible energy services while respecting operational constraints, including battery
degradation limits, mobility requirements, and user charging preferences [48, 50, 51].

From a planning perspective, the introduction of market and pricing mechanisms moves
EVCS design beyond purely static engineering formulations. Time-of-use tariffs, locational
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pricing, ancillary-service participation, and incentive-based charging strategies can all reshape
where flexibility becomes valuable and which charging locations are economically attractive.
However, market participation is not equivalent to technical capability. A charging station may
be technically V2G-ready yet provide limited practical flexibility due to low user participation,
poor temporal alignment, insufficient aggregation, or inadequate communication and control
infrastructure. This distinction is particularly important for infrastructure planning, where the
objective is not simply to quantify nominal flexibility but to identify deployable, economically
realisable flexibility.

Recent research has therefore explored integrated planning frameworks that simultaneously
consider EVCS deployment, power network constraints, transportation demand, and market
participation mechanisms. These frameworks aim to determine how charging infrastructure
should be located and operated to maximise both system reliability and economic value. Within
such models, EV batteries are treated as distributed flexibility assets, with their charging and
discharging decisions optimised across both energy and transportation systems.

Despite the promising potential of market-enabled flexibility services, several challenges re-
main in their practical implementation. Effective participation in electricity markets requires
reliable communication infrastructure, advanced control strategies, and regulatory frameworks
that allow distributed energy resources to provide market services. In addition, uncertainty
in EV availability, user mobility behaviour, and charging preferences adds complexity to flex-
ibility provision models. These uncertainties highlight the need for robust optimisation and
coordination strategies to manage large EV fleets under uncertain operating conditions.

Nevertheless, the increasing penetration of EVs and the growing need for flexibility in
renewable-dominated power systems have significantly intensified interest in EV-based flexi-
bility services. As energy systems transition toward decentralised and digitally coordinated
architectures, EV charging infrastructure is expected to play an increasingly important role
in supporting both grid stability and electricity market operation. The remaining question
is, therefore, methodological: which planning approaches can integrate transportation dynam-
ics, power network constraints, data-driven demand estimation, and flexibility-oriented market
participation into practical, deployable EVCS infrastructure decisions?

2.9 Methodological Approaches for Infrastructure Planning

Planning EV charging infrastructure within modern energy—mobility ecosystems has evolved
into a complex multidisciplinary optimisation problem. Effective EVCS deployment requires
simultaneous consideration of electrical constraints in PDNs, mobility dynamics in TNs, user
behaviour, and economic objectives. As a result, planning frameworks increasingly rely on ad-
vanced computational methodologies to solve large-scale, nonlinear, and multi-objective decision
problems.

Early studies in EVCS infrastructure planning primarily relied on deterministic mathemat-
ical optimisation approaches. In these formulations, EVCS siting and sizing are typically ex-
pressed using MILP, Mixed-Integer Quadratically Constrained Programming (MIQCP), or re-
lated convex optimisation frameworks. For example, Gan et al. [19] applied MIQCP to determine
optimal charging-station locations while accounting for traffic-flow constraints. Similarly, Saa-
dati et al. [39] addressed the joint optimisation of fast-charging station deployment and renew-
able energy integration using a capacitated deviation-flow refuelling-location model combined
with MILP formulations. Such analytical approaches provide strong mathematical guarantees
and clear interpretability; however, they often struggle to scale when nonlinear grid dynamics,
stochastic demand patterns, and high-dimensional decision spaces are incorporated.

To address the computational complexity of EVCS planning, researchers have increasingly
adopted metaheuristic optimisation techniques. These algorithms are particularly well-suited
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to solving large-scale NP-hard combinatorial problems, such as the optimal siting and sizing
of EVCS and BESS assets. Metaheuristic approaches, including GAs, Particle Swarm Optimi-
sation (PSO), Grey Wolf Optimisation (GWO), and other swarm intelligence methods, have
therefore been widely applied in the literature. For instance, GWO has been used to simulta-
neously minimise EV transportation energy loss and power loss in distribution networks [47].
Yuvaraj et al. [29] employed a Slime Mould Algorithm to reduce network power losses in systems
with EVCS integration. Other studies have proposed hybrid swarm intelligence approaches to
improve convergence efficiency and mitigate premature convergence issues. Deb et al. [33], for
example, introduced a hybrid algorithm combining Chicken Swarm Optimisation (CSO) and
Teaching-Learning-Based Optimisation (TLBO) within a multi-objective framework to enhance
grid stability while allocating charging stations in the IEEE 33-bus network.

Despite their flexibility, metaheuristic approaches typically rely on predefined models of
charging demand and user behaviour. Because EV charging demand is highly stochastic and
strongly influenced by traffic dynamics, recent research has increasingly explored learning-based
methodologies that capture complex behavioural patterns and system interactions. RL algo-
rithms, in particular, have emerged as powerful tools for EV charging planning and operational
control. Ding et al. [53] proposed a Deep Deterministic Policy Gradient (DDPG) framework in
which two-layer agents coordinate EV charging scheduling and voltage regulation in distribu-
tion networks. Similarly, Zhao et al. [54] introduced a multi-agent deep RL framework based
on MADDPG to recommend optimal charging stations in multi-regional urban environments.
Learning-based methods enable infrastructure planning frameworks to adapt dynamically to
traffic conditions, charging demand variability, and grid states, which is particularly valuable in
coupled PDN-TN environments.

Recognising the complementary strengths of optimisation and learning approaches, recent
studies have increasingly explored hybrid methodologies. Hybrid frameworks aim to combine the
strong search capabilities and constraint-handling of optimisation algorithms with the adaptive
learning capabilities of data-driven models. For example, Adetunji et al. [7] proposed a hybrid
framework that combines GA, the Whale Optimisation Algorithm (WOA), and RL to determine
the optimal placement of distributed generation units and BESS assets in distribution networks.
Other integrated frameworks combine evolutionary optimisation with deep RL to jointly address
infrastructure planning and operational decision-making.

At a broader methodological level, the recent review literature indicates that EVCS plan-
ning approaches can be organised into several distinct planning paradigms, including FTO, LTO,
Graph-based Candidate Screening (GCS), Plan—Operate-Learn (POL), Bi-Level Optimisation
(BLO), and Simulation-Based Optimisation (SBO). These paradigms differ not only in the algo-
rithms employed but also in how they structure the interaction between prediction, optimisation,
simulation, and operational feedback. FTO separates forecasting and optimisation into sequen-
tial stages and remains attractive for its transparency and tractability, though it is vulnerable to
the propagation of forecast errors. LTO replaces repeated optimisation with learned policies that
enable rapid online inference but introduce challenges related to interpretability and dependence
on training data. GCS improves scalability by filtering large candidate sets before detailed op-
timisation, although it risks excluding globally optimal locations if screening criteria are overly
restrictive. POL establishes a closed loop between planning, operation, and learning, improving
adaptivity but requiring advanced sensing and control infrastructure. BLO captures hierar-
chical interactions between long-term planning decisions and short-term operational responses,
though it often leads to computationally demanding formulations. Finally, SBO provides high
modelling flexibility by coupling detailed simulators with optimisation algorithms, albeit at high
computational cost.

Because EVCS infrastructure planning involves multiple competing objectives, multi-
objective optimisation has become a central paradigm in the literature. Power system operators
typically aim to minimise power losses, VDs, and operational costs, while transportation plan-
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ners seek to minimise travel time, charging detours, and waiting times. Infrastructure investors,
meanwhile, prioritise profitability and service reliability. To address these conflicting objectives,
modern planning frameworks frequently employ Pareto-based optimisation techniques. Multi-
objective evolutionary algorithms such as NSGA-II and NSGA-III are widely used to approx-
imate Pareto-optimal solution sets, enabling planners to evaluate trade-offs among economic,
technical, and service-oriented objectives.

More recently, integrated planning frameworks have combined multi-objective optimisation
with data-driven modelling and traffic-aware demand estimation. These approaches incorporate
real-world datasets, such as smart meter measurements, renewable generation profiles, traffic
flows, and EV charging demand observations, to enhance the realism and practical relevance
of EVCS planning models. Overall, the methodological evolution of EVCS planning reflects a
transition from deterministic optimisation to hybrid, data-driven, and learning-enabled plan-
ning architectures that capture the complex interactions among power systems, TNs, EV user
behaviour, and electricity markets.

Building on these methodological advancements, this thesis presents an integrated planning
and operational framework that combines multi-objective optimisation, RL, and real-world data
integration. This hybrid methodology enables coordinated decision-making across coupled PDN
and TN environments, supporting efficient EVCS deployment while simultaneously addressing
grid stability, transportation efficiency, and emerging market-based flexibility mechanisms.

2.10 Knowledge Gaps and Design Requirements for Integrated
EVCS Planning

The preceding sections reviewed the major strands of EVCS planning research, including PDN-
oriented siting, coordination with local energy resources, transportation-aware deployment,
coupled PDN-TN modelling, data-driven demand estimation, bidirectional charging, market-
enabled flexibility, and methodological advances in optimisation, learning, and hybrid planning
strategies. Collectively, this literature shows that EV charging infrastructure has evolved from a
conventional location—allocation problem into a coupled energy—mobility infrastructure planning
problem. EVCS deployment must therefore support transport electrification while maintaining
distribution-network reliability, ensuring user accessibility, and enabling flexible energy services
under increasingly complex operational conditions.

The reviewed literature also reveals a clear methodological progression. Early EVCS plan-
ning studies primarily emphasised transport-side service coverage and facility allocation, while
later grid-aware formulations incorporated feeder constraints, voltage regulation, and power-
loss considerations. More recent coupled PDN-TN models have sought to link mobility-driven
demand formation to distribution-network feasibility, and emerging studies further extend this
coupling through data-driven demand modelling, BESS coordination, V2G participation, and
market-enabled flexibility. This progression confirms that the central challenge is no longer
the isolated placement of charging stations, but the design of a coordinated planning architec-
ture that links infrastructure decisions, mobility behaviour, grid constraints, and operational
flexibility.

Despite substantial progress, the review also shows that several structural limitations con-
tinue to restrict the relevance of existing EVCS planning frameworks for deployment.

First, many studies remain primarily grid-centric. EV charging demand is often represented
using aggregated load profiles, assumed penetration levels, or fixed charging scenarios without
explicitly linking demand to real mobility behaviour. Such approaches are useful for assessing
electrical feasibility, but they do not explain where, when, and why charging demand emerges
in transportation systems. Since EV charging demand is shaped by traffic flow, route choice,
accessibility, state of charge, service availability, and queueing conditions, treating it as an
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exogenous electrical input can produce infrastructure decisions that are technically feasible but
behaviourally misaligned.

Second, although recent studies increasingly recognise the need to couple PDNs and TN,
the degree of coupling often remains partial. Transportation information is often captured
using simplified indicators such as static traffic density, distance-based demand coverage, or
aggregated demand proxies. These abstractions may overlook the spatiotemporal interaction
between traffic flows, station accessibility, queueing, and the electrical stress imposed on specific
feeder locations. As a result, many coupled models still struggle to represent how mobility-side
dynamics reshape power-network impacts and how grid constraints, in turn, influence charging-
service accessibility.

Third, the use of real-world data remains uneven across the literature. Many EVCS plan-
ning studies rely on synthetic charging profiles, stylised traffic scenarios, or simplified electricity-
demand assumptions. While such models are analytically useful, they can limit the transfer-
ability of planning outcomes to practical deployment environments. Integrated infrastructure
planning requires empirical grounding through realistic representations of load, PV, traffic, and
charging demand so that the spatial and temporal variability of real urban systems can be
captured more credibly.

Fourth, most planning models still treat EVs primarily as passive and unidirectional electri-
cal loads. V2G technology challenges this assumption by enabling EVs to serve as distributed
flexibility resources that support peak-load management, voltage regulation, renewable inte-
gration, and energy-market services. However, the planning value of V2G depends on user
willingness, EV availability, battery state of charge, spatial location, incentives, and market
activation. Therefore, assuming uniform or fully available V2G participation can substantially
overestimate the flexibility that is practically realisable.

Fifth, market-oriented flexibility remains insufficiently embedded in EVCS infrastructure
planning. Aggregated EV fleets, BESS units, and bidirectional charging stations can potentially
participate in demand response, energy trading, and ancillary-service markets. Nevertheless,
most planning frameworks focus primarily on technical feasibility and network performance,
while the interaction between infrastructure placement, flexibility availability, and market-based
activation is treated only superficially or excluded altogether. This limits planning models’
ability to evaluate the practical economic value of flexibility-enabled charging infrastructure.

Sixth, a persistent separation remains between long-term infrastructure planning and short-
term operational coordination. EVCS siting and capacity decisions are often optimised indepen-
dently from operational strategies such as charging control, BESS dispatch, voltage regulation,
or V2G scheduling. Conversely, operational studies usually assume fixed infrastructure configu-
rations. This separation weakens the practical value of planning outcomes because real charging
behaviour and network conditions frequently deviate from nominal planning assumptions.

Finally, the literature still lacks a sufficiently clear decision structure for distinguishing
planning-layer variables from operational and market-mediated actions. Siting and sizing deci-
sions are long-term and largely irreversible, whereas BESS dispatch, charging control, routing,
pricing, and V2G activation are short-term adaptive decisions. When these layers are blended
without an explicit hierarchy, it becomes difficult to determine whether the observed bene-
fits stem from improved infrastructure placement, operational control, demand redistribution,
or market participation. This reduces the interpretability of planning results and limits their
usefulness for deployment-oriented decision-making.

Taken together, these gaps indicate that next-generation EVCS planning frameworks must
satisfy several design requirements. They must:

e represents EV charging demand as a mobility-driven and time-varying phenomenon rather
than as a static exogenous load;

e jointly evaluate electrical feasibility and transportation-side service performance;
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e coordinate EVCS deployment with local flexibility resources such as BESSs and renewable
generation;

e use realistic data inputs to improve the credibility and transferability of planning outcomes;

e distinguish between nominal V2G capability and behaviourally realisable V2G participa-
tion;

e account for market-enabled flexibility mechanisms where EVs and storage resources con-
tribute to system operation;

e connect long-term infrastructure decisions with operational control layers to ensure that
planned deployments remain feasible under real-time variability; and

e maintain a clear decision hierarchy between planning variables, operational controls, and
market-mediated flexibility actions.

These requirements motivate the central research direction of this thesis. The thesis develops
a progressively integrated, data-driven EVCS planning framework that moves from grid-aware
infrastructure planning to coupled power—transportation planning and finally to flexibility-aware
planning with V2G participation and market-driven activation. This progression is not merely
chronological; it reflects a sequence of modelling refinements that address the structural limita-
tions identified in the literature.

Based on the gaps and design requirements synthesised above, the thesis addresses the fol-
lowing research questions:

RQ1: How can EVCS and BESS infrastructure be jointly planned and operationally coordi-
nated in PDNs to mitigate voltage instability, reduce technical stress, and improve grid support
under time-varying charging demand?

RQ2: How should EV charging infrastructure be optimally planned in coupled power dis-
tribution and transportation networks when charging demand is shaped jointly by electrical
constraints, traffic flow dynamics, accessibility, travel cost, and queueing behaviour?

RQ3: How do V2G participation behaviour, heterogeneous user profiles, and market-driven
flexibility mechanisms affect the planning and operational value of EVCS and BESS infrastruc-
ture in coupled PDN-TN environments?

These research questions are deliberately sequential rather than independent. RQ1 estab-
lishes the planning—operation foundation within the electrical domain by coordinating EVCS
and BESS deployment under distribution-network constraints. RQ2 addresses the limitation
of grid-only planning by introducing mobility-driven charging demand and transportation-side
service quality into the planning framework. RQ3 then extends the coupled PDN-TN formula-
tion by modelling EVs not only as charging loads, but as conditional flexibility resources whose
contribution depends on behavioural participation and market activation.

This progression defines the thesis’s scientific contribution. At the first level, the thesis con-
tributes a coordinated EVCS-BESS planning and operation framework that links infrastructure
placement with adaptive BESS support. This addresses the limitation of planning models that
assume demand profiles are realised exactly during operation. By allowing BESS units to re-
spond to voltage deviations and demand variability, the framework connects long-term planning
with short-term operational support.

At the second level, the thesis contributes a coupled PDN-TN planning framework in which
charging demand is derived from transportation-system dynamics rather than imposed as a fixed
electrical input. By incorporating traffic-informed demand, travel cost, accessibility, and queue-
ing performance, the framework aligns grid feasibility with mobility-side service requirements.
It provides a more realistic basis for EVCS siting and sizing.
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At the third level, the thesis contributes a flexibility-aware EVCS planning framework that
explicitly models heterogeneous V2G participation and market-driven activation. This distin-
guishes between nominal V2G capacity and practically realisable flexibility, thereby reducing
the risk of overestimating EV contributions to grid support. It also clarifies how behavioural
and economic conditions influence the planning value of bidirectional charging infrastructure.

Across all three levels, the thesis is grounded in real-world Melbourne and Victoria datasets,
including traffic measurements, residential demand, PV generation, and charging-demand rep-
resentations. This empirical grounding strengthens the relevance of the proposed framework
for deployment and supports its interpretation as a decision-support approach for future urban
energy—mobility systems.

The research narrative that follows from these contributions is one of progressive enrichment.
The thesis begins by addressing the electrical-domain problem of EVCS and BESS coordina-
tion, then extends the planning boundary to include transportation-driven demand formation,
and finally introduces V2G-enabled flexibility and market participation. Each stage resolves a
limitation of the previous one: RQ1 links planning and operation, RQ2 links charging demand
to mobility behaviour, and RQ3 links infrastructure planning to the provision of conditional
flexibility. As a result, the thesis advances EVCS planning from static, grid-centred allocation
toward a coordinated, data-driven, and flexibility-aware infrastructure design paradigm.

The subsequent chapters implement this progression. Chapter 4 develops the coordinated
EVCS-BESS planning and operation framework for PDNs. Chapter 5 extends the formulation to
coupled PDN-TN planning using traffic-informed charging demand and real Melbourne mobility
data. Chapter 6 incorporates heterogeneous V2G participation, market-enabled flexibility, and
operational coordination. Through this structure, the thesis bridges the gap between theoretical
EVCS planning models and the practical requirements of deployable infrastructure planning in
integrated future energy—mobility systems.
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Chapter 3

Real-World Data and Experimental Design

This chapter establishes the unified data, modelling, and experimental foundation used through-
out the thesis. While Chapter 2 identified the literature gaps and design requirements for in-
tegrated EVCS planning, this chapter defines the empirical and computational environment in
which the proposed frameworks are developed, evaluated, and compared. Its role is therefore
not to introduce a new optimisation method, but to provide the common experimental backbone
that supports the progressively enriched planning studies in Chapters 4—6.

The chapter is constructed using real-world datasets from Melbourne and the broader Vic-
toria region, including residential smart-meter demand, rooftop PV generation, traffic measure-
ments, road infrastructure attributes, and public transport statistics [55, 56, 57, 58]. These
datasets represent both the electrical and mobility dimensions of EVCS planning. On the
electrical side, the data support time-varying load and PV modelling within modified IEEE
distribution feeders. On the mobility side, traffic and road network information are used to
construct transportation-driven representations of charging demand. This combination ensures
that EV charging demand is not treated merely as an externally imposed electrical profile, but
as a demand process linked to urban movement, accessibility, and service conditions.

A central purpose of this chapter is to ensure consistency across the thesis case studies. The
three main research stages differ in modelling scope: Chapter 4 focuses on grid-oriented EVCS—
BESS planning and operation, Chapter 5 extends the problem to coupled PDN-TN planning,
and Chapter 6 incorporates V2G participation and market-driven flexibility. Despite these
differences, all three stages rely on a common experimental logic based on a 24-hour horizon, 48
half-hour time intervals, real Victorian demand and PV data, traffic-informed construction of
charging demand, and common performance indicators. This consistency is essential because it
allows the thesis to evaluate the effect of increasing model realism without treating each research
chapter as a disconnected case study.

The modelling environment is designed to preserve the key structural dependencies between
mobility-driven demand formation and feeder-level electrical response. Transportation condi-
tions influence where and when charging demand emerges, while power distribution constraints
determine whether the resulting infrastructure deployment is technically feasible. Similarly,
BESS and V2G-related mechanisms are evaluated not as isolated add-ons, but as flexibility re-
sources whose value depends on their interaction with charging demand, local network stress,
and operational conditions. The resulting coupled modelling environment is summarised in
Fig. 3.1, which illustrates how transportation-driven demand formation is connected to feeder-
level technical evaluation within the thesis case-study structure.

In addition to defining the data environment, this chapter establishes the scenario struc-
ture, key performance indicators (KPIs), benchmark models, parameter settings, computational
implementation, and validity boundaries for subsequent chapters. The scenario design enables
cumulative comparison throughout the thesis by progressing from grid-oriented planning to
traffic-informed infrastructure deployment, and finally to flexibility-aware planning under hetero-
geneous V2G participation. The KPI structure ensures that each scenario is evaluated across grid
performance, transportation service quality, and infrastructure economics rather than through
a single isolated metric.

The remainder of the chapter is organised as follows. Section 3.1 defines the Mel-
bourne/Victoria case-study context, planning assumptions, and spatial-temporal scope. Sec-
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Figure 3.1: Conceptual representation of the coupled PDN-TN modelling environment used for
data-driven EV charging infrastructure planning.

tion 3.2 presents the electrical distribution-network representation and datasets. Section 3.3
describes the transportation-network model and mobility data processing. Section 3.4 develops
the traffic-informed charging-demand formulation. Section 3.5 defines the scenario structure,
evaluation metrics, benchmark models, and parameter calibration strategy. Finally, Section 3.6
discusses the computational implementation, reproducibility, and validity boundaries of the ex-
perimental framework.

3.1 Study Context and Assumptions

This section defines the common study context, spatial and temporal scope, and planning as-
sumptions that support all subsequent analyses in the thesis. Its purpose is to establish a
single, coherent experimental backbone so that the later chapters can focus on methodological
development and comparative interpretation without reintroducing case-specific assumptions.
The modelling environment is constructed to preserve the key structural dependencies be-
tween mobility-driven demand formation and feeder-level electrical response. This ensures that
charging demand is not imposed as an external input, but emerges from traffic dynamics and is
evaluated under explicit network feasibility constraints. Consequently, infrastructure decisions
derived within this environment remain consistent with both behavioural demand formation
and physical grid limitations. The resulting coupled modelling environment is summarised in
Fig. 3.1, which illustrates how transportation-driven demand formation is linked to feeder-level
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technical evaluation within the thesis case study structure.

3.1.1 Melbourne/Victoria Case Study

The case study adopted in this thesis is centred on Melbourne, Victoria, Australia. Melbourne
provides a particularly suitable environment for evaluating integrated EV infrastructure planning
because it combines dense urban mobility corridors, heterogeneous residential electricity demand
patterns, high rooftop PV penetration, and increasing EV adoption. These characteristics create
strong interactions between transportation activity and distribution network operations, making
the region a relevant testbed for coordinated planning of EVCS and BESS.

In such urban environments, poorly located charging infrastructure can simultaneously in-
tensify feeder loading, increase VD, exacerbate network losses, and reduce user accessibility by
increasing travel distance and queuing delays [9, 11]. This context introduces a constrained
planning environment in which infrastructure decisions must satisfy simultaneous feasibility
conditions across both network layers, rather than being optimised independently within each
domain.

Within this case-study environment, the modelling framework must preserve voltage security,
capture traffic flow and accessibility patterns, and remain compatible with the flexibility exten-
sions introduced later in the thesis, including heterogeneous V2G participation and market-based
activation mechanisms.

To construct this environment, the thesis integrates multiple real-world datasets on electrical
and transportation systems from Melbourne and Victoria. On the transportation side, traffic
measurements are obtained from VicRoads datasets and associated public resources, covering
60 major intersections and 95 roads that represent important urban travel corridors [55]. On
the electrical side, residential load and PV generation data are derived from smart-meter and
PV monitoring datasets collected across Victoria [58]. Additional geographic and infrastructure
datasets describing road attributes, lane numbers, traffic signals, weather conditions, proximity
to public transport, and regional EV statistics are obtained from public government data portals
[56, 57].

This multi-source dataset integration allows the thesis to move beyond abstract planning
assumptions and evaluate EV charging infrastructure deployment under realistic Australian ur-
ban conditions. Moreover, because the framework is calibrated using local traffic, electricity
demand, and mobility conditions, the resulting analyses provide insights directly relevant to
practical planning questions faced by utilities, charging network operators, and transport plan-
ners concerned with EV infrastructure deployment in Australian cities.

3.1.2 Spatial and Temporal Scope

The spatial scope of this thesis is defined through the coordinated representation of a PDN and,
where applicable, a TN. On the electrical side, the study employs modified IEEE distribution
feeders populated using real-world Victorian energy datasets. For grid-oriented planning inves-
tigations, the IEEE 33-bus and IEEE 123-bus systems are used to evaluate the behaviour of the
proposed framework across benchmark feeders with varying sizes and structural characteristics.

In the coupled PDN-TN studies, the modified IEEE 33-bus feeder is integrated with a
Melbourne-based TN. The TN is represented as a graph in which nodes correspond to major
intersections and links represent impedance-weighted road connections. In the Melbourne case
study, the network comprises 60 intersections and 95 roads derived from real traffic and road
infrastructure datasets [55]. Traffic measurements are spatially mapped to the network using
geographic proximity and road connectivity so that observed mobility patterns correspond to
specific nodes and links in the transportation graph.
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Figure 3.2: Average residential smart-meter net-demand profile used for the IEEE 33-bus case-
study network.

The temporal scope of the thesis is defined as a representative 24-hour weekday operating
cycle, discretised into 48 half-hour intervals. This temporal resolution is adopted consistently
across the electrical, transportation, and charging-demand models. The 30-minute resolution is
selected because it is sufficiently fine to capture the principal daily transitions relevant to EV
infrastructure planning, including morning commuting peaks, midday PV generation, afternoon
traffic build-up, and evening charging concentration, while remaining computationally tractable
for time-indexed simulation and optimisation.

To maintain representativeness, the datasets used in the analysis correspond to typical week-
days under moderate weather conditions, with ambient temperatures generally between 20°C
and 30°C. This filtering avoids anomalous operating days and ensures that the derived elec-
trical and mobility patterns reflect normal urban conditions. Figure 3.2 shows the aggregated
smart-meter net-demand profile, which exhibits the expected residential daily pattern with re-
duced daytime demand due to PV generation and increased evening demand associated with
household activity and EV charging. Based on the same 48-interval horizon, Fig. 3.3 presents
the temporal distribution of EV charging demand, highlighting the expected concentration of
mobility-driven charging requirements across the day. The spatial counterpart of this variation
is shown in Fig. 3.4, where peak charging demand is unevenly distributed across the TN and
concentrated at intersections with higher traffic intensity and stronger accessibility.

The adopted spatial and temporal configuration provides a consistent evaluation backbone
that preserves both temporal variability and spatial heterogeneity while maintaining compu-
tational tractability. This balance is essential because it allows the planning frameworks in
subsequent chapters to capture realistic system interactions without incurring prohibitive com-
putational complexity.

3.1.3 Planning Horizon and Core Assumptions

The planning assumptions adopted throughout this thesis are formulated as a coherent repre-
sentation of demand formation, network feasibility, and service-level constraints, rather than as
independent modelling simplifications.

EV charging demand is modelled as a spatiotemporal outcome of mobility behaviour, battery
state-of-charge dynamics, and charging preferences. This ensures that demand is not imposed
as an exogenous electrical load but instead emerges consistently from TN conditions.

From the power system perspective, distribution network operation is constrained to stan-
dard voltage limits (0.95-1.05 pu), while BESSs operate within defined state-of-charge bounds.
These constraints ensure that all planning solutions remain physically feasible and compatible
with distribution network operation.
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Figure 3.3: Temporal distribution of EV charging demand across TN intersections over the 24-
hour planning horizon.

Figure 3.4: Spatial distribution of peak EV charging demand across TN intersections.

At the infrastructure level, EVCS deployment is subject to service-oriented constraints,
including a bounded waiting time, a maximum allowable travel distance, and a minimum inter-
station spacing. These conditions ensure that optimised solutions remain meaningful from the
perspectives of user accessibility and service quality.

The underlying demand environment incorporates heterogeneous residential energy profiles,
including varying levels of PV and BESS penetration across households. In advanced scenarios,
V2G participation is modelled as conditional and behaviour-dependent rather than determinis-
tic, reflecting realistic uncertainty in participation.

All datasets represent representative weekday conditions under moderate temperature
ranges, ensuring that the resulting system behaviour reflects typical urban operation rather
than extreme or atypical scenarios.

Collectively, these assumptions define a behaviourally consistent and physically constrained
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planning environment, enabling meaningful evaluation of EVCS and BESS deployment strategies
across the subsequent chapters.

3.2 Power Distribution Network Data and Representation

This section establishes the electrical-network foundation used throughout the thesis to evaluate
the coordinated planning and operation of EVCSs and BESSs. Because the proposed frame-
work is ultimately assessed through its impact on distribution-grid performance, the PDN rep-
resentation must preserve the key structural and operational characteristics that govern voltage
behaviour, feeder losses, network stability, and local hosting capacity.

To achieve this objective, the thesis adopts modified benchmark distribution feeders popu-
lated with real-world Victorian residential load and PV generation data. This approach com-
bines the analytical transparency of standard IEEE test systems with the practical realism of
measured operating conditions, allowing feeder-level electrical behaviour to be evaluated under
realistic net-demand dynamics rather than stylised benchmark assumptions alone. As a result,
the electrical environment used in the thesis reflects realistic net-demand dynamics and the
penetration of distributed energy resources rather than purely synthetic load assumptions.

The PDN representation plays two complementary roles across the thesis. First, it pro-
vides a physically meaningful environment for assessing the grid-side consequences of EVCS
deployment, including impacts on power loss, VD, and voltage stability. Second, it enables eval-
uation of how BESS integration, traffic-driven charging demand, and, in advanced scenarios,
V2G-enabled flexibility influence feeder operation under realistic, time-varying conditions. Con-
sequently, the adopted network models are not treated merely as abstract benchmark systems
but as structured electrical backbones into which measured household demand, distributed PV
generation, and EV-related charging profiles are embedded. This PDN representation therefore
forms the common electrical layer linking the grid-oriented analysis of Chapter 4, the coupled
PDN-TN planning framework of Chapter 5, and the flexibility-aware extensions developed in
Chapter 6.

3.2.1 Topology, Electrical Limits, and Test Feeders

The electrical case studies in this thesis are constructed using modified IEEE distribution test
feeders to ensure methodological transparency and comparability with the existing literature.
Two benchmark networks are employed: the IEEE 33-bus radial distribution feeder and the
IEEE 123-bus feeder. The IEEE 33-bus system serves as the primary benchmark because it
offers a clear radial topology widely used to analyse the voltage-sensitive impacts of EV charging
integration. The IEEE 123-bus feeder is also used to examine the behaviour of the proposed
framework on a larger, more detailed benchmark distribution network configuration.

The IEEE 33-bus feeder operates at a nominal voltage of 12.66 kV with a base apparent
power of 100 MVA, consistent with the configuration adopted in the journal studies underlying
this thesis. In the coupled PDN-TN case studies, this feeder serves as the electrical backbone of
Melbourne, TN, enabling direct analysis of how traffic-driven EV charging demand maps onto
feeder-level electrical constraints.

The feeders are not used in their original benchmark form. Instead, they are enhanced to
accommodate distributed residential demand, rooftop PV generation, BESS integration, and
EVCS installations. Each bus is treated as an aggregated service node that supplies residen-
tial consumers with heterogeneous distributed energy resources. This modelling interpretation
enables the feeder structure to represent practical urban electricity environments rather than
purely theoretical benchmark systems.
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To ensure operational feasibility, feeder operation is constrained by standard distribution-
network voltage limits:
Vinin € Vin < Vinax, m = 1’2’~'-7M (31)

where the minimum and maximum voltage limits are set to 0.95 pu and 1.05 pu, respectively.
These bounds are applied consistently across all case studies and constitute a primary feasibility
constraint for EVCS and BESS planning.

In addition, BESS operation is governed by state-of-charge dynamics:

pi(u+1) = @i(u) + T x Pi(u) (3.2)

where P;(u) denotes the BESS charging or discharging power at bus i during time interval wu,
and T = 0.5 represents the 30-minute time-step resolution used throughout the thesis. The SOC
is constrained within operational limits:

Pmin < (Pz(u) < Pmax (33)

with pmin = 0.2 and @pax = 0.9 of the BESS capacity. These limits ensure realistic battery
operation and prevent excessive cycling or over-discharge conditions.

Therefore, the combined use of the IEEE 33-bus and IEEE 123-bus feeders provides a bal-
anced experimental environment. The smaller feeder offers a transparent platform for analysing
mobility—grid interactions. In comparison, the larger feeder provides an additional benchmark
for assessing the consistency of the planning methodology across a more extensive distribution
network configuration.

3.2.2 Load, PV, and BESS Data Construction

The electrical demand environment used in this thesis is derived from real-world residential
datasets collected in Victoria, Australia. Smart-meter electricity consumption records and
rooftop PV generation profiles are aggregated to construct feeder-level net-demand conditions
over a representative weekday horizon.

For the modified IEEE 33-bus system, each bus represents an aggregation of 20 residential
households. For the larger IEEE 123-bus system, each bus represents 80 households to emulate a
denser residential environment. Within this aggregated representation, heterogeneous adoption
of distributed energy resources is considered. Specifically:

e 10% of households possess both rooftop PV and behind-the-meter BESS,
e 30% possess rooftop PV only,

e 60% possess neither PV nor BESS.

This composition reflects realistic variability in distributed energy resource ownership and
avoids unrealistic assumptions of uniform technology adoption across the feeder.

The smart-meter and PV datasets are sampled over a 24-hour weekday period and discretised
into 48 half-hour intervals. The selected datasets correspond to typical weekdays with moderate
weather conditions, generally within a temperature range of 20°C to 30°C. As illustrated in
Fig. 3.2, the aggregated net-demand profile exhibits the expected residential daily pattern:
daytime net demand decreases due to PV generation, while evening demand rises as household
consumption and EV charging increase.

A key modelling feature of this thesis is the use of net demand rather than gross load. This
representation implicitly captures the combined influence of household consumption and PV
export behaviour. Embedding these dynamics within the feeder model is particularly important
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for BESS planning, as it allows storage units to respond not only to EVCS demand but also to
underlying variations in residential load and PV generation.

PV penetration is explicitly incorporated into the feeder models. In the principal case
studies, PV installations are assigned to 40% of buses in the IEEE 33-bus feeder and 30% in
the IEEE 123-bus feeder. This level of penetration reflects realistic distributed PV adoption
without saturating the feeder.

In addition to behind-the-meter storage assumptions, the planning framework also allows the
installation of utility-visible BESS units. The proposed framework optimally locates these BESS
resources to mitigate EVCS-induced VDs, reduce network losses, and support feeder stability. In
the grid-oriented case studies, the BESS units operate within charge/discharge limits of £50 kW
with a nominal capacity of 500 kW and an initial SOC of 0.2.

Taken together, the load, PV, and BESS datasets define the electrical demand environ-
ment within which the planning framework evaluates hosting capacity, voltage stability, and the
marginal value of spatially distributed flexibility resources.

3.2.3 Power-flow Modelling

A physically meaningful power-flow model is required to evaluate the effects of EVCS deployment
and BESS dispatch on distribution-network operation. The thesis, therefore, adopts an AC
power-flow representation consistent with the formulations used in the journal studies.

This modelling choice is particularly important for medium-voltage distribution systems,
where line resistance is non-negligible, and voltage magnitude deviation is a primary planning
constraint. Simplified DC approximations are insufficient in such environments because they
neglect the nonlinear coupling between active power, reactive power, branch impedance, and
bus voltage magnitudes.

Distribution-network performance is evaluated using several electrical performance indica-
tors. The active power loss at time interval u is computed as

M N
PEOSS = NN " apn (PAPY + QL QM)

m=1n=1
+ ,an( umP# - P#zQZ) (34)
where
Ay = cos(0pm — ) Brmn = Tmn Sin(dy, — 6y) (3.5)
mn — VmVn m mnj mn — VmVn m n .
VD is defined as
M
VDy =Y |Vt = Viey] (3.6)
m=2

In addition, voltage stability is assessed using the VSI:

VSIn,u+1 = (‘Vm,u|2 - 2Pm,uRm,u - 2Qm,uXm,u)2

1

min(vsiy, y+1)

VSl =

)
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The combined use of PLO%% V' D, and VST provides a comprehensive representation of grid-
side performance. While power loss captures technical efficiency, VD reflects voltage-regulation
quality, and VSI indicates the feeder’s proximity to voltage instability.

Finally, the power-flow model is linked to nodal power-balance constraints that incorporate
household demand, PV generation, BESS dispatch, and EVCS charging demand. In V2G-
extended scenarios, the EVCS is further split into charging and discharging components, enabling
bidirectional energy exchange between EV fleets and the grid.

Through this modelling framework, the thesis preserves the essential electrical mechanisms
governing distribution-network operation while maintaining computational tractability for multi-
time-step planning optimisation.

3.3 Transportation Network and Mobility Data

This section establishes the transportation network (TN) foundation used throughout the thesis
to construct realistic, traffic-informed EV charging demand and evaluate the accessibility im-
plications of EVCS deployment in urban environments. Because the proposed planning frame-
work jointly considers the interests of PDN operators, EVCS owners, traffic authorities, and
EV users, the TN cannot be represented adequately by a simple distance matrix or a static
demand-allocation model. Instead, it must capture the spatial structure of the road system, the
temporal evolution of mobility demand, and the practical factors that influence user access to
charging infrastructure.

To this end, the thesis adopts a Melbourne-based TN representation derived from measured
traffic records and publicly available urban infrastructure datasets. The TN is modelled as
a graph in which nodes represent major intersections and links represent impedance-weighted
road connections. This representation enables the framework to move beyond abstract charging-
demand assumptions toward a mobility-aware planning environment in which traffic flow, acces-
sibility, queueing exposure, and spatial EV charging demand can be evaluated explicitly. The
resulting TN model is consistently used in the coupled PDN-TN studies in Chapters 5 and 6
and serves as the mobility layer on which the traffic-informed charging-demand model is built.

3.3.1 Traffic Data

The transportation case study is based on real-world traffic data collected in Melbourne, Vic-
toria, Australia. In the coupled PDN-TN analyses, the TN comprises 60 major intersections
and 95 road segments selected to represent key urban mobility corridors within the study region
[55]. The primary dataset is obtained from VicRoads traffic measurements. It is complemented
with publicly available geographic and transport infrastructure information, including road at-
tributes, transport stops, and regional spatial datasets [55, 56, 57]. Together, these sources
enable the construction of a realistic representation of urban mobility for EV charging demand
modelling.

Before being incorporated into the modelling framework, the raw traffic records undergo
systematic preprocessing. During this process, incomplete, inconsistent, or implausible mea-
surements are identified and either corrected or removed. Temporal continuity across consec-
utive observations is verified, and nonnegative traffic counts are enforced to ensure numerical
consistency in traffic-flow estimation. This cleaning stage is essential because the traffic dataset
subsequently drives the construction of EV charging demand, accessibility evaluation, and op-
timisation procedures used throughout the thesis.

Following preprocessing, the traffic observations are aggregated into 48 half-hour intervals
over a representative 24-hour weekday horizon. This temporal aggregation aligns the transporta-
tion dataset with the electrical and charging-demand models, which are evaluated using the same
30-minute time resolution. The selected interval length preserves the principal intra-day mobility
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dynamics relevant to EV infrastructure planning, including morning commuting peaks, midday
urban activity, and evening travel concentration, while maintaining computational tractability.

To ensure representative operating conditions, the analysis focuses on typical weekday traffic
patterns under moderate weather conditions. Under these circumstances, the processed traffic
data reproduce the expected daily mobility structure, with the highest traffic intensity occur-
ring during the main commuting period between approximately 7:30 AM and 5:30 PM. These
mobility dynamics directly influence both the temporal and spatial distribution of EV charging
demand derived in the subsequent modelling stages, as illustrated in Fig. 3.3 and Fig. 3.4.

The resulting transportation dataset, therefore, functions as a time-indexed mobility layer
rather than merely as background traffic information. It provides the basis for estimating
EV charging demand, evaluating accessibility to charging infrastructure, modelling queueing
behaviour at charging stations, and supporting EVCS placement optimisation within the coupled
PDN-TN planning framework developed in this thesis.

3.3.2 Road Impedance and Spatial Mapping

Observed traffic counts alone are insufficient to characterise realistic urban mobility patterns.

In practice, the attractiveness and accessibility of a route depend not only on traffic volume but

also on the physical and operational characteristics of the road network, including congestion,

road type, traffic control devices, public transport interactions, and weather-sensitive driving

conditions. For this reason, the thesis adopts an impedance-based TN representation in which

road links are assigned Generalised travel resistance rather than simple geometric distance.
The TN is represented as a time-indexed graph defined as

TN = {I,W,T}
I={ij|j=1,2,...,n}

W ={wj;|i,j=1,2,...,n}
T={t|t=1,2,...,48}

(3.9)

where I denotes the set of intersections, W represents the time-varying road impedance between
intersections, and T' corresponds to the 48 half-hour time intervals used in the study.

To estimate traflic interaction between connected locations, the thesis adopts a gravity-based
mobility formulation. The traffic flow between intersections ¢ and j at time step t is expressed
as NN

Vi =0—-2
MW

(3.10)

where V;tj denotes the traffic flow between intersections ¢ and j, C' is a proportionality constant,
N; and N; represent population or activity proxies associated with the corresponding regions,
and Wf] denotes the Generalised travel impedance between them [59]. This formulation cap-
tures the expected relationship whereby traffic interaction increases with regional activity and
decreases with higher effective travel resistance.

The Generalised road impedance incorporates both static infrastructure characteristics and
time-dependent congestion effects. It is defined as

K

Wit’j = boz; + Zbkyk (3.11)
k=1

where z; denotes the road saturation level at time step ¢, and y;, represents explanatory attributes
such as the number of traffic lights, bus stops, train stations, tram stops, traffic lanes, road width,
surface conditions, and weather-related factors. The coefficients b, and exponent ¢ are calibrated
parameters that reflect the relative influence of these factors on effective travel resistance.
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To ensure comparability across heterogeneous variables, all impedance-related attributes are
normalised before aggregation. This normalisation preserves the expected monotonic relation-
ship between travel burden and route impedance, such that higher congestion levels or more
restrictive road conditions produce larger effective resistance values.

Spatial mapping is then performed by assigning each cleaned and aggregated traffic record
to its corresponding TN node or link based on geographic proximity and road connectivity.
This step establishes a direct correspondence between real-world traffic observations and the
graph-based mobility representation used in the optimisation framework. The mapped TN sub-
sequently serves as the mobility layer for generating charging-demand patterns and accessibility
indicators. The resulting EV charging demand exhibits both temporal variability and spatial
heterogeneity. The temporal charging-demand pattern shown in Fig. 3.3 reflects the typical
weekday concentration of mobility-driven charging activity across the daily operating horizon.
Correspondingly, the spatial distribution illustrated in Fig. 3.4 shows that peak charging de-
mand is concentrated along high-activity urban corridors and major intersections. Together,
these temporal and spatial patterns confirm that the constructed TN captures realistic Mel-
bourne mobility behaviour and provides a credible basis for EVCS planning within the coupled
PDN-TN framework.

3.3.3 Candidate EVCS Locations in Coupled Power—Transport Networks

The final step in the mobility representation is to translate the TN into a candidate charging-
infrastructure layer that can be coupled explicitly with the PDN. This is a critical element
of the thesis because EVCS demand is not treated as an exogenous electrical load arbitrarily
attached to feeder buses. Instead, candidate EVCS locations emerge from the transportation
system. They are then mapped into the electrical system so that infrastructure decisions can
be evaluated simultaneously for accessibility and grid feasibility.

Candidate EVCS locations are defined with respect to the TN node structure, in which
major intersections serve as demand concentration points and road accessibility determines
service value. The optimisation framework considers the siting and, where relevant, the sizing
of EVCS units subject to both user-side and network-side constraints. On the transportation
side, practical deployment must meet service-oriented requirements such as bounded waiting
times, acceptable travel distances, and adequate spacing between stations. These conditions are
represented through constraints such as

w(t) < Wpax (3.12)

for queueing time,
min(lix) < lmax (3.13)

for EVCS accessibility from traffic intersections, and
dik > dmin (314)

for minimum spacing between EVCSs. In the coupled planning studies, the maximum queueing
time is set to 20 minutes, the maximum driving distance is limited to a practical service range,
and the minimum spacing between charging stations is fixed at 5 km in accordance with the
planning assumptions adopted in this thesis.

The EVCS candidates derived from the TN are then coupled to the PDN through bus-
level integration points. Conceptually, traffic-driven charging demand estimated at specific
intersections is mapped to electrically feasible candidate buses, enabling evaluation of the impact
of EVCS deployment on VD, power loss, and BESS support requirements. This TN-PDN
coupling enables the thesis to move beyond conventional transport-only or power-only planning
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studies. It creates a unified decision-making environment in which improved user accessibility
can be weighed directly against feeder-hosting limits and network operating constraints.

In the second study (Chapter 5), this coupling is used to optimise EVCS and BESS placement
in a PDN jointly-TN framework. In the third study, the same coupling structure is extended to
account for bidirectional charging behaviour, V2G-capable station types, and profile-dependent
participation. Under the advanced formulation, EVCS locations are no longer treated as homoge-
neous service points; some candidate sites may support only G2V charging, whereas others may
be V2G-enabled depending on planning outcomes and operational assumptions. This distinc-
tion becomes particularly important because the distance from users to the nearest V2G-capable
station may differ from the distance to the nearest conventional EVCS.

The coupling process also enables the construction of charging-demand assignment and acces-
sibility metrics. The shortest-path or generalised-impedance path from each traffic intersection
to the nearest feasible EVCS determines the travel effort experienced by users, while the mapped
PDN location determines the corresponding electrical burden or support potential. As a result,
the siting problem is solved in a way that simultaneously reflects transport realism and grid
realism. A station that is attractive from a mobility perspective may be electrically infeasible
if it induces excessive voltage drop, while an electrically strong bus may be suboptimal from
a user perspective if it is poorly accessible from major traffic nodes. The TN-PDN mapping
developed in this thesis is designed precisely to expose and manage this trade-off.

Overall, the candidate-location and coupling framework provides the essential bridge be-
tween the mobility layer developed in this section and the charging-demand, queueing, and cost
formulations introduced next. By formalising how real traffic intersections are transformed into
candidate charging-service locations and then connected to distribution-network buses, the the-
sis establishes a coherent infrastructure-planning environment in which EVCS deployment can
be optimised jointly across both network layers.

3.4 Traffic-informed Charging Demand Modelling

The charging-demand model developed in this thesis serves as the central coupling mechanism
between the transportation and power system layers. Its role is not only to quantify charging
demand, but to ensure that demand formation remains consistent with mobility behaviour,
accessibility constraints, and service conditions. To achieve this, charging demand is constructed
as a function of traffic flow, battery state-of-charge dynamics, and station accessibility, and is
evaluated under queueing and service-capacity constraints. This formulation enables demand to
respond endogenously to both spatial infrastructure placement and temporal system conditions,
thereby preserving the feedback between user behaviour and network operation.

The traffic-informed charging-demand model developed in this thesis is designed to capture
both the magnitude and the service implications of EV charging demand. On the one hand, it
estimates how many EVs are likely to require charging at different locations and time intervals
based on traffic flow and SOC-dependent charging behaviour. On the other hand, it evaluates
how the spatial distribution of EVCSs affects user travel effort, time cost, and waiting time. This
integrated treatment is important because an electrically feasible but poorly accessible charging
station is unlikely to provide effective urban service. In contrast, an attractive charging station
from a mobility perspective may create undesirable feeder stress if the resulting demand is
concentrated at electrically weak locations.

Accordingly, the charging-demand model is built around three interrelated principles. First,
charging needs vary over time because vehicle movement and battery depletion do. Second,
charging convenience depends not only on the existence of a station but also on the generalised
cost of reaching and using it. Third, demand must be evaluated under practical service as-
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sumptions, including charger type, queueing conditions, and user behaviour. These elements
are discussed in the following subsections.

3.4.1 Accessibility and Generalised Travel Cost

The accessibility of EVCSs is a primary determinant of realistic charging demand. Even if a
charging station exists within the broader planning region, it does not provide equivalent service
value to all EV users. Its effectiveness depends on the station’s proximity to active traffic nodes,
the travel impedance to reach it, and the temporal congestion along the corresponding route.
For this reason, the proposed framework does not assess EVCS attractiveness solely based on
Euclidean distance. Instead, it evaluates accessibility with respect to actual intersection-based
demand, the road network structure, and generalised travel effort across the TN.

Building on the graph-based TN representation introduced earlier, the number of EVs that
require charging at a given intersection is estimated using traffic flow, EV penetration, and charg-
ing probability. In the coupled PDN-TN formulation, the expected number of EVs requiring
charging at intersection ¢ and time step t is expressed as

N} =V} x a x Peparg (3.15)

where o denotes the EV penetration level on the road network, V;! is the real-time traffic flow
associated with intersection i, and Peparg is the probability that an EV initiates charging. In
the later V2G-aware formulation, the same concept is refined to distinguish between charging
and discharging demand streams. The expected number of EVs requiring grid-to-vehicle (G2V)
charging is then given by

NV — VU o Pyarg (3.16)

where u indexes the half-hour time interval. This time-varying intersection-level demand be-
comes the core mobility-side input for EVCS planning.

Once charging-demand intensity has been estimated, the framework evaluates the generalised
travel cost of serving this demand through candidate EVCS locations. The travel-related cost
is formulated as the sum of an energy-related component and a time-related component. In the
original coupled formulation, the annual travel cost associated with EVCS k is expressed as

C]% = Ckp + Crm (3.17)

where C},, denotes the energy cost incurred while travelling to the station and Cj,, denotes the
time-related cost of travel and waiting.
The energy-related component is defined as

Cip=>_> d“’; N P. (3.18)

where d; , is the driving distance from intersection i to EVCS k, N} is the number of EVs at
intersection ¢ requiring charging, [y is the mileage per unit of electrical energy (km/kWh), and
P, is the electricity price ($/kWh). This term reflects that the EVCS location directly affects
the additional travel energy users consume before accessing the charging service.

The time-related component is expressed as

Chm = ZT:XI:CZ"”“Nerzw X Cti (3.19)
km Vtk . k time .

t=1 =1 2

where Vztk denotes the effective driving speed from intersection ¢ to station k, W,’; is the expected
waiting time at EVCS k, and cgjme is the monetary value assigned to user time. This formulation
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provides a generalised measure of accessibility because it reflects not only the physical separation
between users and stations but also the temporal effort required to reach and use the service.

In the V2G-extended formulation, the generalised travel cost is further refined to distinguish
between charging-oriented and discharging-oriented trips. The total annual travel cost is written
as

O = Cip + Crm (3.20)
with the energy component
U N G2Vyu V2G,u
d; N, ’ d; N, ’
Crp = Z Z ikgav tVq Z) kvaa Vi x P, (3.21)

u=1 i=1

and the corresponding time-cost component

U N G2V V2G,u
d; k. N0+ d; g N, ’
Chom = (ZZ RO e N W | X Crime (3.22)
u=1i=1 i,k u
where d; k., and d; .., denote the travel distance from intersection 7 to the nearest G2V-

capable and V2G-capable EVCS, respectively. This distinction is important in advanced sce-
narios because not all charging stations support bidirectional charging; therefore, the effective
accessibility of charging and discharging services may differ.

Overall, the generalised travel-cost formulation is one of the most industry-relevant compo-
nents of the thesis. It ensures that EVCS planning is not optimised solely from the viewpoint of
electrical feasibility or construction cost, but also from the perspective of actual service quality
experienced by users. As a result, the framework can expose trade-offs among grid-friendly
placement, user convenience, and infrastructure expenditure, which is especially important in
dense urban systems such as Melbourne.

3.4.2 Service Capacity, Waiting Time, and Behavioural Assumptions

Accessibility alone is insufficient to characterise realistic EV charging demand. A charging
station may be geographically close and electrically feasible, yet still provide poor service if its
charging capacity is inadequate or if wait times become excessive during busy periods. For this
reason, the proposed framework extends the traffic-informed demand model by incorporating
service-capacity constraints, queueing behaviour, and charging-choice assumptions. This allows
the planning problem to account not only for where demand arises, but also for how effectively
that demand can be served.

The thesis assumes that EVCSs may include both fast and slow charging options, thereby
reflecting the heterogeneity of urban charging services. In the coupled PDN-TN case studies,
charging stations are represented by two service classes: fast-charging piles and slow-charging
piles. In the second journal study, the corresponding service rates are given by

pfe = 60 kW, fst = 15 kW (3.23)

whereas the broader system configuration used later in the thesis incorporates practical charger
categories such as AC slow charging and DC fast charging with realistic service durations. In
the V2G-aware scenarios, each EVCS unit aggregates five stations equipped with up to eight
chargers, with representative charger types including 7.7 kW AC and 120 kW DC units. These
assumptions are intended to emulate realistic urban charging service conditions rather than
idealised unlimited access.

To account for congestion at charging stations, the thesis models waiting time using a dy-
namic M/M/C queueing framework, which is suitable for stochastic arrivals and multi-server
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charging environments [60, 61]. The total expected waiting time at the charging station k during
the time period ¢ is defined as
Wi =W, + Wi, (3.24)

where W,ﬁ 7 and W,ﬁ  denote the queueing times associated with fast and slow charging, respec-
tively.
For fast charging, the waiting time is expressed as

Py s <)\ft>Nk’f Hft
Wt — 5 LS [ A — 325
ST (N = D! \ g Nistrpe = Are (3:29)

with the normalisation term

N p—1 n Ny s -1
Pys= Z 1<)‘f¢> + 1 <)‘f¢> <N’ff“ft> (3.26)
’ =onl \puyg Nie gt \ byt N phrge = Are
Similarly, for slow charging,
Pys <)\st>Nk’s Mt
wt = ___—2% 75t 7St 3.97
s (Nk,s - 1)' st Nk,s,us,t - )\s,t ( )
with N 1 .
k,s— n Nk,.s -
[5G () )] o
’ "0 n! Mt Nk,s! Mst Nk,s,ufs,t - )\s,t
The corresponding arrival rates are defined as
At = Nia (3.29)
st = Nj(1—a) (3.30)

where « in this context represents the probability that an EV user selects fast charging instead
of slow charging during the given time interval.

To reflect realistic behavioural variation over the day, the probability of choosing fast charg-
ing is allowed to vary over time. In the journal formulation, during the daytime period from 8
AM to 8 PM,

a=0.5 (3.31)

so that fast and slow charging are selected with equal probability. During the overnight period
from 8 PM to 8 AM,
a=0.2 (3.32)

so that slow charging becomes more likely than fast charging. This assumption reflects a practical
service logic: daytime users generally value faster turnaround, whereas nighttime users can
tolerate longer charging duration.

The thesis also imposes explicit service-quality constraints to ensure that EVCS deployment
remains practically meaningful. In particular, the waiting time of EV users at charging stations
must satisfy

w(t) < Wnax (3.33)

where the maximum acceptable queueing time is fixed at 20 minutes in the main coupled planning
studies. Similarly, the maximum driving distance to an EVCS is constrained by

min(lix) < lmax (3.34)
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with a practical service radius set according to the scenario formulation. These constraints
are important because they prevent the optimisation from selecting electrically attractive but
operationally poor charging solutions.

Behavioural assumptions are also embedded in the estimation of charging initiation. Fol-
lowing the journal formulations, EV driving distance over the day is modelled probabilistically
using a mixed Gaussian distribution, while the likelihood of charging is linked to SOC depletion
via a Weibull-based charging probability function. Although the detailed mileage and SOC for-
mulations are introduced in the methodology chapters, the key point in the present chapter is
that charging demand is treated as a probabilistic behavioural outcome rather than a determin-
istic fixed load. This substantially improves modelling realism by allowing demand intensity to
respond jointly to traffic presence and charging need.

In V2G-aware scenarios, the behavioural layer is further extended to account for heterogene-
ity in participation. Under these conditions, EVs are no longer assumed to behave uniformly as
passive charging loads; instead, some vehicles may participate in V2G depending on incentive,
accessibility, schedule flexibility, and time-of-day effects. While the detailed utility-based V2G
participation model is presented in Chapter 6, its relevance here is that the charging-service
environment of this thesis is fundamentally behaviour-aware. It is designed to capture not only
whether a user can access a station, but also the type of service the user is likely to seek and
the operational conditions under which that service can be delivered.

Taken together, the service-capacity and behavioural assumptions presented above transform
the charging-demand model from a simple traffic-weighted quantity into a realistic service-
demand representation. This is one of the reasons the framework is suitable for industry-oriented
EVCS planning: infrastructure performance depends not only on the level of charging demand
but also on whether that demand can be served within acceptable time, distance, and operational
quality limits. The resulting charging-demand construction therefore provides the essential input
for the scenario design, performance metrics, and benchmarking procedures developed in the
next section.

3.5 Scenario Design

This section defines the experimental comparison architecture adopted throughout the thesis,
including the scenario structure, key performance indicators (KPIs), and benchmarking protocol
used to evaluate the proposed planning and control frameworks. Since the thesis progresses from
grid-oriented EVCS-BESS planning to coupled PDN-TN planning and, finally, to V2G- and
market-aware infrastructure planning, all numerical results must be interpreted within a unified
evaluation framework. The purpose of this section is therefore not merely to enumerate the
metrics used in the journal studies, but to formalise how the scenarios, metrics, and benchmarks
are organised, compared, and interpreted at the thesis level.

The scenario design is structured to support three complementary objectives. First, it enables
the assessment of the effect of increasing model realism to be assessed systematically, beginning
with PDN-focused planning and extending to traffic-informed and V2G-enabled formulations.
Second, it provides a consistent basis for comparing grid-side, user-side, and infrastructure-side
outcomes under different planning assumptions. Third, it supports transparent benchmark-
ing against simpler or alternative planning paradigms, thereby demonstrating the value of the
proposed framework through structured comparison rather than a qualitative claim.

The scenarios considered in this thesis are organised according to the progressive development
of the proposed planning framework. Rather than treating each methodological chapter as an
isolated numerical study, the scenario structure is designed to reflect a controlled increase in
system realism, decision complexity, and practical relevance. In this way, the thesis evaluates
how optimal infrastructure decisions change when additional real-world dimensions, including
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traffic dynamics, charging-service behaviour, V2G participation, and market-based flexibility,
are introduced into the planning problem.

The first scenario group addresses grid-oriented EVCS-BESS planning within the PDN. In
this group, the primary objective is to assess how the coordinated placement of BESS and EVCS
affects feeder performance under realistic, time-varying residential demand and distributed PV
conditions. The case studies are conducted on modified IEEE 33-bus and IEEE 123-bus feeders
populated with Victorian smart-meter and PV data. The framework determines the locations
and charge/discharge schedules of BESS units, as well as the locations of EVCSs. To test robust-
ness against uncertainty in charging intensity, multiple EVCS demand patterns are considered,
including a fixed planning profile, the real EVCS demand profile, and scaled upper- and lower-
bound demand levels. These scenario variants are used to evaluate whether the planned BESS—
EVCS configuration can maintain acceptable technical performance under nominal, stressed,
and relaxed operating conditions.

The second scenario group extends the problem to a coupled PDN-TN setting. Here, charg-
ing demand is no longer represented as an exogenous feeder-side profile, but is derived from
traffic flow, accessibility conditions, and queueing behaviour. This group is designed to expose
the trade-off among feeder support, user convenience, and infrastructure costs as the number
and distribution of BESS units and EVCSs vary. In the second journal study, two principal
scenario groups are considered. In Scenario 1, four BESS units are installed, and the number
of EVCSs varies from 5 to 13. In Scenario 2, five BESS units are installed, and the number
of EVCSs varies from 9 to 17. Across these scenario groups, EVCS size decreases as station
count increases, thereby reflecting the practical trade-off between broader service coverage and
smaller per-station capacity. This formulation is important because it reveals how increasing
EVCS spatial coverage can reduce travel and queueing costs while simultaneously affecting feeder
performance and total infrastructure expenditure.

The third scenario group incorporates heterogeneity in V2G participation, market-driven
flexibility, and real-time voltage control. In this group, EVCSs are no longer treated as homo-
geneous charging assets. Instead, some stations may remain G2V-only, while others may be
V2G-enabled, depending on participation profiles, operational assumptions, and market acti-
vation conditions. In the third journal study, four representative scenarios are defined for this
purpose. Scenario 1 represents full V2G support with 100% effective participation. Scenario 2
considers partial V2G deployment with full participation. Scenario 3 considers partial V2G de-
ployment with only 50% effective participation. Scenario 4 serves as the baseline without V2G
support. These scenarios are intentionally structured to show that the value of V2G depends
not only on the existence of bidirectional charging hardware, but also on the spatial distribu-
tion of V2G-enabled stations and the extent to which the committed flexibility can actually be
delivered in operation.

Taken together, these scenario groups define a coherent thesis-level evaluation pathway. The
first group establishes the grid value of coordinated EVCS-BESS planning under realistic feeder
conditions. The second demonstrates that traffic-informed charging demand and user accessibil-
ity materially alter optimal deployment outcomes. The third evaluates how planning outcomes
change when EVs are treated not only as electrical loads but also as flexible distributed resources
whose value depends on behavioural and market participation. This progression transforms the
scenario design from a set of disconnected numerical cases into a structured evaluation protocol
for infrastructure planning, operation-aware deployment, and flexibility-aware decision-making.

3.5.1 KPIs and Decision Metrics

To comprehensively evaluate the proposed framework, the thesis adopts a multidimensional set
of KPIs spanning grid performance, transportation service quality, and infrastructure economics.
This choice is deliberate. A charging-infrastructure configuration that performs well electrically
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but imposes excessive travel burden is not practically attractive, just as a highly accessible
mobility solution is not useful if it produces unacceptable voltage stress or excessive system
cost. Accordingly, all major scenarios are assessed through a common decision-metric structure
that makes the trade-offs among these dimensions explicit.

On the PDN side, the principal technical KPIs are active power loss, VD, and voltage
stability. Active power loss is measured using the feeder-level formulation introduced earlier in
(3.4) and (3.5). This metric is important because spatially concentrated EV charging demand
can intensify branch loading and increase resistive losses, whereas appropriately located BESS
and V2G support can alleviate these effects. VD is evaluated using

M
VDy =Y [Vt = Viey] (3.35)
m=2

which captures the aggregate departure of bus voltages from nominal conditions. Voltage sta-
bility is quantified through the VSI formulation previously defined in (3.7) and (3.8). Together,
these three indices form the core electrical-performance layer of the thesis and are applied con-
sistently across the RQ1-RQ3 experiments.

In the first journal study, these technical metrics serve as the primary basis for evaluating
the benefits of coordinated BESS and EVCS integration under realistic load and PV conditions.
In later coupled studies, they remain essential because transportation-side improvements cannot
be accepted unless the PDN continues to meet voltage security and power quality requirements.
This is an important strength of the evaluation framework: user-side improvements are never
assessed independently of electrical feasibility.

On the transportation side, the main KPIs are travel cost, travel-plus-queueing cost, and
service accessibility. These metrics quantify the extent to which the EVCS network provides
practical charging service to urban users. The generalised travel-cost structure introduced ear-
lier in (3.17)—(3.22) is used to measure the costs imposed on EV users due to detour energy
consumption, travel time, and queueing exposure. This perspective is especially important in
the second and third journal studies, where one of the central contributions is the explicit inclu-
sion of user-centric performance rather than optimising solely for grid-side technical outcomes
or infrastructure-owner cost.

Accessibility is further constrained through service-quality conditions such as

min(Lix) < lnax (3.36)

and
w(t) < Wmax- (3.37)

These are not merely feasibility constraints; they also define interpretable service-quality bound-
aries for judging whether a given station deployment is meaningful from a user perspective. In
practical terms, a deployment that reduces feeder losses but forces long detours or unacceptable
waiting times would not be considered successful under the evaluation framework adopted in
this thesis.

The economic and infrastructure-side metrics are also treated explicitly. These include con-
struction, operating, and maintenance costs, as well as loss-related costs. In the coupled plan-
ning formulations, the annual investment cost comprises EVCS construction, maintenance, and
technical-loss components, while BESS-related costs are incorporated into the grid-oriented plan-
ning framework as part of the overall design trade-off. These economic metrics are important
because they reveal the nontrivial balance between station quantity, station size, service quality,
and total expenditure. For example, increasing the number of EVCSs generally improves acces-
sibility and reduces user travel burden, but also increases construction and maintenance costs.
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Conversely, concentrating charging capacity into fewer stations may reduce capital expenditure
while worsening user-side metrics and increasing localised electrical stress.

In the V2G-aware scenario family, the same core metrics remain relevant, but their inter-
pretation becomes richer. For example, an improvement in VD under V2G-enabled planning
reflects not only improved siting, but also the contribution of bidirectional energy exchange
to local grid support. Likewise, reductions in travel and queueing costs in V2G scenarios do
not simply indicate better accessibility; they may also indicate that stronger electrical support
has expanded the feasible EVCS deployment envelope, thereby improving the transportation
system’s service landscape. In this sense, the KPI structure remains consistent throughout the
thesis, but its explanatory power increases with the planning model’s realism.

Overall, the KPI framework is intentionally multi-layered. It is designed to support thesis-
level conclusions that are both academically rigorous and industrially meaningful. By maintain-
ing consistent technical, transportation, and economic metrics across all scenario families, the
thesis ensures that the effects of increasing model richness can be evaluated transparently and
cumulatively.

3.5.2 Benchmark Models and Parameter Calibration

A robust planning framework should not be assessed in isolation. It must be compared with
alternative formulations, simpler baselines, or reduced-objective models to determine whether
the added methodological complexity produces meaningful gains. For this reason, the thesis
adopts an explicit benchmarking protocol that compares the proposed framework against base-
line planning paradigms and calibrates the key model components using real-world data and
validated parameter sources.

The benchmarking logic differs across the three RQs, reflecting the increasing complexity of
the planning framework. In the first journal study, benchmarking is conducted primarily through
scenario-based stress testing. The planned BESS-EVCS configuration is evaluated under a
fixed EVCS planning profile, the real EVCS demand profile, and scaled upper- and lower-bound
demand cases. This benchmark structure tests whether the proposed hierarchical planning-and-
control framework remains effective when actual charging demand deviates materially from the
nominal profile used in planning. In this sense, the benchmark is not another optimisation
algorithm, but a robustness comparison between nominal planning assumptions and stressed
operational conditions.

In the second journal study, the benchmarking protocol becomes more explicit. The pro-
posed multi-objective optimisation framework is compared against two alternative paradigms for
the common 13-EVCS configuration: a PDN-oriented single-objective formulation (SO-PDN)
and a Pareto-based multi-objective baseline using NSGA-II. The SO-PDN formulation yields
marginal improvement in grid-centric metrics but performs poorly on user-oriented outcomes,
particularly travel and queueing costs. NSGA-II provides a more balanced compromise but still
underperforms the proposed GA-DDPG framework in terms of transportation service quality.
This comparison demonstrates that the performance advantage of the proposed framework does
not arise solely from multi-objective formulation, but from explicitly modelling time-indexed
interactions between mobility-driven demand and grid constraints, and from learning sequential
decision structures under dynamic system conditions.

The advanced V2G-aware planning framework in the third journal study is benchmarked
primarily through structured scenario comparison rather than algorithmic substitution. The
baseline without V2G serves as the reference case, while the partial- and full-participation V2G
scenarios reveal the extent to which bidirectional support and market-based flexibility improve
planning outcomes. This benchmark structure is appropriate for RQ3 because the scientific
question is not simply whether V2G can be included in the planning process, but how varying
participation levels and operational profiles influence the practical value of the infrastructure.
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Table 3.1: Key parameters and system-model configurations used across the thesis case studies.

Parameters Value

BESS installation cost 1.161 $/kWh
BESS operational cost 0.625 $/kWh
Project duration 10 years
Lifetime of each charging station 20 years
Interest rate 3.6%

Inflation rate 3.2%
Discount rate rq 0.15

Carbon emission factor 0.554 kg/kWh
Cost of power from the substation 5 $/kWh

Electricity prices (slow/fast/grid)
Fast charging rate jir¢

0.50 / 0.75 / 0.13 $/kWh
60 kW

Slow charging rate p, ; 15 kW

DC charging pile capacity 120 kW
Cost of travel time ciime 20 $/h
Maximum queue time for each EV w4, 20 min
Maximum driving distance ;4. 30 km
Minimum station distance d,,;n, 5 km
Mileage per unit electrical energy [y 4.1 km/kWh
EV penetration level 0.5

Loss rates (G2V / V2G) 0.05 / 0.10
V2G pile cost rate (slow /fast) 1.2
Maximum V2G travel distance DY 25 30 km
Minimum V2G station distance DY, 2 km

Rated feeder voltage 12.66 kV
Voltage limits (minimum/threshold /maximum) 216 / 230 / 253 V
Open-circuit voltage 35V
Short-circuit current 8 A

Voltage temperature coefficient 0.1°C
Current temperature coefficient 0.05 °C

Real power from the substation 105 kW

GA parameters (population, generations, crossover, mutation) (20, 50, 0.9, 0.1)
DDPG actor/critic layer size [400, 300]
DDPG (batch size, learning rate) (64, 0.001)

Calibration is equally important to the credibility of the framework. The thesis does not
rely on arbitrary parameter tuning. Instead, the main data-driven and behavioural components
are calibrated using real-world measurements or parameter values adopted from empirically
validated literature. On the transportation side, the impedance model employs normalised and
calibrated coefficients for road and congestion attributes, including traffic lights, lane counts,
road width, surface type, proximity to public transport, speed-related conditions, and weather
effects [55, 56, 57]. This calibration preserves the expected monotonic relationship between
traffic burden and route impedance and ensures that the resulting traffic-flow patterns remain
realistic for Melbourne urban conditions.

The charging-demand model is likewise calibrated using validated probabilistic representa-
tions. In the second journal study, the Gaussian-mixture parameters used to represent temporal
driving mileage are adopted from empirically supported sources:

e first component: m; = 0.078, u; = 14.86, 01 = 5.31,
e second component: mo = 0.051, puy = 8.75, 09 = 3.11.

Similarly, the Weibull distribution used to model SOC-based charging behaviour is parame-

53



Chapter 3

terised as
a = 6.31, b=1.67 (3.38)

following empirically grounded studies [11]. These calibrated parameters ensure that the
charging-demand model reflects realistic mobility and charging behaviour rather than arbitrary
assumptions.

The optimisation settings summarised in Table 3.1 are selected to achieve stable and com-
putationally efficient performance. In the grid-oriented study, the GA is initialised with a
population size of 50 and 100 iterations, while the DDPG module is trained with 50 episodes
and 20 actions per episode. In the coupled PDN-TN and V2G-aware studies, the adopted set-
tings include GA parameters of population size 20, maximum generations 50, crossover rate 0.9,
and mutation rate 0.1, together with DDPG actor/critic layers of size (400, 300), batch size 64,
and learning rate 0.001. These values reflect a practical balance between convergence stability,
runtime efficiency, and solution quality established during the development and refinement of
the journal studies.

The computational environment used for benchmarking and calibration is also selected de-
liberately. In the coupled planning studies, all simulations are executed on an AWS EC2
r7i.16xlarge instance with 64 vCPUs and 512 GB RAM. This configuration ensures that
time-indexed optimisation and learning procedures can be executed reproducibly and without
hardware-induced instability. Under this setup, complete 48-time-step coupled simulations con-
verge within a few minutes, which is appropriate for engineering-level planning studies and
supports the framework’s practical applicability.

Taken together, the benchmark models and calibration strategy provide the thesis with
methodological credibility. The proposed framework is compared not only against different op-
erating scenarios but also, where appropriate, against reduced-objective and alternative multi-
objective baselines. At the same time, the key components of the traffic, charging, and optimisa-
tion models are calibrated using measured data or empirically grounded parameter values. This
combination of structured benchmarking and data-informed calibration strengthens the validity
of the conclusions drawn in the subsequent chapters.

3.6 Computational Settings

This section consolidates the implementation conditions, reproducibility assets, and validity
boundaries of the experimental framework adopted throughout the thesis. Since the proposed
methodology combines time-indexed optimisation, traffic-informed construction of charging de-
mand, and, in advanced scenarios, V2G-aware planning and real-time control, it is necessary
to demonstrate not only methodological soundness but also computational tractability, repro-
ducibility, and interpretive reliability. The purpose of this section is therefore to clarify how
the framework was implemented, what supports its practical reproducibility, and under what
conditions its conclusions should be interpreted and transferred.

This section is important because the value of a planning framework depends not only on
the sophistication of its mathematical formulation, but also on whether the framework can be
executed consistently, whether its data-processing and modelling steps are transparent, and
whether its results remain meaningful when interpreted within their intended scope. These
issues are particularly important in industry-oriented infrastructure research, where practical
relevance requires not only strong numerical performance but also credible implementation and
clearly stated limits of applicability.
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3.6.1 Implementation and Computational Setup

The proposed framework is implemented as a modular computational pipeline comprising data
preprocessing, time-indexed network evaluation, and optimisation-based or learning-based de-
cision stages. Across the thesis, the implementation follows the same overall structure. First,
the PDN and TN datasets are prepared and aligned temporally. Second, time-varying charging-
demand inputs are constructed from traffic flow, accessibility, and behavioural assumptions.
Third, BESS and EVCS planning decisions are obtained using the designated optimisation
modules. Finally, where relevant, real-time control logic and V2G-related operational mecha-
nisms are applied. This modular implementation improves transparency, simplifies debugging,
and enables the modelling framework to be progressively extended from RQ1 to RQ3 without
redesigning the entire computational workflow.

In the grid-oriented studies, the implementation focuses on the coordinated evaluation of
BESS and EVCS decisions over 48 half-hour time intervals using real smart-meter and PV data.
In the coupled PDN-TN studies, this structure is extended to include traffic-flow estimation,
road-impedance computation, charging-demand construction, queueing evaluation, and EVCS
accessibility assessment at each time interval. In the V2G-aware scenarios, the same environment
is further enriched by participation-profile assignment, market-flexibility activation logic, and
local BESS-gain optimisation under real-time voltage conditions. The resulting computational
structure reflects the thesis’s layered progression and ensures that each successive RQ builds on
a consistent implementation base rather than introducing disconnected, standalone simulations.

The coupled simulations reported in the later journal studies were executed on an AWS EC2
r7i.16xlarge instance running Windows Server, equipped with 64 vCPUs, 512 GB RAM, and
a 512 GB EBS SSD. This environment was selected to provide sufficient memory headroom and
stable runtime performance for multi-time-step optimisation and reinforcement-learning proce-
dures. Under this setup, the complete 48-time-step simulation of the coupled PDN-TN frame-
work on the modified IEEE 33-bus system converged within a few minutes. In the second journal
study, the overall runtime was approximately 5-8 minutes, corresponding to roughly 6-10 sec-
onds per time step. This level of computational performance is suitable for engineering-oriented
planning studies within the selected benchmark and data-driven case-study environment.

From a computational perspective, the framework benefits from structural decomposition.
The BESS planning task is handled by a GA-based module that is suitable for global search
under mixed discrete—continuous feasibility constraints, while the EVCS planning task is handled
by a DDPG-based module that learns sequential deployment decisions under evolving traffic
and charging conditions. This separation avoids repeatedly solving a single monolithic mixed-
decision problem over the full coupled PDN-TN state space. As a result, the computational
burden remains manageable for the case studies considered in this thesis, even when the model
includes spatiotemporal traffic variation, queueing effects, multiple performance objectives, and,
in advanced scenarios, V2G participation and market activation logic.

The memory footprint of the framework is also modest relative to the available computational
resources. In the journal studies, the replay buffer storage associated with the DDPG module re-
mained small relative to total system memory, and the overall peak RAM usage during complete
48-step runs was estimated at only a few gigabytes, dominated mainly by the reinforcement-
learning components rather than the GA module. This indicates that computational tractability
is achieved not by removing the key modelling interactions, but by decomposing the decision
process into manageable layers. The overall implementation, therefore, provides a practical
balance among runtime, memory usage, and solution quality within the evaluated case-study
settings.

The computational assessment is intentionally interpreted within the boundaries of the se-
lected test systems and datasets. In the first journal study, the methodology was evaluated on
both the modified IEEE 33-bus and IEEE 123-bus systems, showing that the grid-oriented plan-
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ning logic can be applied to benchmark feeders of different sizes. In the later coupled studies,
the modified IEEE 33-bus feeder served as the electrical backbone of the integrated Melbourne
TN case study. At the same time, the transportation side included 60 intersections, 95 roads,
and 48 time intervals. These experiments demonstrate that the implementation is sufficiently
tractable for the thesis case studies and can be adapted to alternative networks and datasets.
However, broader application to utility-scale feeders or more detailed city-wide transportation
models would require additional validation, including larger network models, expanded traffic
representations, and more systematic runtime analysis.

3.6.2 Reproducibility

The thesis’s reproducibility is supported by three main asset categories: benchmark network
models, real-world input datasets, and explicitly documented model configuration parameters.
The use of modified IEEE distribution feeders provides a standard and recognisable electrical
foundation, while the Melbourne/Victoria datasets ground the experiments in realistic oper-
ating conditions. This combination is important because it allows the results to remain both
interpretable to the research community and relevant to practical infrastructure planning.

On the electrical side, the principal reproducibility assets include the modified IEEE 33-
bus and IEEE 123-bus network models together with the smart-meter and PV data-processing
rules used to construct bus-level residential net-demand profiles. The household composition
assumptions, PV/BESS adoption ratios, feeder operating limits, BESS power bounds, SOC
limits, and time-step structure are explicitly specified in the thesis and consistently inherited
from the journal studies. This means the electrical test environment can be systematically
reconstructed once the underlying datasets and parameter settings are available.

On the transportation side, reproducibility is supported by the explicit use of real traf-
fic and infrastructure datasets, including VicRoads traffic measurements, public transport and
road-attribute information, and publicly available demographic or government datasets used to
estimate regional EV presence and travel conditions [55, 56, 57]. The thesis also documents the
preprocessing logic applied to these data, including cleaning, aggregation into 48 half-hour inter-
vals, spatial assignment to TN nodes and links, normalisation of impedance-related attributes,
and calibration of route-impedance coefficients. These steps are essential reproducibility assets
because they define how raw transport records are transformed into the graph-based mobility
representation used by the optimisation framework.

The charging-demand model is also reproducible because its principal probabilistic param-
eters are stated explicitly. The Gaussian-mixture parameters used for mileage-related mobility
variation and the Weibull parameters used for SOC-based charging probability are reported di-
rectly in the thesis, following empirically validated studies [11]. Likewise, the main charger-rate
assumptions, maximum queueing time, maximum service distance, EV penetration level, and
scenario-dependent V2G participation settings are documented in the system-parameter tables
and accompanying case-study descriptions. These details make the charging-demand construc-
tion transparent and reproducible, even when exact numerical demand values depend on the
specific traffic realisation and calibration inputs.

The optimisation and control configurations are similarly documented. The thesis reports
the principal GA and DDPG hyperparameters, including population size, number of genera-
tions, crossover and mutation rates, actor—critic architecture, batch size, learning rate, number
of episodes, and number of actions per episode. These values are part of the framework’s repro-
ducibility envelope because they materially affect convergence behaviour, runtime, and solution
quality. Their explicit documentation allows later researchers to reproduce the reported case
studies or to use them as a baseline for future extensions.

At the thesis level, reproducibility should be interpreted in a practical engineering sense
rather than in the narrow sense of reproducing every exact intermediate state of a stochas-
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tic learning process. Because the framework includes stochastic optimisation and RL, some
run-to-run variation may occur unless all random seeds, initialisation states, and software en-
vironments are fixed identically. Nevertheless, the modelling structure, parameterisation, and
data-processing pipeline are specified at a level sufficient for independent reconstruction of the
experiments and validation of the main findings. This level of reproducibility is appropriate
for infrastructure-planning research that combines benchmark systems, real-world datasets, and
learning-based decision modules.

3.6.3 Validity Boundaries and Adaptation Considerations

The findings of this thesis should be interpreted within the scope of its modelling assumptions,
data boundaries, and planning objectives. The framework is designed to support realistic,
data-informed infrastructure planning under typical urban operating conditions, but, like any
integrated planning methodology, it is subject to several validity constraints. Stating these
boundaries explicitly strengthens the thesis by clarifying what the framework can reliably do
and what lies outside its current scope.

A first validity consideration concerns temporal representativeness. The case studies are
based on typical weekday operation over a 24-hour horizon with 48 half-hour intervals, using
filtered days under moderate weather conditions. This choice is appropriate for planning-oriented
analysis because it captures the most relevant daily interactions among traffic flow, residential
demand, PV generation, and EV charging. However, it also means that rare extreme events,
such as major traffic disruptions, widespread outages, unusually severe weather, or emergency
charging surges, are not modelled explicitly. The thesis, therefore, supports robust planning for
normal daily variability rather than dedicated resilience analysis for exceptional conditions.

A second validity consideration concerns behavioural abstraction. Although the thesis in-
corporates a richer behavioural representation than many conventional EVCS planning studies,
including SoC-dependent charging probability, fast/slow charging choice, queueing effects, V2G
participation logic, and market-activation conditions, user behaviour is still represented prob-
abilistically rather than through individual-level, survey-calibrated micro-simulation. This is a
defensible choice for infrastructure-planning-scale studies, but it implies that the results should
be interpreted as system-level planning insights rather than exact predictions of individual users’
decisions.

A third validity consideration relates to network abstraction and geographic granularity. On
the electrical side, the thesis uses modified IEEE test feeders populated with real Victorian data
rather than proprietary utility feeder models. This is methodologically sound and common in
the literature because it balances benchmark transparency with practical realism. However, it
also means that the feeder topology is representative rather than a one-to-one digital twin of
a specific service area. Similarly, the TN is constructed from real Melbourne traffic and road
data but remains an abstracted graph-based representation rather than a complete city-scale
microscopic transport simulation. These choices are appropriate for strategic infrastructure
planning, but they define the scale at which the conclusions should be interpreted.

A fourth validity consideration concerns uncertainty in future EV uptake, charging tech-
nology, and participation behaviour. The thesis addresses part of this uncertainty explicitly
through scenario design, stress testing, participation-level comparison, and V2G profile vari-
ation. Nevertheless, longer-term changes in EV adoption rates, charger standards, electricity
pricing rules, and market participation behaviour may alter the precise quantitative outcomes
of future planning studies. For this reason, the thesis should be interpreted as providing a
structured planning framework that can be adapted to comparable contexts, rather than a fixed
forecast of future infrastructure configurations.

Despite these limitations, the proposed framework contains transferable elements when ap-
plied within comparable data, modelling, and planning conditions. The modelling architecture
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is modular, and its main components, PDN representation, TIN graph construction, traffic-
informed charging-demand estimation, queueing-based service logic, multi-objective planning,
and local control, can be adapted to other urban regions provided that similar datasets are avail-
able. In particular, the framework may be adapted to other Australian metropolitan settings
where comparable EV uptake, distributed PV penetration, and urban mobility patterns gener-
ate similar planning challenges. The use of explicit feeder constraints, graph-based transport
modelling, and documented parameter settings supports this adaptation, as the framework relies
on interpretable engineering quantities rather than location-specific black-box assumptions.

The framework can also be conceptually extended across planning horizons. Although the
thesis focuses on representative daily operation for infrastructure evaluation, the same method-
ology can be embedded into longer-term planning studies by updating demand, traffic, and
technology parameters. Likewise, the V2G and market-flexibility layer can be extended to
richer aggregator models, dynamic pricing mechanisms, or resilience-oriented operating condi-
tions if the corresponding datasets become available. This adaptability is one of the reasons the
framework has value beyond the specific case studies reported in the thesis.

Overall, the proposed experimental framework is computationally tractable, reproducible in
a practical engineering sense, and valid for the planning-oriented objectives it is intended to ad-
dress. Its conclusions should therefore be interpreted as robust infrastructure-planning insights
under realistic daily urban conditions, rather than as exact predictions under all possible con-
tingencies. Within that intended scope, the framework provides a credible basis for coordinated
EVCS and BESS planning in coupled power and transportation systems, as well as a structured
foundation for adaptation to comparable planning contexts.
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Chapter 4

Integrated EVCS—BESS Planning and
Operation in Distribution Networks

This chapter presents the first methodological stage of the thesis by addressing RQ1: coordinated
EVCS-BESS planning and operation within distribution networks. The purpose of this stage is
to establish the grid-oriented foundation of the overall planning framework before transportation-
network coupling and V2G participation are introduced in Chapters 5 and 6. At this stage, EV
charging demand is considered in terms of its impact on the PDN, and the central problem is
how to coordinate EVCS deployment with BESS placement, scheduling, and local voltage-based
control to improve feeder performance under time-varying demand conditions.

A key distinction in this chapter is the separation between the planning and operational
layers. The planning layer concerns infrastructure decisions made before real-time operation,
including the locations of EVCSs and BESS units, as well as the sizing or scheduling structure
required to support expected EV charging demand. These decisions determine the physical
allocation of charging and storage resources within the distribution network and are evaluated
against technical, economic, and environmental objectives. In contrast, the operational layer
concerns time-dependent actions that respond to the realised operating condition of the network.
In this chapter, these actions include BESS charge/discharge scheduling and the local voltage-
based control mechanism used to mitigate deviations between planned and realised demand.

This distinction is important because EVCS planning cannot be judged only by whether a
nominal infrastructure configuration satisfies steady-state constraints. In practice, realised EV
charging demand can deviate from the profile assumed during planning, and these deviations can
affect voltage quality, power loss, and voltage stability. Therefore, the framework developed in
this chapter links planning and operation without collapsing them into a single indistinguishable
decision block. The planning layer identifies suitable EVCS and BESS deployment decisions,
while the operational layer evaluates whether those decisions remain technically credible when
time-varying demand and local voltage conditions are considered.

The proposed decision structure consists of three connected components. First, the EVCS—
BESS planning problem is formulated as a multi-objective optimisation problem that captures
power loss, voltage stability, voltage deviation, economic cost, and environmental impact. Sec-
ond, a hybrid decision framework is introduced in which GA is used for BESS-related planning
decisions, DDPG for EVCS allocation decisions, and an adaptive BESS control module to sup-
port voltage regulation during operation. Third, the framework is evaluated using modified
IEEE 33-bus and IEEE 123-bus distribution networks populated with real Victorian demand,
rooftop PV, and EVCS profiles. This structure allows RQ1 to test not only whether coordinated
EVCS-BESS planning improves nominal feeder performance, but also whether the resulting in-
frastructure configuration remains operationally effective under stressed and variable demand
conditions.

The chapter is organised as follows. Section 4.1 formulates the EVCS-BESS planning prob-
lem by defining the decision variables, objective functions, and operating constraints. Section 4.2
presents the proposed decision framework and clarifies how the planning and operational layers
interact through GA, DDPG, and the voltage-based BESS control module. Section 4.3 presents
the simulation setup and numerical results for the modified IEEE 33-bus and IEEE 123-bus
feeders. Section 4.4 then translates the findings into practitioner-oriented design insights and
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explains how the results provide the grid-side foundation for the coupled PDN-TN planning
framework developed in Chapter 5.

4.1 Problem Formulation

This chapter addresses RQ1 by formulating the coordinated integration of BESSs and EVCSs
in a distribution network as a multi-objective optimisation problem. The formulation jointly
determines the siting, sizing, and operation of BESSs and EVCSs while satisfying network
technical limits and accounting for economic and environmental considerations. Consistent with
the thesis-wide progression introduced in Chapter 1, the focus here is on establishing a grid-
oriented planning-and-operation framework that moves beyond conventional maximum-demand
assumptions and toward a more realistic representation of EV charging integration in distribution
systems.

4.1.1 Decision Variables

The optimisation problem is defined in terms of three principal decision variables: x;, ¢;, and y;.
Variable x; is a binary siting variable indicating whether a BESS is installed at bus ¢, ¢; denotes
the corresponding BESS charge/discharge rate, and y; is a binary variable indicating whether
an EVCS is installed at candidate location j. Together, these variables represent both long-
term infrastructure decisions and time-indexed operational flexibility, allowing the framework
to coordinate BESS placement, BESS operation, and EVCS deployment within the distribution
network.

4.1.2 Objective Functions

The optimisation problem is constructed around five objective dimensions: power loss, voltage
stability, VD, economic cost, and carbon emissions. Together, these objectives capture the cen-
tral technical, economic, and environmental trade-offs associated with EVCS-BESS integration
in distribution networks.

Power Loss

Power loss through DN is calculated as:

M N
PFOSS = 373 an (PPl + Q1Qh) + Bun (@1 P = PQl) (4.1)
m=1n=1
where .
O, = ﬁ cos (0, — On) (4.2)
and .

In these equations, the sending- and receiving-end busbars are denoted by m and n, re-
spectively, and t denotes time. Additionally, the branch impedance from bus m to bus n is
Zmn = Tmn + JTmn, Where rm,, and x,,, indicate the resistance and reactance of the line con-
necting bus m to bus n, respectively. P and () indicate the real and reactive power of each
bus, respectively. V,, and V,, are the voltages of bus m and bus n, respectively, and the voltage
angles are indicated by d,, and ¢,,. Here, ., and B, capture the contribution of real and
reactive power flows, together with voltage-angle differences and line resistance, to feeder-level
power loss [7].
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Voltage Stability Index

Because an increasing and spatially concentrated load can push the feeder toward voltage insta-
bility, a VSI is used to quantify proximity to voltage collapse and is therefore maximised. It is
calculated as:

VSInis1 = (|Vins|* — 2P iRt — 2Qm7txm,t)2 —4(P2+ Q) (R2, + X2, (4.4)

1

VSlnt= ——F———
" min(vsinty1)

(4.5)

Here, R,,; and X, ; indicate the resistance and reactance of branch m at time ¢ [7].

Voltage Deviation

When integrating BESSs and EVCSs in DNs, voltage regulation is essential. VD is calculated
as:

M
VD= Vi = Vies (4.6)
m=2
Here, V;,, denotes the voltage at bus m, and V¢ is the nominal voltage value of each busbar [7].

Economic Objective

From an economic perspective, the formulation considers the installation and operational costs.
The installation cost is defined as:

B
Cinst = »_npcP. (4.7)
b=1

Here, n® and ¢? denote the number of BESSs and the unit cost of the BESS, respectively. B
indicates the candidate locations for installing BESSs, and b denotes each candidate location
[7].

The operational cost includes maintenance and grid power. The overall operational cost over
Y years is defined as:

R ss _ pssy (L+inf\'™
Cop =33 a (€55 x PSS) ( -+ mt) (48)
y=1 t=1 s=1
where Y and N are the number of years and scenarios, respectively. y, ¢, and s are indices
for the year, time, and scenario. ps is the probability of scenario s. The cost and amount of
power consumed by the substation are denoted by Ctsf and Pfss , respectively, and inf and int
indicate inflation and interest rates for a specific year [7].

The EVCS installation cost is excluded from this formulation because EVCS deployment is
assumed to rely on external funding and is therefore treated as exogenous to the grid-focused
optimisation problem. Under this assumption, the economic objective prioritises the placement
and operation of BESS resources required to mitigate the network impact of EVCS integration.

Environmental Objective

The environmental objective estimates the emissions associated with real-power import from
the substation:

Y
Cp =) P’ xEj (4.9)
y=1

61



Chapter 4

where PSSS is the real power imported from the substation, and E} is the carbon emission factor
in kg/kWh [7].

To manage these five objective functions within a single optimisation framework, the method
assigns time-dependent weights and aggregates the resulting objective values across the operating
horizon. From morning to noon, VD is given a higher weight. On the other hand, voltage
stability carries greater weight from noon to midnight, while the weights for power loss, economic
cost, and environmental cost remain equal across all time steps to ensure a balanced optimisation
approach.

The above objectives reflect the fundamental trade-off in RQ1. Minimising technical stress
on the network generally requires more supportive resources and operational flexibility, whereas
reducing economic cost favours fewer investments and lower operational interventions. Similarly,
reducing substation power import improves environmental performance, but this may conflict
with the most economical or operationally simple solution. Therefore, the proposed formulation
seeks an integrated planning outcome that balances grid performance, cost, and environmental
impact.

4.1.3 Electrical Constraints
The formulation is subject to three principal groups of constraints: power-balance constraints,
voltage limits, and BESS operational limits.

Power Balance Constraint

Power-flow equilibrium is enforced at the network level by requiring that the total real-power
supply balance the total real-power demand, charging demand, and feeder losses. At each time
step, PV generation and BESS discharge must collectively support household demand, BESS
charging, EVCS demand, and network loss. This requirement is expressed as:

M M M M '
(PLOSS 4 PEOAP - pCTY + NN " PEY =" pPG 4+ Y phie (4.10)
m=1 m=1peP m=1 m=1

where PnLloss , P/;;OAD , and PgH denote the power loss, load, and BESS charging power at

bus m, respectively. In addition, PT],:;G and PP are the real power generated by PV and the
real power discharged from BESS at bus m.
Voltage Constraint

To preserve power quality, the voltage magnitude at each bus must remain within the permissible
operating range:
szngvm Svmam m:172737"'7M' (411)

This study considers the lower and upper voltage bounds at 0.95 pu and 1.05 pu, respectively.
BESS Operational Constraint
The proposed method calculates the state of charge (SoC) as follows:
SOC;(t+1) = SOC;(t) + T x P;(t) (4.12)

where P;(t) and SOC;(t) denote the rate of charge/discharge and SoC of the BESS at bus ¢ and
time ¢, respectively. Since SOC is expressed in kWh and the dataset’s time step is 30 minutes,
T is set to 0.5.
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Furthermore, the proposed method protects the BESS from overcharging or deep discharging:
SOCpin < SOC;(t) < SOCh4z- (4.13)

Accordingly, the feasible charging and discharging trajectory of each BESS is constrained
by the corresponding SOC,,;, and SOC),q, bounds. Here, SOC,,,,; and SOC,,;, are set as 0.9
and 0.2 of the BESS capacity, respectively.

Together, these constraints ensure that the obtained planning solution is not only optimal
with respect to the selected objectives but also physically feasible, grid-compliant, and opera-
tionally implementable.

4.2 Decision Framework for EVCS—-BESS Integration

This section defines the solution architecture for operationalising the RQ1 problem formulation.
The framework jointly addresses infrastructure planning and operational adaptation to deter-
mine suitable EVCS and BESS decisions while preserving network feasibility under time-varying
demand. Building on the formulation in Section 4.1, the chapter adopts a hybrid strategy that
combines evolutionary optimisation and RL.

The proposed method first finds the optimal size and location of BESS and EVCS based on
a typical EVCS consumption profile. Then, it designs an optimal controller for BESS charging
to compensate for the deviations of EVCS charging from the typical value. The optimisation
framework uses the objective functions in Eqgs. 4.1, 4.5, 4.6, 4.7, 4.8, and 4.9, together with the
constraints in Egs. 4.10, 4.11, and 4.13, to determine BESS locations, BESS operating schedules,
EVCS locations, and voltage-control gains.

The combined use of GA and DDPG reflects the different decision structures of the two
planning tasks. GA is used for BESS planning because it is well-suited to static, discrete, multi-
objective search over siting and scheduling decisions. DDPG is used for EVCS planning because
it can learn sequential placement decisions in dynamic, high-dimensional system conditions.
This hybrid decomposition improves computational tractability while preserving adaptability
under uncertain EVCS demand.

In the following subsections, the proposed framework is described in two layers: a planning
layer responsible for optimal infrastructure placement, and an operational layer responsible for
real-time control.

4.2.1 Infrastructure Planning Layer

As shown in Fig. 4.1, the planning layer consists of two complementary modules: a BESS inte-
gration module and an EVCS integration module. Together, these modules determine the spatial
allocation of BESS and EVCS assets and, where relevant, the corresponding BESS operating
schedules.

BESS Planning and Integration Module

This module uses GA to solve the multi-objective BESS planning problem under mixed dis-
crete and time-indexed decision constraints. Within the RQ1 framework, GA is responsible for
identifying suitable BESS locations and corresponding charge/discharge schedules across the op-
erating horizon. By locating BESS units at electrically influential buses and coordinating their
operation over time, the module improves voltage stability, reduces feeder losses, and increases
the network’s ability to accommodate EVCS demand [62, 38].
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Figure 4.1: Proposed framework for coordinated EVCS-BESS planning and operation in distri-
bution networks.

EV Charging Infrastructure Planning Module

This module formulates EVCS placement as a multi-objective Markov decision process and
solves it using DDPG. The actor—critic structure is used to learn sequential EVCS placement
decisions under evolving network conditions, in which the actor proposes actions, and the critic
evaluates them based on the resulting reward. In the present context, the state at time step ¢
represents the configuration of the DN, including PVs, loads, BESSs, and EVCSs; the action
corresponds to the updated EVCS placement decision; and the reward reflects the aggregated
objective value associated with that decision [63, 64]. To further stabilise the learning process,
both the actor and critic elements must possess corresponding target networks, denoted as 6%
and 9’50, to change Q-values through:

0% « 104+ (1 -T)04 (4.14)

0L <+ T + (1 — Tk (4.15)

Each action a; taken in state s, generates a tuple Sy, Ay, Ry, Si+1 stored in a replay buffer D,
from which mini-batches are randomly sampled to update the actor and critic networks.

1
L= Z (?Jt — C’(Sﬂ@o))2 (4.16)
teT
Yyt = Ry + v max Q(Si+1,a141|04) (4.17)
at+1€A

In this context, when determining the optimal placement of EVCSs, the state of the DN at
each time step t is treated as the current state S;. It includes the places and sizes of PVs, loads,
BESSs, and EVCSs. The action A, on the other hand, is the newly found places of EVCSs that
transfer the current state S; to Si11. The aggregated objective value associated with action Ay
is used as the reward signal R;.
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4.2.2 Real-Time Operational Control Layer

The operational layer manages deviations between the EVCS demand profile assumed during
planning and the actual charging behaviour observed in operation. To address this, a distributed
BESS control mechanism is introduced to regulate BESS charging and discharging dynamically.

Adaptive BESS Voltage Control Mechanism

To mitigate the impact of real-time deviations from the EVCS demand profile used for BESS
siting and sizing, a real-time controller has been integrated into the BESS system. It controls
the charging rate of the BESS based on the locally measured voltage as

Pi(t) = K ()[Vi(t) — Vi (4.18)

Where Vj(t) and K;(t) denote the voltage of bus ¢ and the control gain, respectively, all
at time step t. Vj, is the nominal voltage of the bus. Based on 4.18, if the EVCS demand is
higher than the typical value such that a voltage drop is sensed on the bus, the BESS starts to
discharge to compensate for it.

The Control Gain module in Fig. 4.1 calculates the optimal value of the gain K;(t) for all
time steps across the 24-hour operating horizon. The proposed method utilises GA to calculate
the K;(t) while satisfying the constraint in Eq. (4.13) for already located BESS. This distributed
control scheme eliminates the need for the extensive communication infrastructure required by
centralised control strategies.

The two-stage structure of the framework ensures computational efficiency. The planning
stage determines the optimal locations and sizes of BESS and EVCS units using GA and DDPG,
while the operational stage dynamically adjusts BESS charging behaviour in response to real-
time network conditions.

Overall, the proposed framework integrates long-term planning decisions with real-time
operational control strategies, enabling distribution networks to accommodate increasing EV
charging demand while maintaining voltage stability and reducing the need for costly network
upgrades.

4.3 Evaluation of the Proposed Planning Framework

This section presents the simulation results and discussion for RQ1. The proposed framework
is evaluated for its ability to identify suitable EVCS-BESS planning decisions and to maintain
acceptable distribution-network performance under both nominal and stressed operating condi-
tions. The results are organised according to the planning-and-operation logic developed earlier
in the chapter.

4.3.1 Simulation Setup

The common data environment, feeder construction, and principal modelling assumptions have
already been defined in Chapter 3. Accordingly, only the RQ1-specific elements of the simulation
setup are summarised here.

The RQ1 framework is evaluated on the modified IEEE 33-bus and IEEE 123-bus distri-
bution networks to assess both planning performance and scalability. The electrical demand
environment is constructed from Victorian smart-meter and PV data over a representative 24-
hour weekday horizon with 48 half-hour time steps. Figure 4.2 shows the resulting average
smart-meter profile, while Fig. 4.3 illustrates the modified IEEE 33-bus network used for the
principal RQ1 case study.
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Figure 4.2: Average smart-meter demand profiles used in the IEEE 33-bus and IEEE 123-bus

case-study networks.
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Figure 4.3: Modified IEEE 33-bus distribution feeder used for EVCS-BESS planning and oper-

ation analysis.

The feeder-level PV penetration, household composition, BESS operating assumptions, and
optimisation settings follow the common configuration documented in Chapter 3. For the IEEE
33-bus case, the framework identifies four BESS and four EVCS locations; for the IEEE 123-bus

case, the corresponding larger-scale configuration is reported in Table 4.1.
The principal RQ1 parameters are summarised in Table 4.2 for completeness; however, the

Table 4.1: Optimal BESS and EVCS locations in the modified IEEE 33-bus and IEEE 123-bus

networks.

Network BESS Location EVCS Location
33Bus 7, 14, 15, 21 2, 24, 26, 30

2, 15, 19, 35, 58 13, 30, 33, 39, 40
123-Bus 62, 63, 78, 80, 86 44, 48, 58, 71, 84

100, 103, 107, 113, 120 89, 95, 101, 109, 116
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Figure 4.4: BESS charge/discharge profile over the 24-hour planning horizon for the IEEE 33-
bus case study.

Figure 4.5: Time-varying EVCS demand profile used in the planning and control analysis.
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Figure 4.6: Voltage profiles of the IEEE 33-bus network under fixed, real, upper-bound, lower-
bound, and controlled EVCS demand scenarios.

Table 4.2: Key parameters used for EVCS-BESS planning and operation in distribution net-

Parameters

Value

BESS installation cost

BESS operational cost
Duration of project

Interest rate

Inflation rate

Carbon emissions

Open-circuit voltage
Short-circuit current

Voltage temperature coefficient
Current temperature coefficient
Cost of power from the substation
Real power from the substation
Threshold voltage

Minimum of Voltage

Maximum of Voltage

1.161 $/kWh
0.625 $/kWh
10 years
3.6%

3.2%

0.554 kg/kWh
3BV

8 A

0.1°C

0.05 °C

5 $/kWh

105 kW

230 V

216 V

253V

common parameterisation and data-construction logic are defined in Chapter 3.

This simulation setup establishes the planning context for evaluating the proposed framework
under both nominal and stressed EVCS demand conditions. It also enables consistent compar-
ison of planning decisions and operational performance across two scales of the distribution
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Figure 4.7: Voltage profiles of the IEEE 123-bus network under fixed, real, upper-bound, lower-
bound, and controlled EVCS demand scenarios.

4.3.2 Planning Outcomes

After initialising the network with real data and ensuring that voltage levels remained within
the acceptable range, the GA was first applied to determine the optimal locations and
charge/discharge rates of the BESS, as shown in Fig. 4.4. The DDPG module was then employed
to find the optimal locations for EVCS. The framework adopts a hierarchical implementation
in which BESS locations and operating schedules are determined first, followed by EVCS place-
ment based on the resulting feeder conditions. The EVCS sizing pattern shown in Fig. 4.5
is inspired by [65]. This method leverages real-world data from EVCSs in Victoria, Australia,
using their 24-hour load profiles to determine the EVCS rate of change. To further assess the
proposed method’s robustness, simulations were performed using data scaled to 10 times the
actual values (representing a peak-load scenario on a very busy day) and to 0.1 times the actual
values (representing a very quiet day). The results for the IEEE 33-bus network are illustrated
in Fig. 4.6, with similar outcomes shown for the IEEE 123-bus network in Fig. 4.7.

As shown in parts A, B, and D of Fig. 4.6 and Fig. 4.7, the voltage profiles of the buses
exhibit stable behaviour across all time steps and remain within the acceptable range when
using both the fixed pattern sizing and the actual data, as well as when using one-tenth of the
real data. However, when the data is scaled up by a factor of 10, i.e., section C of Figs. 4.6
and 4.7, significant voltage drops occur at specific time steps, such as 7:00 p.m. This indicates
that the network struggles to handle the high demand at charging stations during peak times,
leading to potential instability and failures.

These findings underscore the importance of correctly sizing EVCSs to maintain voltage
stability across the network. Using real-world data to set a fixed EVCS charging rate, com-
bined with dynamic BESS control, is essential to prevent detrimental voltage fluctuations and
ensure reliable power system operation. To mitigate voltage fluctuations, including unexpected
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Figure 4.8: Voltage-error profile for the IEEE 33-bus feeder under different EVCS demand and
control scenarios.

Figure 4.9: Voltage-error profile for the IEEE 123-bus feeder under different EVCS demand and
control scenarios.

rises and drops, a Control module was implemented to adjust the BESS charge/discharge rates
dynamically.

The above results demonstrate that the proposed planning framework can identify a feasible
and effective EVCS-BESS configuration under realistic daily operating conditions. At the same
time, they show that planning decisions alone are insufficient under extreme EVCS demand
scenarios, thereby underscoring the importance of the operational control layer introduced in
Section 4.2.

4.3.3 Benchmark Comparisons

To complement the network-level response analysis, this subsection presents two additional
perspectives established in the preliminary stage of RQ1 that remain useful for interpreting the
final planning logic. First, the required balance between EVCS and BESS units is examined.
Second, the proposed method is compared with alternative benchmark methods to assess its
relative planning performance.
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Figure 4.10: Voltage-profile evolution across the main planning and control stages of the pro-
posed framework.

Balance Between EVCS and BESS Units

This subsection examines the balance between the number of BESS and EVCS units required to
satisfy the optimisation problem. To demonstrate that the voltages of different busbars remain
within the minimum and maximum values, we measure the voltages before the GA, after the
GA, and after the DDPG. As shown in Fig. 4.10, voltages of all busbars are in the acceptable
range when there is no EVCS or BESS added to the network. Then, we determine the locations
and sizes of 4 BESS units using the GA method and add them to the network. Subsequently,
using the DDPG algorithm, we determine the optimal locations and sizes of 4 EVCSs in the
network. In the implementation, the maximum sizes of EVCS and BESS are set to 1000 kW
and 300 kW, respectively.

In the next step, we study the correlation between the number of EVCSs and BESSs in a
network. For example, we first add four EVCSs to busbars 5, 10, 12, and 20 of the network
and three BESSs to busbars 12, 16, and 18. As shown in Fig. 4.11, with 3 BESS units, a
significant voltage drop occurs across busbars 30-33. Therefore, the optimisation framework
fails to converge when three BESSs are added to the network. In the case of four BESSs, the
optimisation problem converges, and the BESS sizes and locations keep the voltage within the
specified range. Fig. 4.11 also shows the acceptable result when six BESSs are connected to the
network; however, from the economic perspective, having four BESSs in the network is preferred.

To conduct a comprehensive study, we established a framework to determine the minimum
number of BESS units required to compensate for a given number of EVCSs. Fig. 4.12 shows
that as the number of EVCS units increases, the required number of BESSs also increases. For
example, when we have six EVCS on busbars 4, 6, 9, 17, 25, and 29, we need at least six BESS
units to satisfy the optimisation framework’s constraints.

These results make the planning trade-off of RQ1 more explicit. They show that EVCS
deployment cannot be determined independently of supporting storage capacity, and that the
proposed framework can identify the minimum BESS support level needed to maintain technical
feasibility while avoiding unnecessarily conservative investment decisions.

Comparison with Benchmark Methods

This subsection compares the proposed method, GA-DDPG, with PSO-DDPG, WOA-DDPG,
and WOAGA-RL techniques [7]. Table 4.3 shows the result of this comparison. The results
show that the proposed technique can accommodate a higher EVCS capacity than has been
reported in the literature. In particular, for the IEEE 33-bus network, the proposed technique
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Figure 4.11: Voltage profiles under different BESS deployment levels for a four-EVCS network
configuration.

Figure 4.12: Relationship between EVCS deployment level and required BESS support in the
distribution network.

can optimally locate four EVCS with a total power of 3,382 kW, compared to 2,740 kW for
PSO-DDPG and 2,685 kW for WOA-DDPG. This has been done by adding almost the same
amount of total BESS as shown in Table 4.3.

Table 4.3: Comparison of BESS and EVCS allocation decisions across the proposed and bench-
mark planning approaches.

Method BESS EVCS
Location Size (kW) Location Size (kW)
PSO-DDPG 3, 15, 24, 28 283.6, 282, 295.3, 270 2,15, 20, 30 | 552.4, 871.3, 778.2, 539.1
Proposed method 9, 14, 16, 17 278.4, 279.1, 290.6, 274.3 5, 10, 12, 20 | 838.3, 996.42, 595.1, 952.3
WOA-DDPG 11, 12, 16, 18 243.2, 232.3, 249.6, 242.5 2,4,8, 28 | 573.4, 759.8, 620.6, 733.6
WOAGA-RL [7] | 9,9, 10, 13, 18, 21 | 278.4, 246.7, 23.8, 135.3, 297.4, 80.7 | 4, 13, 22, 28 N/A

This benchmark comparison reinforces the planning interpretation of the RQ1 framework.
It shows that the coordinated GA-DDPG strategy is not only technically feasible but also more
effective at accommodating larger EVCS capacity while maintaining a similar level of BESS
support. From a practical viewpoint, this suggests that the proposed framework offers a more
resource-efficient pathway for EVCS deployment in constrained distribution networks.

4.3.4 Control Effectiveness Under Demand Variability

As outlined in Section 4.2, the Control Module leverages the GA to determine the optimal gain
(K) values that prevent voltage fluctuations outside the predefined range. The gain control
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adjusts the BESS charge and discharge rates to ensure that, even with real EVCS data, the
network voltage and SOC remain within the desired limits. Acting as a regulator for the bat-
tery network, the Control Module compensates for EVCS impacts on voltage levels, thereby
mitigating potential voltage drops. Parts E and F in Fig. 4.6 show the voltage profile of the
IEEE 33-bus network after implementing the Control Module, clearly showing that the volt-
age remains within the predefined range. Similarly, parts E and F of Fig. 4.7 show that the
IEEE 123-bus network remains within the permissible voltage range after activating the control
module under the stressed upper-bound and lower-bound EVCS demand scenarios.

To further demonstrate the control module’s effectiveness in maintaining voltage within the
predefined range, a new metric was introduced to quantify voltage error. This metric measures
the maximum deviation from the nominal voltage of 230 V at each time step. As shown in Fig.
4.8 and Fig. 4.9, after running the control module, the voltage error is significantly reduced,
indicating the module’s efficacy.

This result confirms that the operational layer of the proposed framework provides the
additional flexibility needed to maintain acceptable voltage performance when EVCS demand
deviates from the typical planning profile. Hence, the integrated planning and control structure
adopted in RQ1 is not only computationally effective but also operationally robust across both
medium- and large-scale test networks.

Overall, the RQ1 results show that coordinated EVCS-BESS planning can maintain accept-
able distribution-network performance under realistic daily operating conditions. At the same
time, the adaptive control layer provides the additional flexibility required during stressed-
demand scenarios. The results also confirm that the framework remains effective across both
the IEEE 33-bus and IEEE 123-bus systems, indicating that the underlying planning logic is
scalable and operationally robust. These findings complete the answer to RQ1 and motivate the
practitioner-oriented design insights presented next.

4.4 Practitioner-Oriented Design Insights

The results of RQ1 provide several practical insights for distribution network planners, EV
charging infrastructure developers, and industry stakeholders involved in EV integration. Over-
all, the findings show that reliable EVCS deployment in distribution networks cannot be achieved
through isolated siting decisions alone; instead, it requires coordinated planning of charging in-
frastructure, supporting storage, and local operational control.

A first key insight is that BESS allocation should be driven by grid-support value rather
than simple co-location with EVCS assets. The results show that placing BESS units at buses
with greater influence on voltage conditions and local demand variability improves voltage per-
formance, reduces losses, and increases the network’s effective hosting capability. For practice,
this means storage should be treated as a network-support asset, not merely a charger-adjacent
resource.

A second insight is that EVCS planning based on representative daily demand patterns is
more practical than relying on worst-case peak assumptions. The simulation results show that
typical demand profiles can support realistic infrastructure sizing, while avoiding unnecessarily
conservative investment decisions. This is particularly important in real-world deployment set-
tings, where over-sizing the support infrastructure can undermine the economic viability of EV
charging rollouts.

A third insight is that planning decisions alone are insufficient when charging demand de-
viates materially from the profile adopted during planning. The results under stressed-demand
conditions show that adaptive BESS control is necessary to maintain acceptable voltage perfor-
mance amid operational uncertainty. In practical terms, this implies that future-ready EVCS
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deployment strategies should include both a planning layer for infrastructure allocation and an
operational layer for real-time corrective response.

The results also indicate that the framework is scalable and implementation-oriented. Its
effectiveness on both the IEEE 33-bus and IEEE 123-bus systems suggests that the planning logic
is transferable to networks of different sizes. In addition, the distributed voltage-based control
scheme reduces communication and coordination requirements, which improves its suitability
for staged deployment in real distribution systems.

From an industry deployment perspective, the main implication of RQ1 is clear: EVCS and
BESS should be planned jointly, using realistic demand data and supported by local control
capability. This integrated approach provides a technically reliable and operationally adaptive
pathway for EV charging integration, while reducing the need for unnecessarily conservative net-
work augmentation. These findings lay the foundation for the next stage of the research, in which
the planning problem is extended beyond the distribution network to include transportation-
driven charging demand and user accessibility.
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Chapter 5

Traffic Informed EVCS Planning using
Coupled Transport—Distribution Networks

This chapter addresses RQ2 by extending the planning logic of Chapter 4 from grid-oriented
EVCS-BESS planning to a coupled PDN-TN setting. While Chapter 4 evaluated EVCS deploy-
ment primarily from the perspective of distribution-network feasibility and local BESS support,
the present chapter introduces the transportation network as an explicit source of charging-
demand formation. The central question is how EVCS planning changes when charging demand
is no longer treated as an exogenous electrical load, but is instead derived from traffic-informed
mobility patterns, accessibility conditions, and queueing behaviour.

The chapter, therefore, reformulates EVCS deployment as a coupled infrastructure planning
problem. In the transportation layer, traffic activity, road impedance, travel distance, and
service accessibility determine where and when EV charging demand emerges. In the power
distribution layer, the resulting charging demand must be met without violating feeder capacity,
voltage limits, or network performance requirements. The coupling between these layers creates
a planning problem in which mobility-attractive locations are not necessarily electrically feasible,
and electrically favourable locations are not necessarily attractive or accessible to EV users.

A key distinction in this chapter is between demand formation, infrastructure planning,
and operational feasibility. Demand formation refers to the construction of time-varying EV
charging demand from TN conditions. Infrastructure planning involves siting and sizing EVCSs
and placing supporting BESS units. Operational feasibility refers to the ability of the PDN to
accommodate the resulting charging demand while maintaining acceptable voltage, power loss,
and service-capacity conditions. This separation is important because it prevents the coupled
framework from becoming a black-box optimisation exercise and clarifies how transportation-side
and power-side mechanisms influence the final planning outcome.

The proposed framework is organised around three connected components. First, a coupling
architecture maps traffic-informed charging demand from TN nodes to candidate EVCS loca-
tions and corresponding PDN connection points. Second, an integrated multi-objective formula-
tion captures infrastructure cost, technical grid performance, user travel cost, queueing effects,
and cross-network feasibility constraints. Third, a hybrid GA-DDPG optimisation workflow
is used to coordinate BESS and EVCS decisions under time-varying traffic-informed demand.
The framework is evaluated using real Melbourne/Victoria traffic data coupled with a modified
IEEE 33-bus distribution network, enabling the chapter to examine how traffic-informed demand
affects infrastructure decisions compared with grid-only or simplified planning paradigms.

The chapter is organised as follows. Section 5.1 introduces the PDN-TN coupling architec-
ture and defines how transportation-side demand is mapped into distribution-network planning.
Section 5.2 presents the integrated multi-objective formulation, including cost, accessibility,
service-capacity, and cross-network feasibility terms. Section 5.3 describes the hybrid GA—
DDPG solution workflow and benchmark models. Section 5.4 presents the case-study results,
benchmark comparisons, and mechanistic interpretation of coupling effects. Finally, Section 5.5
translates the findings into practitioner-oriented planning guidance and establishes the basis for
the V2G and market-flexibility extensions developed in Chapter 6.
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5.1 Coupling Architecture

The coupled planning problem considered in RQ2 arises because EV charging demand is gen-
erated in the TN but must be physically supplied through the PDN. The role of the present
section is therefore to define the architecture that maps mobility-driven charging demand to
PDN loading and infrastructure decisions.

The coupled planning problem considered in RQ2 arises because EV charging demand is
generated within the TN but must be physically supplied through the PDN. The role of this
section is therefore to define the architecture that maps mobility-driven charging demand to
PDN loading and infrastructure decisions. From the PDN perspective, planning decisions must
preserve voltage stability, reduce power loss, and respect feeder and storage operating limits.
From the TN perspective, charging infrastructure must remain accessible, limit travel burden,
and avoid excessive queueing delay. The coupled architecture, therefore, provides the basis
for evaluating EVCS and BESS deployment decisions across both infrastructures rather than
treating either network in isolation.

To capture these interactions, this work models the coupled system as two interacting graphs:
a PDN that supplies energy to EVCS units and a TN that generates charging demand through
traffic flows. The integration of these networks allows charging demand to propagate dynamically
from traffic nodes to electrical buses, thereby enabling coordinated planning of EVCS placement
and grid-support resources, such as BESSs.

This coupled representation provides the foundation for the multi-objective optimisation
framework developed in this chapter. The framework integrates traffic-derived charging de-
mand, grid operational constraints, and infrastructure investment costs to determine the optimal
locations and capacities of EVCS and BESS units.

5.1.1 Power Distribution Network—Transportation Network Joint Modelling

Within the proposed architecture, the transportation and power networks are linked via a map-
ping mechanism that associates traffic intersections with candidate locations for charging in-
frastructure in the distribution network. In this representation, traffic nodes generate charging
demand while electrical buses supply the corresponding charging power.

Through this mapping, charging demand originating from mobility patterns is translated
into electrical load injections within the PDN. This mechanism ensures that EVCS placement
decisions remain consistent with both transportation accessibility and electrical feasibility.

To ensure operational feasibility across the coupled system, several cross-network constraints
must be respected. First, the voltage magnitude at each distribution bus must remain within
the operational limits defined by grid codes. Second, the total charging demand assigned to each
EVCS must remain within transformer and station capacity limits. Third, spatial constraints
within the TN require that charging stations maintain minimum separation distances to avoid
redundant infrastructure and inefficient use.

Within this architecture, modelling traffic dynamics and EV charging demand is a key com-
ponent of the coupled planning framework. The following subsections, therefore, introduce
the traffic network representation and the demand-generation model used to translate mobility
activity into charging loads.

Modelling Traffic Network

Consistent with the common transportation-network representation defined in Chapter 3, the
TN is modelled as a graph composed of intersections and connecting road segments. In this
chapter, this representation is used to derive traffic-informed charging demand and to support
the coupled EVCS planning problem. Formally, the traffic network (TN) is represented as
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TN = {I,W,T}

I={ij|j=1,2,...,n}
W=A{w;;|i=12,...,n, j=1,2,...,n}
T={t|t=1,2,...,48}

(5.1)

where T'N denotes the traffic network system, I represents the set of intersections, and n
denotes the total number of intersections. W represents the road impedance matrix describing
travel impedance between intersections, and 1" represents the set of time steps, where the daily
operation horizon is discretised into 48 intervals corresponding to 30-minute periods [66].

Consider two connected intersections indexed as ¢ and j. The traffic flow between these
intersections can be estimated using the multi-parameter gravity model proposed in [59]

v
v = o
(2

3=t (5.2)

where Vzt] denotes the traffic flow between intersections ¢ and j at time step t. C represents a
proportionality coefficient, while /V; and N; denote the population sizes of the areas surrounding
intersections ¢ and j, respectively. The parameters o and 7y represent application-specific scaling
factors.

The road impedance term is calculated as

Wij=bozf + Y b xy; (5.3)
J
where z{ denotes the road saturation level during time step ¢, and y; represents various
infrastructure attributes that affect traffic conditions, including the number of traffic lights, bus
stops, tram stations, train stations, and traffic lanes. Additional factors, such as road width,
surface conditions, and weather, may also influence road impedance. The coefficients b and ¢
represent normalised weighting factors that quantify the relative influence of each contributing
parameter.
This representation allows the framework to capture both spatial heterogeneity in road in-
frastructure and temporal variation in traffic intensity across the TN.

Modelling EV Charging Demand

In the coupled RQ2 formulation, traffic flows alone are insufficient to determine charging demand.
Charging demand must also reflect EV energy consumption behaviour and the evolution of
battery SoC over the operating horizon.

For EVs, hourly driving mileage fluctuates throughout the day. Consequently, the hourly
mileage as a percentage of total daily mileage can be represented using a mixed Gaussian prob-
ability density function [67]

2
(==t
fol@) = mp xe (=) (5.4)
where 7, ur, and oy denote the weight, mean, and variance of the kth Gaussian component,

respectively, with Zszl m = 1.
Based on this distribution, the cumulative driving mileage at time ¢ can be expressed as

L@_%xfﬁmm_%xﬂw (5.5)

where Lg denotes the daily driving mileage.
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Assuming that the initial SoC of an EV battery is £y, the SOC at time ¢ can be represented
as
L(t)

lmax

SOC; = fo —

(5.6)

where ax denotes the maximum driving range of the EV when fully charged.
The decision of EV drivers to initiate charging is modelled using a Weibull probability
distribution:

fsoc(z) =a x bx zb~t x e’ (5.7)

The probability that an EV driver decides to charge when the SOC is 8 can therefore be
calculated as

B
Fsoc(B) = / fsoc(z) dz (5.8)
0
Accordingly, the probability that an EV requires charging while travelling at time ¢ becomes
50—#
Pcharg = / fSOC(x) dx (59)
0

Finally, the number of EVs requiring charging at intersection ¢ during time step t is calculated
as

N} =V} x a x Peparg (5.10)

where a denotes the EV penetration level within the traffic network, and V! = 37, V/,
represents the real-time traffic flow arriving at intersection i.

Through this formulation, the framework dynamically translates traffic activity into spatially
and temporally distributed EV charging demand. In contrast to static demand representations
rooted in classical location theory [68], this formulation reflects the fluctuating nature of EV
charging requirements across the TN.

This dynamic demand coupling plays a central role in the coupled PDN-TN planning ar-
chitecture. It ensures that charging infrastructure planning decisions remain aligned with real-
world mobility behaviour, thereby improving both the practicality and the realism of EVCS
deployment strategies.

5.2 Integrated Optimisation Formulation

Having established the coupled PDN—TN architecture and the traffic-informed demand propa-
gation mechanism, this section formulates the RQ2 planning problem as an integrated multi-
objective optimisation problem. The aim is to determine the locations and capacities of EVCS
and BESS units such that the resulting infrastructure remains technically feasible for the dis-
tribution grid, economically justifiable for investors and operators, and practically efficient for
EV users.

Unlike conventional EVCS planning models that prioritise a single stakeholder or a single
infrastructure layer, the present formulation explicitly captures the interaction among three
interdependent objective domains: grid-oriented technical performance, infrastructure-related
economic cost, and user-oriented accessibility and service quality. As a result, the formulation
evaluates not only the physical feasibility of EVCS deployment but also the trade-offs among
power-system security, charging-service convenience, and investment efficiency.
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Accordingly, the EVCS and BESS planning problem can be formulated as a multi-objective
optimisation problem that determines the optimal siting and sizing of charging infrastructure
while maintaining system feasibility across both the transportation and power networks. The
decision variables, therefore, include the location and capacity of EVCS units, the siting and
operational configuration of BESS units, and the corresponding operational states of the coupled
PDN-TN system over the planning horizon. The resulting formulation simultaneously minimises
technical grid impacts, infrastructure investment costs, and user travel-related costs subject to
power system, service capacity, and operational constraints.

5.2.1 Infrastructure Cost Objectives

The goal of the proposed optimisation approach is to determine the optimal locations and sizes
of EVCS units within a specified planning area, while accounting for the coupled objectives and
constraints of the traffic and power networks. Accordingly, the proposed method is formulated as
a multi-objective optimisation framework that minimises three main categories of cost functions:
technical costs, annual investment costs, and annual travel-related costs.

Technical Costs

This study considers three technical objective functions, including power loss, voltage stability,
and VD. These metrics collectively characterise the electrical impact of EVCS and BESS de-
ployment on the distribution network and provide a physically meaningful representation of grid
performance under traffic-driven charging demand.

Power Loss Power loss greatly affects distribution networks and is calculated as follows:

M N
PSS = 373 0 (PP 4 Q@) + Bunl @ Pl — LY G.11)
m=1n=1
where .
mn — o m — On 12
a T coS(0m — On) (5.12)
and r
/an = V:{;n Sin((sm - 571) (513)

In these equations, the sending and receiving buses are denoted by m and n, respectively. The
branch impedance from bus m to n is given by Z,.,, = Tmn + JTmn, and P and () represent the
real and reactive powers of each bus. V,,, and V,, denote the voltage magnitudes of buses m and
n, respectively, while d,, and J,, denote their voltage angles. Here, ay,, and B, capture the
contribution of real and reactive power flows, together with voltage-angle differences and line
resistance, to feeder-level power loss.

Voltage Stability Index Because increasing and spatially concentrated charging demand
can push the feeder toward voltage instability, a VSI is used to quantify proximity to voltage
collapse and is therefore maximised. It is calculated as

V8L = ([Vinal® = 2Pmi Rt — 2QmiXmye)? — 4(Ph 4+ Qo ) (Roy s + X1 1) (5.14)

1

min(vsip ¢41)

VSl = (5.15)

where R,,; and X,,; denote the branch resistance and reactance associated with the bus under

analysis at time step t, respectively. A higher VSI indicates stronger voltage stability, whereas
a lower value indicates greater vulnerability to voltage collapse under increased loading.
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Voltage Deviation When integrating BESS and EVCS units in distribution networks,
voltage regulation must be explicitly monitored:

M
VD, = Vi = Vieyl (5.16)
m=2

where V! denotes the voltage of bus m after integrating BESS and EVCS units at time step ¢,
and V,..y denotes the reference voltage. This objective captures the cumulative deviation of bus
voltages from the desired operating point and is therefore used as an indicator of power-quality
performance.

Taken together, these technical indices quantify complementary yet competing aspects of
PDN performance. Reducing power loss improves electrical efficiency, improving VSI enhances
voltage security, and minimising VD preserves power quality.

Annual Investment Cost

The annual investment cost comprises construction, maintenance, and loss costs. These costs
capture the economic burden associated with the deployment and operation of charging infras-
tructure and therefore provide the economic counterpart to the grid-performance objectives.
In contrast to the grid-oriented economic formulation of RQ1, the present chapter explicitly
includes EVCS construction, maintenance, and loss-related costs because infrastructure deploy-
ment in the coupled PDN—TN setting must be evaluated from both grid and service-investment
perspectives.

Construction Cost The construction cost Cyyuq for EVCS k primarily comprises the ex-
penses for purchasing equipment, land rental, and civil construction:

ro(l + 7rg)™0
Chuild = ( ( ) (NkCeharg + SkCorans + AkCield + AkCroof + Ch) (5.17)

1 —i—ro)”o -1

where ¢, ng, and Nj represent the discount rate, the lifespan of the EVCS, and the number of
available charging piles at EVCS k, respectively. S denotes the transformer capacity at EVCS
k (EW), ccharg and Cirans denote the cost per charging pile ($) and the unit cost for transformer
capacity ($/kW), respectively, and Ay specifies the area size of EVCS k (m?). Moreover, cgelq
and c¢.of denote the land-rental cost and shed cost per unit area ($/m2), respectively, and C},
denotes the civil engineering cost of EVCS k ($).

In contrast to studies that treat land, civil, and rental costs as constant parameters, the
present formulation explicitly accounts for the location-dependent variability of cgeld, Croof, and
Ch. As aresult, the construction cost calculation more accurately reflects the realistic differences
in siting conditions across candidate EVCS locations.

Maintenance and Operating Cost The labour and maintenance cost of EVCS equipment
is treated as the operating and maintenance cost:

Cmtn = VCbuild (5 18)

where v denotes the ratio of labour and maintenance cost to construction cost, typically set to
9%.

Loss Cost For EVCSs, the loss cost Cjogs primarily comprises line, charging, and transformer
losses. Line loss refers to the power dissipated along the cable from the charging pile to the
electricity metering point and is influenced by the cable length, conductor cross-section, and
temperature. Charging loss refers to the standby and operating losses of the charging pile.
Transformer loss includes both open-circuit loss and load loss:

C'loss = (Pline + Pcharg + Ptrans)TcPc - (pl X lcap + Pe X Ccap + pe X tcap)TcPc (519)
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where Piine, Peharg, and Pirans denote the annual line loss, charging loss, and transformer loss,
respectively (kW). These losses are calculated based on the corresponding loss rates (p;, p., and
pt) and the capacities (lcap, Ccap, and teap) of transmission lines, charging piles, and transformers.
T. denotes the annual operating hours (h), and P, is the electricity price ($/kWh).

These investment-related terms quantify the economic consequences of EVCS expansion and
provide the necessary counterbalance to user-centric and grid-centric objectives.

5.2.2 Charging Service Accessibility

Because EVCS accessibility depends on drivers’ time-varying locations within the TN, EVCS
placement directly affects users’ travel costs and service convenience. This component of the
formulation explicitly links the transportation-layer dynamics introduced in Section 5.1 to in-
frastructure planning decisions in the power network. As EV drivers travel through the TN,
their routing choices, travel distances, and waiting times collectively determine the effective
accessibility of charging infrastructure.

Annual Travel Cost

Travel cost is composed of the electrical energy cost associated with reaching the assigned EVCS
and the time cost associated with travelling and waiting:

C? = Cip + Crm (5.20)

The electrical energy cost for users, Cy,y, is determined based on the distance from intersection
1 to EVCS k:

L dig x N
_ i,k i
Chp = ZZ — P, (5.21)
t=1 i=1
The time cost for users, C,, includes both the travel time from their current location to
EVCS k and the queuing time at EVCS k:

T d; kX N!
Ckm = Z Z Z’Vitkz + Z Wé X Ctime (522)
t=1 i=1 2 t

where d; ; denotes the driving distance from intersection i to EVCS k (km), N} denotes the
number of EVs requiring charging at intersection i during time step ¢, V;tk denotes the driving
speed from intersection i to EVCS k (km/h), lyp denotes the mileage per unit of electrical energy
(km/kWRh), ctime denotes the value of driver time in the planning area ($/h), and P. denotes
the electricity price ($/kWh).

This decomposition allows the optimisation to evaluate the mobility-side consequences of
EVCS placement decisions explicitly.

5.2.3 Service Capacity

In addition to spatial accessibility, the practical performance of EV charging infrastructure
depends strongly on the service capacity of charging stations and the waiting times experienced
by EV users. Therefore, queueing dynamics are explicitly incorporated into the formulation.

The formulation assumes that EVCSs are equipped with two types of charging piles: fast and
slow. The EV charging process follows a first-come, first-served policy. Using the Markov tran-
sition process and the dynamic M/M/C queueing model [60, 61], the queuing time at charging
station k£ during time period ¢ is determined as

Wi =W, + Wi, (5.23)

81



Chapter 5

where W} 7 denotes the queuing time for users opting for fast charging at EVCS k during time
period t:

Py s ()\ft>Nk’f gt
wt, —__20f (AR x —bht 5.94
BLT (N = 1)U \ g Nijitfe — Af (5.24)
Ng,g—1 n N, -1
L (gt LA\ Ni,phop
Pr=| 2 n! <Mft> N f! <Mft “\ Norgs— Are (5.25)
n=0 ’ ’ ’ ’ ’ ’

Similarly, the queuing time for users opting for slow charging is

Pos ()\st)Nk’s Hst
Wi o= —2>% _ x : X — 5.26
ks (Nk,s - 1)' st Nk,sﬂs,t - >\s,t ( )
Nk,sfl N, —1
1 /\st>n 1 <)\st> ks ( Nks,ufst >:|
Pys = — < : + ’ X | ——m—m— 5.27
? 7;) n! Hs.t Nk,s! st Nk,sﬂs,t - )\s,t ( )

where Ay, and As; represent the numbers of EVs selecting fast and slow charging, respec-
tively, during time period t:
At = Nia (5.28)

Ast = Ni(1—a) (5.29)

where « denotes the probability of an EV opting for fast charging, this value varies over time,
being higher during the day and lower at night. To better simulate real driver behaviour, the
proposed method assigns different values of « across time steps. From 8 AM to 8 PM, « is set
to 0.5, indicating equal probability of choosing fast and slow charging. From 8 PM to 8 AM, «
is set to 0.2, indicating that EV drivers are less likely to choose fast charging during the night.
Ny, r and N ¢ denote the numbers of fast and slow charging piles at EVCS £, respectively, while
pyrt and gy denote the corresponding service rates during time period ¢.

These queueing relationships enable the framework to evaluate service performance under
varying demand levels and explicitly capture the operational effect of charging congestion on
user cost.

5.2.4 Cross-network Operational Feasibility

While the objective functions evaluate economic, technical, and service-oriented performance,
candidate solutions must also satisfy operational constraints derived from the physical behaviour
of the PDN and the service structure of the TN. These constraints ensure that charging demand
from transportation activity can be safely accommodated by the electrical infrastructure without
violating network stability limits.

The coupled nature of RQ2 requires that planning decisions remain feasible not only within
each network but also across the networks’ operational interactions.

Constraints of Power Distribution Network

The proposed method satisfies three key constraints related to power balance, voltage regulation,
and BESS operation.

Power Constraint To ensure realistic simulation and practical operation, the total active
and reactive power balance is enforced, preventing arbitrary power from entering or leaving the
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distribution network. Therefore, the total power at each bus, accounting for power losses and
EV charging demand, must satisfy

M M M M
(PEOSS 4 pEOAD 4 pCH) 1 37 37 pEVOS N7 pba 7 phis (5.30)
m—1 m=1pcEP m=1 m=1

where PéOSS , PTQOAD , and PTSH denote real power loss, load, and BESS charging power at bus
m, respectively. In addition, PP¢ and PP denote the real power generated by PV and the
real power discharged by BESS at bus m.

Voltage Constraint To preserve power quality, the voltage magnitude of each bus m must
remain within the allowable range:

Vrnin S Vm § Vmax (531)

where the lower and upper voltage bounds are set to 0.95 pu and 1.05 pu, respectively.
BESS Constraint The SoC of each BESS is updated as

SOC;(t + 1) = SOCi(t) + T x P(t) (5.32)

where P;(t) and SOC;(t) denote the charge/discharge rate and SoC of the BESS at bus ¢ and
time ¢, respectively. Since SOC is expressed in kW h and the data resolution is 30 minutes, T’
is set to 0.5. To protect the BESS from overcharging and deep discharge, the following bounds
are enforced:

SOChin < SOC;(t) < SOChax (5.33)
where SOCax and SOC;y, are set to 0.9 and 0.2 of the BESS capacity, respectively.

Constraints of Transportation Network

The planning of charging stations must also consider constraints arising from customer demand,
road-network configuration, and service quality. These restrictions are implemented to ensure
that: (i) queueing time during peak hours remains within acceptable limits, (ii) EVs can access
nearby charging stations without excessive detours, and (iii) charging-station spacing avoids
redundant and inefficient infrastructure clustering.

Waiting Time Constraint Let w(t) denote the waiting time of drivers at the EVCS during
time step t, and let wpyax denote the maximum allowable queueing time:

w(t) < Wmax (5.34)

Distance between EVCS and Intersection Let [;; denote the distance from traffic
intersection ¢ to EVCS k, and let [, denote the maximum driving distance of EVs when access
to a charging station is needed:

min(lix) < lmax (5.35)

Distance between EVCSs When d;;, the distance between EVCSs i and k, becomes
excessively short, it can lead to a high vacancy rate among charging piles and, therefore, to
inefficient use of infrastructure resources. Consequently, the spacing between two EVCSs must
exceed the minimum distance dpy;n:

di, 2 dmin (536)

Based on the relevant planning policies in Victoria, the minimum distance between EVCSs is
set to b km.

These PDN- and TN-side constraints ensure that the electrical network can physically and
operationally support the charging demand generated from the TN without violating voltage,
storage, accessibility, or service-quality limits.
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Overall, the integrated multi-objective formulation presented in this section establishes the
mathematical foundation for analysing the coupled planning problem introduced in RQ2. By
simultaneously capturing grid operational performance, infrastructure investment costs, and
user-oriented charging accessibility, the formulation enables a comprehensive evaluation of EV
charging infrastructure deployment within interconnected transportation and power systems.
The next section builds on this formulation and introduces a hybrid optimisation strategy to
compute coordinated BESS and EVCS planning decisions in the coupled PDN-TN environment.

5.3 Proposed Methodology

The integrated formulation of RQ2 defines a coupled planning problem in which charging demand
emerges from transportation dynamics, while the operational behaviour of the PDN constrains
the feasibility of the infrastructure. Solving this problem directly as a monolithic optimisation
model is challenging because the decision space contains heterogeneous variables, nonlinear
network interactions, time-varying demand states, and competing objective functions across
two infrastructure layers.

To address this complexity, the chapter adopts a hybrid solution architecture composed of two
complementary modules: a BESS integration module and an EVCS integration module. The first
determines grid-support configurations for BESS deployment and operation, while the second
determines the location and sizing of EVCS units under the coupled PDN-TN environment. This
decomposition is not merely computationally convenient; it also reflects the physical structure
of the planning problem, since BESS units primarily serve as grid-support resources, whereas
EVCS units serve as the interface through which transportation-side demand enters the electrical
network.

Accordingly, a GA is used for the BESS planning layer, and a DDPG algorithm is used for
the EVCS planning layer. The two methods are integrated sequentially: BESS decisions first
shape the feasible operating region of the PDN, after which EVCS siting and sizing decisions
are optimised under traffic-informed demand and grid-aware constraints.

Methodologically, this section serves two purposes. First, it explains how the mathematical
formulation of RQ2 is translated into a computational workflow that can be executed over the
48-step planning horizon. Second, it clarifies why the proposed hybrid structure is appropriate
for a problem that requires handling discrete siting variables, continuous operating decisions,
sequential demand evolution, and cross-network feasibility simultaneously.

5.3.1 Optimisation Architecture

This section introduces the computational architecture for implementing the coupled RQ2 plan-
ning framework. As illustrated in Fig. 5.1, the framework consists of two modules: the BESS
integration module and the EVCS integration module. First, the BESS integration module
identifies optimal locations and charge/discharge rates for BESS units, taking into account the
PDN’s objectives and constraints. Second, the EVCS integration module determines the op-
timal locations and sizes of EVCS units, taking into account the BESS integration module’s
output and the objectives and constraints of both the PDN and TN. This process is repeated
at each time step to maintain dynamic coordination across the coupled system. To match
the heterogeneous decision structure of the coupled PDN-TN problem, a hybrid GA-DDPG
scheme is adopted. GA addresses the BESS layer, where discrete siting variables and non-
linear power-flow constraints make feasibility-preserving global search particularly important.
DDPG addresses the EVCS layer, where deployment decisions must adapt over time steps in
response to evolving traffic and charging demand states and involve continuous sizing actions
alongside state-dependent trade-offs. The two methods therefore complement each other: GA
establishes a feasible grid-support configuration that constrains and regularises the downstream
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Figure 5.1: Proposed framework for traffic-informed EVCS-BESS planning in coupled PDN-TN
environments.

decision space, while DDPG learns an adaptive state—action policy within this bounded space,
thereby capturing spatiotemporal coupling without repeatedly re-solving the full mixed decision
problem.

In practical terms, the proposed architecture can be viewed as a two-layer planning engine.
The first layer assesses electrical feasibility by determining where storage support is required
and how it should operate over the time horizon. The second layer uses the feasible electrical
envelope to allocate charging infrastructure in ways that respond to evolving traffic demand,
user accessibility requirements, and queueing behaviour. This separation is particularly useful
in a coupled infrastructure setting because it avoids forcing a single algorithm to simultaneously
solve fundamentally different decision types under a single search mechanism.

From a thesis perspective, the importance of this architecture lies in how it operationalises
the coupled formulation in RQ2. The TN is not treated as an external post-processing layer,
and the power network is not treated as a static feasibility check. Rather, both layers interact
through time-indexed demand propagation, BESS support, and adaptive EVCS planning. This
architecture, therefore, provides a concrete computational realisation of the research hypothesis
that traffic-informed EV infrastructure planning must be solved as a coupled power—transport
decision problem rather than as two decoupled planning tasks.

5.3.2 Hybrid GA-DDPG Optimisation Workflow

Pseudocode 1 summarises the operational flow of the proposed method. The algorithm be-
gins by initialising the parameters of the GA and DDPG modules and generating the initial
GA population. At each time step, the GA module searches for feasible BESS siting and op-
erating solutions that satisfy PDN objectives and constraints. Once the BESS configuration
is extracted, the transportation-side demand is updated using the gravity-based traffic model
and the charging-demand model. Then, the DDPG module iteratively interacts with the en-
vironment to determine EVCS locations and sizes under the coupled PDN-TN objectives and
constraints.

The workflow, therefore, follows a sequential logic. For each time step, the electrical side
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of the problem is stabilised first, after which the transportation-driven charging demand is
mapped into the constrained electrical environment. This order is deliberate. Since EVCS
decisions induce additional time-varying load on the PDN, the BESS layer must first determine
the grid-support capacity available to absorb that demand. The EVCS layer can then optimise
deployment decisions within a system state that already accounts for power-system limits.

Algorithm 1: Hybrid GA-DDPG workflow for traffic-informed EVCS-BESS plan-
ning

Input : Data of PDN and TN
Output: Locations and charge/discharge rates of BESSs, locations and sizes of
EVCSs

1 Initialize GA and DDPG parameters
2 Generate the initial population for GA
3 for each timestep do

4 while 7 < iterations do
5 pop = Run GA considering objective functions and constraints of PDN
6 14—1+1
7 end

8 BESS _Locations, rate of charge/discharge = extract from pop
9 end
10 for each timestep do

11 Calculate traffic flow per road using Eq. 5.2

12 Calculate road impedance per road using Eq. 5.3

13 Calculate the number of EVs that need to be charged using Eq. 5.9
14 while i < numberOfEpisodes do

15 state = environment.reset()

16 while j < numberOfActions do

17 action = agent.act(state)

18 Evaluate objective functions and constraints of PDN and TN
19 nextState, reward = action.step(action)

20 agent.remember (state, action, reward, nextState)

21 state = nextState

22 j—g+1

23 end

24 agent.replay()

25 141+ 1

26 end

27 EVCS_Locations, EVCS_Sizes = extract from agent

28 end

29 return BESS_Locations, rate of charge/discharge, EVCS_Locations, EVCS_Sizes

In Algorithm 1, the symbols state, action, and reward correspond to the reinforcement-
learning representation of the EVCS planning problem. The state contains the time-indexed
system information required for decision-making, including traffic-demand conditions and grid-
relevant operating information. The action corresponds to EVCS deployment and sizing de-
cisions, while the reward captures the combined effect of PDN and TN objectives under the
imposed constraints. The replay mechanism enables the DDPG agent to learn from stored
experiences rather than from only consecutive transitions, thereby improving training stability.

This workflow highlights the sequential yet interdependent structure of the proposed solution
approach. BESS decisions first shape the feasible electrical operating region, after which EVCS
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decisions are optimised to remain responsive to traffic-derived charging demand. In this sense,
the hybrid workflow is not merely an algorithmic choice; it is a direct computational translation
of the coupled planning philosophy introduced in RQ2.

5.3.3 BESS Integration Module

The BESS integration module uses GA to determine time-resolved BESS siting and
charge/discharge profiles that satisfy the objectives and constraints defined in Section 5.2. The
BESS-related decisions are dominated by the need to preserve feasibility under nonlinear power-
flow constraints and mixed discrete—continuous variables, which motivates the use of a GA for
robust global exploration of the constrained solution space.

This module performs two key tasks. First, it identifies BESS locations and operating profiles
that preserve PDN feasibility by minimising power losses and enhancing voltage stability while
respecting operational constraints, including SOC limits and network topology. Second, given
these grid-support configurations, the GA computes corresponding charge/discharge schedules in
response to net-load variations and evolving grid conditions. This formulation enables effective
grid-support-oriented energy management while maintaining voltage and operational security.
This module incorporates temporal demand profiles, smart-meter-informed net demand, and
operational constraints, such as SoC thresholds and voltage limits, to construct a realistic grid-
support envelope for the coupled planning problem [38].

The GA is particularly well-suited to this module because the BESS planning subproblem
involves discrete siting choices and nonlinear electrical feasibility constraints. Population-based
search enables the method to simultaneously explore multiple candidate storage placements and
retain those that provide robust voltage support under time-varying demand. In this sense, the
BESS module not only optimises storage placement but also constructs the feasible operating
envelope within which EVCS planning can proceed.

From the perspective of Chapter 5, the BESS module is not merely an auxiliary compo-
nent. Its role is foundational because the grid-support capacity it provides directly influences
how much transportation-derived charging demand can be accommodated without violating
PDN constraints. In other words, BESS deployment expands the feasible region of the coupled
planning problem, allowing the EVCS module to search for charging-station configurations that
would otherwise be electrically infeasible.

5.3.4 EVCS Integration Module

The EVCS integration module employs the DDPG algorithm, an RL approach, to optimise
EVCS deployment and sizing decisions under spatiotemporal variations in traffic and charging
demand. By integrating traffic flow dynamics, the module jointly addresses PDN- and TN-
related objectives, including minimising user travel time, queuing delays, and infrastructure
investment costs. The spatial and temporal evolution of EV charging demand is modelled using
a gravity model and Gaussian probability density functions, enabling state-dependent demand
characterisation.

Within a multi-objective Markov decision process framework, DDPG learns an adaptive
state—action policy that efficiently handles high-dimensional decision spaces and sequential trade-
offs. The actor network generates candidate EVCS deployment and capacity decisions based on
observed system states, while the critic network evaluates these actions against grid operational
limits and user-centric performance metrics. The critic’s feedback iteratively refines the ac-
tor policy, facilitating stable convergence under stochastic operating conditions and continuous
control requirements.

Through the experience replay mechanism, DDPG improves sample efficiency and mitigates
policy instability, thereby promoting stable convergence under stochastic operating conditions.
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To further enhance training stability, both actor and critic components incorporate correspond-
ing target networks, denoted as 92 and 0%, which are updated using soft update rules [63, 69, 64]:

0% < Ths+ (1 -T)0% (5.37)

0L < Tho + (1 —T)0L (5.38)

When an action A; is performed from state Sy, it generates a transition tuple
{S¢, At, Ry, Sp1} that is stored in a replay buffer D. This buffer is then randomly sampled in
mini-batches to train the actor and critic networks. For a continuous and unbounded domain,
the critic network learns to evaluate the policy 7 by minimising the following loss function:

. 1
i= (= C(Sh Ar| 00))” (5.39)
teT
where
yr = Ry +v max Q(Siy1,ai41 | 04) (5.40)
ai11€A

In this structure, the actor network generates candidate actions in the continuous EVCS
decision space, while the critic network evaluates whether those actions improve the long-term
planning objective under coupled PDN-TN conditions. The use of DDPG is motivated by
two features of the problem: EVCS sizing decisions are naturally continuous, and the value of
a candidate EVCS configuration depends on its sequential interaction with future traffic and
charging states rather than on a single static snapshot.

This learning structure enables the EVCS module to adaptively search for deployment poli-
cies that satisfy both technical and user-centric constraints, including grid capacity, voltage
stability, travel convenience, and queueing performance. In contrast to static planning heuris-
tics, the RL-based structure is particularly well-suited to the time-varying and state-dependent
nature of traffic-informed charging demand.

Within the thesis progression, this represents a methodological extension beyond the more
grid-centred planning logic of Chapter 4. Whereas Chapter 4 focused on the electrical con-
sequences of EVCS and BESS planning, the present module explicitly models how charging
demand evolves over space and time as a function of mobility behaviour and then learns plan-
ning decisions that remain feasible across those changing demand conditions.

5.3.5 Computational Implementation

The computational implementation follows the common data environment and modelling as-
sumptions defined in Chapter 3, with the RQ2-specific coupling logic applied to the Melbourne-
based TN and the IEEE 33-bus PDN case study. The principal RQ2 case study integrates traffic
data from 60 intersections and 95 roadways with a modified IEEE 33-bus distribution network.
Each bus supplies 20 households with a heterogeneous mix of DERs, and the traffic layer is
aggregated into 48 time steps to align with the daily optimisation horizon.

All simulations were executed on an AWS EC2 r7i.16xlarge (C36 Memory Optimised)
instance running Windows Server, equipped with 64 vCPUs, 512 GB RAM, and a 512 GB EBS
SSD. Under this configuration, the complete 48-time-step simulation of the proposed framework
on the IEEE 33-bus network converged within approximately 5-8 minutes, corresponding to
roughly 6-10 seconds per time step. This runtime remains consistent with engineering-level
computational requirements for time-indexed planning studies.

From a computational perspective, the proposed GA-DDPG framework benefits from
modular decomposition between feasibility-oriented planning (GA) and policy-based learning
(DDPG), thereby avoiding direct joint optimisation over the full coupled PDN-TN decision
space and mitigating combinatorial growth. Based on the implementation settings, including
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a state/action dimension of 48 x 33 = 1584 and a replay memory size of 2000 transitions, the
replay buffer storage requirement is estimated at approximately 0.15-0.25 GB, including Python
overhead. The overall peak RAM footprint observed during the full 48-step run is conservatively
estimated to remain within 3-6 GB, dominated by DDPG components such as replay memory
and actor-critic network parameters, and therefore negligible relative to the available system
memory. The GA module incurs minimal additional memory overhead due to its moderate
population size and number of generations.

The computational setup is reported not merely as a hardware detail but as an indicator
of the method’s practical tractability. In infrastructure-planning studies, solution quality alone
is insufficient if the computational burden prevents the repeatable analysis of scenarios. The
current runtime and memory profile indicate that the framework can be executed repeatedly for
comparative planning studies, sensitivity tests, and scenario-based analyses without requiring
impractical computing resources.

Collectively, these computational characteristics demonstrate a favourable balance between
runtime efficiency, memory usage, and solution quality. More importantly, they support the
practical applicability of the proposed framework for real-world EV infrastructure planning
studies in coupled power and TNs. This matters from an industry-facing perspective because
a planning framework that is theoretically rigorous but computationally impractical would be
difficult to translate into operational or policy settings.

5.3.6 Benchmark Models

A strong methodological contribution requires not only proposing a new solution framework but
also demonstrating why it performs differently from alternative planning paradigms. For this
reason, the present chapter evaluates the proposed GA-DDPG strategy against several compar-
ative configurations that highlight both the benefits and the limitations of different planning
logics.

First, two deployment scenarios are considered to examine the effect of BESS support on
coupled EVCS planning. In the first scenario, four BESS units are installed, and the number
of EVCSs ranges from 5 to 13. In the second scenario, five BESS units are installed, and the
number of EVCSs ranges from 9 to 17. In both scenarios, the nominal size of the EVCS units
decreases as the number of stations increases, thereby reflecting the trade-off between station
count and station capacity.

These two scenarios serve an important analytical purpose. They allow the study to dis-
tinguish between improvements arising from denser EVCS deployment and those arising from
stronger grid support through additional BESS integration. As a result, the framework can
reveal whether transportation-side accessibility gains are achieved solely by increasing charging-
station density or also depend on electrical support from strategically placed storage units.

Second, the proposed multi-objective optimisation framework is benchmarked against two
alternative planning paradigms for a common EVCS configuration:

e a PDN-oriented single-objective formulation (SO-PDN),
e a Pareto-based multi-objective baseline using NSGA-II,

e the proposed GA-DDPG multi-objective optimisation framework (MOO).

The SO-PDN baseline primarily focuses on grid-centric objectives, such as power loss and
VD. It is useful for illustrating the limitations of planning strategies that prioritise electrical
performance while treating user accessibility and queueing performance as secondary or implicit
concerns. The NSGA-II baseline represents a conventional Pareto-based multi-objective plan-
ning approach. It provides a stronger benchmark because it accounts for both PDN and TN
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objectives, albeit without the same sequential learning-based treatment of time-indexed demand
evolution. The proposed MOO framework, by contrast, explicitly models the sequential interac-
tions between transportation demand and distribution-grid feasibility, thereby providing a more
adaptive decision structure for the coupled planning problem.

From a thesis standpoint, these benchmark models are essential because they allow the
contribution of RQ2 to be articulated more precisely. The point is not merely that the proposed
method achieves lower costs under one particular configuration; rather, it shows that once traffic-
informed, time-varying, and cross-network interactions are made explicit, simpler grid-only or
static Pareto approaches are less capable of delivering balanced system-wide solutions.

Accordingly, the comparative analysis in the next section is designed to answer three ques-
tions. First, how does EVCS expansion interact with BESS support across the coupled network?
Second, how do transportation-side and PDN-side objectives trade off under different deploy-
ment patterns? Third, to what extent does the proposed GA-DDPG structure provide more
decision-ready and balanced outcomes than conventional benchmark methods?

Overall, the solution method presented in this section translates the multi-objective formu-
lation of RQ2 into a computationally tractable and physically meaningful planning workflow.
By combining grid-support-oriented search with adaptive charging-infrastructure learning, the
framework enables coordinated decision-making across the PDN and TN layers while remaining
practical enough for repeated scenario analysis. The next section addresses the three compar-
ative questions above by presenting the case study design, optimisation outcomes, and cross-
scenario analysis associated with RQ2.

5.4 Results and Discussion

This section evaluates the proposed traffic-informed planning framework under the coupled
PDN-TN environment introduced in the preceding sections. The analysis is organised to answer
RQ2 from four complementary perspectives progressively: the realism of the case-study design
and input data, the behaviour of the optimal planning outcomes under different BESS-enabled
deployment scenarios, the comparative performance of the proposed method against benchmark
planning paradigms, and the broader mechanistic and practical insights that emerge from the
coupled results.

Rather than treating the results as a simple numerical comparison, this section interprets
them in relation to the central thesis of RQ2: namely, that EV charging infrastructure planning
becomes materially different once charging demand is explicitly derived from traffic dynamics
and once the distribution network is required to absorb that demand without violating technical
feasibility. Accordingly, the discussion emphasises not only the optimal solutions themselves,
but also why those solutions emerge and what they imply for decision-makers designing EV
infrastructure in realistic urban settings.

5.4.1 Case Study

The common data environment, traffic-network construction, and feeder assumptions have al-
ready been defined in Chapter 3. Accordingly, this subsection summarises only the RQ2-specific
elements of the coupled case study necessary to interpret the planning results. The principal
RQ2 case study integrates Melbourne TN data with a modified IEEE 33-bus PDN to eval-
uate EVCS planning under explicit, traffic-informed demand. The transportation layer uses
real-world traffic measurements from 60 intersections and 95 roadways, aggregated into 48 time
steps to align with the daily optimisation horizon. The electrical layer follows the common
household, PV, and BESS assumptions established earlier in the thesis.

Traffic records from VicRoads [55] are processed to construct time-indexed mobility demand,
and are spatially mapped to the TN using geographic proximity and road connectivity. Basic
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Table 5.1: Key parameters, charging-service assumptions, and optimisation settings used in the
coupled PDN-TN case study.

Parameters Value
Fast-charger rate jif ¢ 60 kW
Slow-charger rate ps ¢ 15 kW
Value of travel time cgjme 20 $/h
Station lifetime 20 years
Electricity price (fast charge) 0.75 $/kWh
Electricity price (slow charge) 0.50 $/kWh
Maximum queue time for each EV w42 20 min
Maximum drive distance l,,,q 30 km
Minimum distance of stations d,;n 5 km

Rate of discount rg 0.15
Electricity price p, 0.13 $/kWh
Mileage per unit electrical energy Iy 4.1 km/kWh
The penetration level of EVs on the road « 0.5

Voltage temperature coeflicient 0.1°C
Current temperature coefficient 0.05 °C
Threshold voltage 230 V
Rated voltage 12.66 kV
Minimum of Voltage 216 V
Maximum of Voltage 253 'V
DDPG actor/critic layer size (400, 300)
DDPG (batch size, learning rate) (64, 0.001)
GA (population size, max generations) (20, 50)

GA (crossover rate, mutation rate) (0.9, 0.1)

data screening is applied to remove missing or implausible entries and to enforce nonnegative
traffic counts across time steps.

Figures 3.3 and 3.4 provide the temporal and spatial verification of the constructed charging-
demand profiles, respectively. In particular, the extracted demand patterns reproduce the ex-
pected weekday peak-hour behaviour (7:30 AM—5:30 PM) and the concentration of high demand
around the CBD, supporting the plausibility of the spatiotemporal mapping from traffic intensity
to charging demand. The EV population at each intersection over time steps was derived from
publicly available Victorian Government statistics [56] and spatially allocated to intersections
using population density and traffic intensity proxies consistent with the adopted gravity-model
structure.

The parameters used in the road-impedance formulation in (5.3) were calibrated using real-
world traffic and infrastructure datasets obtained from publicly available sources, such as the
number of lanes, road width, and surface type (asphalt, ultra-thin asphalt, concrete, and stone),
the number of traffic lights [55], speed limits [56], the number of bus/train/tram stops [57],
and weather conditions (sunny or rainy) [56]. To ensure reproducibility, all impedance-related
attributes were first normalised to a common scale and then combined to form time-varying
road impedance coefficients, thereby preserving the expected monotonic relationships (e.g.,
higher congestion indicators lead to higher impedance). This calibration procedure enables
the impedance model to reflect both spatial heterogeneity (road geometry and infrastructure)
and temporal variability (traffic flow and operating conditions) in Melbourne.

The parameters and model configurations used throughout the simulations are summarised
in Table 6.1. These settings define the electrical, economic, queueing, and optimisation char-
acteristics of the case study and are selected to preserve consistency with realistic planning
assumptions and practical infrastructure limits.

The RQ2 case study adopts the following planning assumptions:
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1. Each EVCS has up to 8 EV charging piles.

2. EVCS configurations include two types of charging units: a 120 kW DC fast charger with
a maximum charging time of 90 minutes and a 7.7 kW AC slow charger with a charging
time of 4 hours.

3. Waiting time for EVs at charging stations is capped at 20 minutes.

4. The time cost for drivers is calculated at $20 per hour, based on the average local wage.
We use this to calculate the cost in Equation 5.22.

Additionally, the parameters for the optimisation model are derived from Table 6.1. These
parameters include charging efficiency, which represents the energy conversion efficiency. The
parameters in Equation 5.4 were calibrated using empirical traffic behaviour data, and the two
Gaussian components were adopted from the empirically validated study in [11] to represent
typical temporal patterns in charging demand:

e First component: m = 0.078, u; = 14.86, o1 = 5.31.
e Second component: 7w = 0.051, pg = 8.75, 09 = 3.11.

For the Weibull distribution, which models the SOC of EVs during charging, the parameters
are estimated as a = 6.31 and b = 1.67 based on [11].

This real-data case-study environment ensures that the planning outcomes discussed next
are grounded in realistic urban traffic and grid conditions rather than in fully synthetic demand
assumptions.

5.4.2 Optimal Planning Outcomes Across BESS-enabled Scenarios

Using the modelled temporal and spatial charging demands, the optimisation framework iden-
tified EVCS locations and sizes under two scenarios. In the first scenario, four BESS units were
installed, with the number of EVCSs ranging from 5 to 13. In the second scenario, five BESS
units were installed, with the number of EVCSs ranging from 9 to 17. In both scenarios, the
nominal size of EVCS units decreased as station count increased, reflecting a practical trade-off
between charging-station density and individual-station capacity. This design choice is impor-
tant because it reveals how the spatial distribution of charging infrastructure changes system
performance under a constrained planning logic, rather than simply increasing total installed
capacity.

As shown in Table 7.3, increasing the number of EVCSs in both scenarios leads to a clear
reduction in driver-related costs. Travel time, energy consumption, and queuing time decreased
significantly as the number of charging stations increased and their spatial density improved.
For instance, in Scenario 1, increasing the number of EVCSs from 5 to 13 reduced total travel
cost by nearly 16.7%. Similarly, in Scenario 2, increasing the number of EVCSs from 9 to 17
yielded a comparable reduction in travel and queueing burdens.

Figures 5.2-5.5 further illustrate these transportation-side improvements. Figures 5.2 and 5.3
show the reduction in total travel costs as the number of EVCSs increases under Scenarios 1
and 2, while Figures 5.4 and 5.5 show the corresponding decline in travel-plus-queue costs.

These trends highlight the fundamental balance in planning between supply-side investment
and user-side convenience. Strategically increasing EVCS deployment reduces users’ costs by
minimising driving distances and waiting times, particularly during peak traffic hours (7:30
AM-5:30 PM). However, beyond a critical EVCS density threshold, the additional investment
and maintenance costs outweigh the incremental reductions in user costs, thereby increasing
total system expenditure. This confirms that charging-station expansion cannot be evaluated
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Table 5.2: Performance comparison of EVCS and BESS planning strategies across cost, service-
quality, and network-performance metrics.

Optimisation Results PDN TN (x10°$)
Batte.ry EVCS  Size P loss VsI VD Travel Travel aimd Construction OPeration and Loss
(Location) cost  queue time cost maintenance cost  cost
5 250  8091.31, 8298.21 0.0781, 0.0801 0.5407, 0.9104  19.31 4.87 20.70 1.90 5.60
6 250  8086.37, 8282.29 0.0782, 0.0801 0.5361, 0.8998  17.81 4.77 22.10 2.00 5.56
4 7 200 8064.92, 8286.98 0.0785, 0.0801 0.4895, 0.8881  17.20 4.58 26.50 2.40 5.63
8 200  8033.80, 8289.38 0.0791, 0.0801 0.4314, 0.8753  17.20 4.25 29.80 2.70 5.69
(12, 15, 9 200 7930.24, 8292.53  0.0795, 0.0800 0.3639, 0.8513  16.21 3.55 32.70 2.90 5.73
20, 30) 10 175 7932.06, 8287.94  0.0798, 0.0802 0.2415, 0.8332  11.13 2.75 40.80 3.70 5.74
11 175 7929.46, 8248.12  0.0797, 0.0802  0.2989, 0.8083  8.63 2.21 43.90 4.00 5.78
12 150 7926.27, 8245.89  0.0799, 0.0802 0.2471, 0.8064  8.49 1.47 46.40 4.20 5.82
13 150 7923.28, 8241.90 0.0799, 0.0804 0.1989, 0.8133  6.72 1.08 50.30 4.50 5.80
9 200 7927.17, 8291.05 0.0794, 0.0801 0.3512, 0.8475  15.25 3.28 33.70 3.00 5.73
10 175 7926.25, 8280.25 0.0798, 0.0802  0.2355, 0.8330  10.60 2.55 40.70 3.80 5.71
5 11 175 7925.25, 8243.77  0.0799, 0.0802 0.2515, 0.8050  8.20 2.05 44.70 3.98 5.77
12 150  7923.05, 8240.22  0.0801, 0.0802 0.2311, 0.8034  7.39 1.25 46.80 4.32 5.78
(4, 14, 18, 13 150  7920.46, 8229.63  0.0801, 0.0804 0.1775, 0.8088  6.26 1.09 49.60 4.65 5.80
19, 31) 14 150  7918.32, 8222.55 0.0803, 0.0807  0.1685, 0.8001 6.15 1.05 54.30 4.90 5.87
15 150 7922.51, 8218.50  0.0804, 0.0808 0.1672, 0.7950  5.64 0.99 59.50 5.40 5.88
16 150 7916.88, 8215.45 0.0804, 0.0808 0.1600, 0.7901  5.20 0.97 64.10 5.80 5.92
17 150  7908.45, 8210.15 0.0804, 0.0810 0.1586, 0.7873  4.20 0.92 65.40 5.90 5.97

Figure 5.2: Travel-cost distribution under the four-BESS deployment scenario.

Figure 5.3: Travel-cost distribution under the five-BESS deployment scenario.

solely in terms of accessibility; it must also be assessed in relation to infrastructure cost and
grid feasibility. Stated differently, more charging stations do not automatically imply a better
planning solution unless the added service benefit remains proportionate to the corresponding
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Figure 5.4: Travel and queueing times under the four-BESS deployment scenario.

Figure 5.5: Travel and queueing times under the five-BESS deployment scenario.

economic and electrical burden.

In addition to transportation-side benefits, the results also demonstrate notable improve-
ments in PDN performance. As shown in the first three PDN columns of Table 7.3, the coor-
dinated integration of BESS and EVCS units enhances grid operation by reducing power loss
and VD while improving voltage stability. These improvements emerge because the strategically
placed BESS units regulate voltage levels, balance active and reactive power flows, and alleviate
feeder loading under time-varying charging demand. This is particularly important during pe-
riods of concentrated charging activity, when the interaction between mobility-driven demand
peaks and local grid constraints becomes most severe.

When comparing the common EVCS configurations across the two scenarios (9-13 stations),
Scenario 2 consistently yields lower travel and queueing costs and better PDN-side metrics. This
indicates that the additional BESS unit in Scenario 2 not only supports electrical performance
but also improves transportation-side service by enabling smoother charging availability during
peak demand. Among the shared configurations, the 13-EVCS case in Scenario 2 provides
a particularly balanced trade-off. Across all tested configurations, however, the best overall
outcome is achieved in Scenario 2 with five BESS units and 17 EVCSs, representing the strongest
system-wide solution of the proposed framework.

The maximum-state network topologies associated with the two scenarios are illustrated in
Figures 5.6 and 5.7. These figures show the optimal locations of BESS and EVCS units and pro-
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Figure 5.6: Network topology and voltage profile for the maximum-EVCS deployment case under
the four-BESS scenario.

vide a spatial interpretation of how the proposed framework redistributes charging infrastructure
and grid-support resources across the network.

Based on the results of the integration and optimisation outlined in Table 6.1, the placement
and operation of BESSs and EVCSs within the PDN for both scenarios in the maximum state
are illustrated in Figures 5.6 and 5.7. For each EVCS, a realistic load profile was assigned to
reflect actual consumer behaviour patterns and to evaluate network performance under practical
operating conditions. The voltage analysis demonstrates that all node voltages remained within
acceptable limits across both scenarios. In the first scenario, the most significant voltage drop
occurred between 5:30 PM and 1:00 AM, whereas in the second scenario, it occurred between
5:30 PM and 7:30 AM. These findings validate the effectiveness of the proposed integration and
optimisation framework in maintaining voltage stability under varying operational conditions.
They also show that the planning outcomes are not only economically and spatially attractive,
but also operationally admissible from a power-system perspective.

Taken together, these scenario-based results directly answer the first layer of RQ2. Once
traffic-informed charging demand is introduced into the planning model, the jointly optimal
deployment of EVCS and BESS becomes a strongly coupled design problem in which grid support
and service accessibility must be co-optimised rather than treated independently.
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Figure 5.7: Network topology and voltage profile for the maximum-EVCS deployment case under
the five-BESS scenario.

5.4.3 Benchmark Comparison

To further assess the value of the proposed method, Table 5.3 compares three planning paradigms
for the standard 13-EVCS configuration: a PDN-oriented single-objective formulation (SO-
PDN), a Pareto-based multi-objective baseline (NSGA-II), and the proposed GA-DDPG frame-
work (MOO).

Table 5.3: Benchmark comparison among single-objective optimisation, NSGA-II, and the pro-
posed multi-objective framework for the 13-EVCS configuration. (S1 and S2 denote scenarios
with four and five BESS units, respectively; Ncg denotes the number of deployed EV charging
stations; Trav., T4Q, Const., and O&M denote travel, travel-and-queue-time, construction, and
operation-and-maintenance costs, respectively.)

Config. PDN TN Cost (x10°$)

i . B VST (% VD
Scenario N Size Min lOSSMaX Min %/IOa)X Min Max Trav. T+Q Const. O&M Loss

S1-SO-PDN 13 150 7915.12 8221.25 8.01 8.05 16.91 80.09 12.21 2.76 32.16 3.61 5.71
S1-NSGA-II 13 150 7921.41 8237.78 7.99 8.03 19.85 81.27 845 149 46.15 4.18 5.78
S51-MOO 13 150 7923.28 8241.90 7.99 8.04 19.89 81.31 6.72 1.08 50.30 4.50 5.80
S52-SO-PDN 13 150 7914.75 8219.15 8.03 8.08 16.55 79.53 10.97 2.61 39.52 3.85 5.70
S2-NSGA-II 13 150 7918.31 8227.15 8.01 8.04 17.48 80.58 8.28 1.45 47.55 4.25 5.79
52-MOO 13 150 7920.46 8229.63 8.01 8.04 17.75 80.88 6.26 1.09 49.60 4.65 5.80

The SO-PDN formulation marginally improves grid-centric metrics such as power loss and
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VD, but yields highly unbalanced outcomes, with travel and travel-plus-queue costs increasing
by approximately 75-155% relative to the proposed MOO framework across both scenarios. This
result is critical because it shows that optimising only the electrical layer can produce technically
acceptable but user-unfriendly charging networks. Such a result may still appear attractive
from a purely utility-centred viewpoint. Still, it is not appropriate for practical public-charging
deployment, where user accessibility and service quality are central design criteria.

NSGA-II provides a more balanced solution than SO-PDN because it explicitly consid-
ers both PDN and TN objectives and seeks a Pareto-optimal compromise. However, it still
underperforms the proposed MOO framework on user-centric metrics, particularly travel cost
and travel-plus-queue cost. The reason is that NSGA-II treats the problem as a static multi-
objective search, whereas the proposed GA-DDPG structure learns decisions under sequential,
time-indexed demand evolution and therefore better captures how charging demand and ser-
vice pressure unfold over the day. In other words, once time dependency becomes structurally
important, a static Pareto search is less able to preserve the causal sequence between demand
emergence, service congestion, and electrical feasibility.

The proposed MOO framework achieves the most balanced overall performance. Although
it does not always produce the absolute minimum for each isolated grid-centric index, it consis-
tently yields superior system-level trade-offs across both infrastructures. This is a more mean-
ingful outcome from both a planning and an industry standpoint because the practical objective
is not to optimise a single metric in isolation but to design a charging system that remains
technically feasible, economically rational, and operationally accessible to users.

This benchmark analysis, therefore, precisely strengthens the thesis contribution of RQ2: the
value of the proposed framework lies not merely in numerical improvements, but in its ability
to produce more decision-ready and cross-network-balanced solutions than simpler grid-only or
static Pareto-based alternatives. It also demonstrates that once traffic-informed, time-varying
demand is explicitly modelled, the choice of solver becomes part of the planning contribution
rather than merely a computational implementation detail.

5.4.4 Coupling Effects

Beyond the numerical comparisons, the results reveal several important mechanisms that help
explain why coupled planning produces materially different solutions from decoupled approaches.

First, the results confirm that denser EVCS deployment reduces user-side burden by short-
ening average access distances and lowering queueing delays. Although this is expected from
a transportation perspective, the coupled framework shows that the benefit is not unlimited.
As the number of charging stations continues to increase, capital and operating costs rise more
rapidly than the marginal gains in accessibility. The optimal solution, therefore, emerges from
a balance between improving accessibility and infrastructure expenditure, rather than simply
maximising station count.

Second, the results show that BESS integration does more than improve PDN technical
indices. By smoothing charging availability and reducing voltage-related bottlenecks, BESS
units also indirectly improve transportation-side performance. This is a key cross-network effect
of RQ2: electrical flexibility changes mobility-side service outcomes. In other words, the TN
benefits not only from more stations but also from a more supportive electrical environment
that allows those stations to operate under heavy demand without degrading service quality.
This cross-effect is one of the main reasons why coupled planning cannot be reduced to the
independent optimisation of each network.

Third, the benchmark comparison demonstrates that traffic-informed planning changes the
geometry of the planning problem. Once time-varying demand and user movement are explicitly
modelled, the solution space is no longer adequately represented by static grid-centric or static
Pareto logic. The proposed sequential GA-DDPG framework is better suited to this setting
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because it preserves the temporal ordering of demand emergence and infrastructure response.
In this sense, the method aligns with the physics and service logic of the problem rather than
merely serving as an alternative optimiser.

From an infrastructure planning perspective, these mechanisms imply that the best charging-
station layout is not simply the one that minimises electrical stress or geographic travel distance.
Rather, it is the one that mediates the interaction between spatial demand concentration, tem-
poral queue formation, and electrical feasibility across the entire system. This is precisely the
central insight that distinguishes RQ2 from the more PDN-oriented planning logic of Chapter 4.

5.4.5 Practical Planning Insights and Scope of Applicability

The results of this chapter provide several practical planning insights that are particularly
relevant to EV infrastructure deployment in real-world urban settings.

First, EVCS planning should not be performed independently of trafficc-demand Modelling.
The results show that charging demand derived from real traffic conditions leads to materially
different infrastructure decisions than would be obtained from static or spatially averaged de-
mand assumptions. This has direct implications for utilities, charging-network operators, and
transport planners, particularly in metropolitan regions where peak-hour movement patterns
strongly shape the needs of charging services.

Second, BESS integration should be viewed as a planning enabler rather than merely an
operational add-on. In the present study, additional BESS support improves not only voltage
quality and loss reduction but also travel and queueing outcomes, because it enlarges the feasible
and effective operating region of the charging network. This means that storage deployment can
play a strategic role in supporting higher-density charging infrastructure in constrained urban
grids.

Third, the results suggest that planning decisions should be evaluated in terms of balanced
system performance rather than single-metric optimality. The proposed framework demonstrates
that a modest sacrifice in isolated grid-centric indices can yield substantial gains in user acces-
sibility and service quality while maintaining acceptable electrical performance. Such trade-offs
are highly relevant in real-world planning, where infrastructure must serve multiple stakehold-
ers simultaneously. For practice, this means that planners should interpret “optimality” as a
compromise among coordinated systems rather than as the minimisation of a single electrical
or transport metric.

At the same time, the present study remains focused on planning. It therefore does not ex-
plicitly model rare disruptive events such as major traffic incidents, feeder outages, or resilience-
oriented emergency operations. The proposed framework captures spatiotemporal dynamics
through time-indexed optimisation over 48 time steps using real traffic measurements and prob-
abilistic charging-demand models, and the RL-based EVCS module learns under varying but
typical operating conditions. However, rare disruptive events would require dedicated fault or in-
cident datasets and a more explicit robust or stochastic resilience formulation. These extensions
are important directions for future work, but are not necessary for the present planning-focused
study targeting normal weekday operating variability.

Overall, the results confirm that EVCS expansion improves transportation efficiency, while
coordinated BESS integration strengthens voltage regulation and PDN stability. More impor-
tantly, the interaction between these two layers reveals a clear coupled-planning effect: trans-
portation performance and electrical feasibility improve together only when both traffic dynam-
ics and grid-support capabilities inform infrastructure planning. These findings provide a direct
answer to RQ2 and establish the basis for the flexibility-oriented extensions developed in the
next chapter.
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5.5 Practitioner-Oriented Planning Guidance

The findings of RQ2 suggest that EV charging infrastructure planning in urban environments
should be treated as a coupled infrastructure design problem rather than as an isolated siting
exercise. Once charging demand is derived from real traffic activity, the optimal placement and
sizing of EVCS units become strongly dependent on both transportation accessibility and PDN
feasibility. Accordingly, planning decisions that ignore either network are unlikely to remain
efficient under realistic operating conditions.

From a distribution-system perspective, the results show that BESS deployment should not
be viewed solely as a voltage-support or peak-shaving asset. In the coupled planning setting
developed in this chapter, BESS units also enable charging-service expansion by expanding
the feasible operating region for EVCS deployment. For practitioners, this implies that stor-
age investment can be justified not only by grid performance metrics but also by its indirect
contributions to service accessibility and charging-network effectiveness.

From a charging infrastructure perspective, increasing the number of EVCS units improves
user accessibility. It reduces queueing burden, but only up to the point where the associated con-
struction and operating costs outweigh the marginal service benefit. The planning implication is
therefore not to maximise charging-station density but to identify a balanced deployment frontier
where accessibility gains, grid feasibility, and infrastructure costs remain aligned. In practical
terms, this favours coordinated medium-density deployment supported by strategically located
BESS units over purely aggressive station expansion.

For utilities, charging-network operators, and transport planners, the main actionable insight
is that traffic-informed demand modelling materially changes infrastructure decisions. Station
locations derived from static or spatially averaged demand assumptions may appear acceptable
in simplified studies, yet can become inefficient once peak-hour traffic concentration, queue
formation, and local electrical constraints are explicitly represented. The use of spatiotemporal
traffic data is therefore not an optional refinement; it is a necessary condition for realistic
planning in dense metropolitan networks.

Overall, RQ2 establishes that effective EVCS planning requires a coordinated treatment of
mobility demand, charging service quality, and grid support capability. This chapter, therefore,
extends the planning logic of Chapter 4 from a primarily grid-oriented design problem to a
coupled power—transport planning problem grounded in real traffic behaviour. The next chapter
builds on this foundation by examining how the planning framework can be further extended
when EV charging infrastructure is treated not only as a load-serving asset, but also as a flexible
resource within the broader operational ecosystem.
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Chapter 6

V2G Participation and Market-Driven
Flexibility

This chapter addresses RQ3 by extending the coupled PDN-TN planning framework developed
in Chapter 5 to account for V2G participation and market-driven flexibility explicitly. While the
earlier chapters treated EVs primarily as electricity consumers whose charging demand must be
accommodated within the coupled power—transportation system, the present chapter considers
EVs as conditional flexibility resources capable of both consuming and supplying energy under
suitable technical, behavioural, and market conditions.

The central challenge is that the practical value of V2G is not determined solely by bidirec-
tional hardware capability. Although bidirectional chargers create the technical capability for
energy exchange, this capability does not automatically translate into usable system flexibility.
The practically available V2G contribution depends on where EVs are connected, how likely
users are to participate, when vehicles are available, whether sufficient battery reserve exists,
whether market activation is triggered, and whether local grid conditions allow bidirectional
exchange. Therefore, the planning problem is not simply to locate V2G-capable EVCSs, but to
identify where bidirectional infrastructure can provide reliable and operationally useful flexibility
under behavioural, technical, and market constraints.

A central distinction in this chapter is therefore made among V2G capability, V2G avail-
ability, behavioural participation, market activation, and operational control. V2G capability
refers to the physical presence of bidirectional charging infrastructure. Availability refers to
whether vehicles with sufficient battery reserve are connected at suitable times and locations.
Behavioural participation represents the willingness of EV users or fleet operators to provide
grid-support services under incentive and mobility constraints. Market activation determines
whether the available flexibility is actually committed and used within the planning framework.
Operational control then determines whether the resulting charging and discharging behaviour
can be managed without violating network-security limits. This layered interpretation prevents
V2G from being treated as a guaranteed resource and provides the conceptual basis for the
modelling framework developed in this chapter.

Accordingly, this chapter introduces a behaviour-aware and flexibility-aware planning frame-
work composed of three interacting layers: (i) V2G infrastructure and bidirectional capability
modelling, (ii) charging-demand and V2G participation modelling under behavioural uncer-
tainty, and (iii) market-driven flexibility representation within a coordinated planning and con-
trol architecture. In this way, the chapter extends the coupled planning logic of Chapter 5 by
embedding user-dependent and activation-dependent flexibility directly into EVCS deployment
decisions.

The overall planning and control structure adopted in this chapter is illustrated in Fig. 6.1.
The remainder of the chapter is organised as follows. Section 6.1 presents the modelling of
V2G infrastructure and bidirectional capability. Section 6.2 develops EV charging demand in
the presence of V2@, including utility-based participation and heterogeneous V2G profiles. Sec-
tion 6.3 introduces market-driven flexibility activation and participation uncertainty. Section 6.4
presents the proposed multi-module optimisation framework. Section 6.5 reports and interprets
the simulation results, and the chapter concludes with practical implications for industry and
grid planning.
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Figure 6.1: Proposed framework for V2G-aware EVCS-BESS planning with participation mod-
elling, market-driven flexibility activation, and adaptive control.

6.1 V2G Infrastructure and Bidirectional Capability Modelling

The increasing deployment of bidirectional charging technologies enables EVs to exchange energy
with the grid in both charging and discharging modes. From a planning perspective, this changes
the operational role of the charging infrastructure. Instead of acting solely as electricity demand
points, V2G-enabled EVCSs can also operate as distributed flexibility resources that support
voltage regulation, reduce peak loading, and provide localised energy injection when required
[47, 48, 49, 50].

Within the proposed framework, bidirectional charging capability is embedded in the coupled
PDN-TN planning problem through explicit modelling of both G2V charging demand and V2G
discharging supply. This representation ensures that EVCS planning decisions are evaluated not
only in terms of charging service provision but also in terms of EV fleets’ potential to provide
grid support under realistic operational constraints. In this way, bidirectional charging is treated
as a planning variable with direct implications for both infrastructure adequacy and operational
flexibility.

6.1.1 Bidirectional Charging Representation

In the proposed framework, the net electrical interaction between EVs and the PDN is modelled
by distinguishing charging and discharging operations. Let pgg% and p;/,,?nclz denote, respectively,
the charging and discharging power associated with EVs under V2G participation profile pr at

bus m. The net EVCS demand at bus m is therefore given by

EVCS _ G2V V2G
Porm = Pprom — Pprom (61)

where the charging and discharging components are expressed as

G2V G2V V2G V2G
Pprom = (Npr,m X Rch) ’ Pprom = (Npr,m X RdiS) (6.2)
Here, NpGr%X and Ngﬁ?ﬁ denote the number of EVs charging and discharging under profile pr

at bus m, while R, and Rg;s denote the charging and discharging rates, respectively.
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This bidirectional representation is central to the chapter because it embeds EV charging
and discharging directly into the PDN power-balance relationships and allows EVCS planning
decisions to be evaluated in terms of both service provision and flexibility potential.

6.1.2 Operational Constraints

The ability of EV fleets to provide V2G services is constrained not only by technical charging
capability but also by infrastructure deployment decisions and operational feasibility require-
ments. First, charging and discharging cannot occur simultaneously for the same EV. This
exclusivity condition is expressed as
a:f}frge + xiiECharge <1, Vi, u (6.3)

where :I:;:’};arge7 gischarge
charging or discharging.

Second, not all charging stations are V2G-enabled, and therefore, the effective participation
of EV users in V2G depends on the accessibility of eligible stations. To represent this, the
effective V2G access distance for user i is defined as

€ {0,1} indicate whether the EV at node ¢ and time interval u is

D% = Z Wik Yk Dikyag (6.4)

k€Sgves
where w;; € {0,1} indicates whether user i is assigned to station k, ¢, € {0,1} indicates
whether station k is V2G-enabled, and D;p,,., is the travel distance from user location ¢ to
station k. To preserve practical accessibility, this effective V2G distance is constrained by

DY?¢ < pY2G Vi (6.5)

max ?

Third, to avoid overconcentration of V2G-capable stations and to promote spatial coverage of
flexibility resources, a minimum spacing requirement is imposed between V2G-enabled stations.

Dy > D%, Yk £k, where iy =1, ¢y =1 (6.6)

where Dy, denotes the distance between stations k and &', and D%Ié is the planning-defined
minimum distance between V2G-enabled stations.

Together, these constraints ensure that V2G participation is not treated as an unconstrained
virtual resource. Instead, it is represented as a location-dependent and infrastructure-dependent
flexibility service whose availability is shaped by both physical deployment decisions and op-
erational feasibility requirements. This distinction is important because it ensures that the
flexibility value of V2G is evaluated within a physically meaningful and deployment-consistent
planning space.

6.2 Modelling V2G Participation and Behavioural Uncertainty

While the previous section established the physical and infrastructural basis for bidirectional
charging, the practical value of V2G depends on whether EV users actually participate in
charging and discharging services under realistic operating conditions. In real charging ecosys-
tems, EVs do not participate uniformly in charging and discharging services. Charging demand
emerges from time-varying travel behaviour, whereas V2G participation depends on incentives,
schedule flexibility, battery availability, and locational accessibility.

This behavioural layer is essential because uncertainty in participation directly affects the
planning value of V2G-enabled infrastructure. If all bidirectional chargers are assumed to be
fully available for grid support, the resulting planning model may overestimate improvements
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in hosting capacity and underestimate the need for complementary flexibility resources such as
BESS. Conversely, if V2G participation is represented probabilistically, the optimisation frame-
work can distinguish between installed bidirectional capacity and the portion of that capacity
that is realistically available for operational support.

Accordingly, this section develops the behavioural layer of the proposed framework. It first
represents EV charging demand as a probabilistic function of traffic activity and SOC dynamics
in the presence of V2G capability. It then introduces a utility-based participation model to
estimate the likelihood that EV users engage in V2G services. Finally, heterogeneous V2G
participation profiles are defined to reflect the coexistence of public, commercial, and depot-
based charging ecosystems. Collectively, these elements translate bidirectional capability into a
user-dependent and context-dependent source of flexibility.

6.2.1 EV Charging Demand in the Presence of V2G

Consistent with the common transportation-network representation established in Chapter 3
and the coupled charging-demand logic developed in Chapter 5, the RQ3 framework uses a
graph-based TN model to estimate time-varying EV charging demand and V2G availability
across the planning horizon.

T={Z,E,U}

IT={ili=1,2,...,n}
E={ey|i=12...,n j=123,.. n}
U={u|u=1,2,...,48}

(6.7)

where Z denotes the set of intersections, £ the set of impedance-weighted roads, and U the
set of 48 half-hour intervals across the 24-hour horizon. The traffic flow between nodes i and j
at time interval u is estimated using an adapted gravity model [11, 59]

Ny x NY

FY% =(C x
1] Q;lf]

(6.8)

where Fj; is the predicted vehicle flow from node @ to node j, C'is a scaling constant, N;
and N; denote local population densities around the two intersections, and ¢ and 1) are scaling
exponents. The road impedance is modelled as

R
Q}LL] = by (Z;'uj)c + Z bryij,r (69)
r=1

where z;”j represents the saturation level of road link (4, j) at time interval w, y;;, denotes
the rth road-attribute variable, and b, and ¢ are calibrated impedance coefficients.

Based on these traffic patterns, EV charging demand is represented probabilistically. As
EVs travel through the network, their charging needs depend on the cumulative travel distance,
the initial SOC, and the driving range. Following the formulation adopted in the journal paper,
the SOC at time interval u is approximated as

L{w)

lmax

SOC, = 5y — (6.10)
where (3 is the initial SOC, L(u) is the cumulative driving distance up to time interval u,
and lyax is the maximum EV driving range.
The probability that an EV initiates charging is modelled using a Weibull-based decision
mechanism [67, 11]. Accordingly, the expected number of EVs requiring G2V charging at inter-
section ¢ and time interval u is
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NEVU g s 6.11
7 1 g

where V;* denotes the traffic volume at node ¢, a is the EV penetration level, and Pearg is
the probability of charging at the corresponding SOC level.

This representation provides the demand-side basis for the subsequent V2G participation
estimates. Before the model can evaluate which EVs are likely to discharge energy back to
the grid, it must first identify where and when charging demand emerges across the coupled
transportation system.

Although V2G capability may be technically available, actual participation in bidirectional
energy exchange is uncertain. EV users may participate in V2G only when the perceived benefits
outweigh the inconveniences associated with battery discharge, reduced mobility reserve, or a
detour to a V2G-enabled charging location. To represent this, the proposed framework adopts
a utility-based logistic participation model.

The probability that an EV driver at intersection ¢ participates in V2G is defined as

1
V2G __

where v € [0, 1] denotes the maximum proportion of EV users willing to engage in V2G.
Following [70], this chapter sets

~v=0.3 (6.13)
The latent utility is given by

UG = By x m; — Ba x dvac + B3 X fi + B4 x (1 — SOCarival) + 85 x TOD(u) (6.14)

where 7; denotes the discharge incentive in $/kWh, dyag is the distance to the nearest V2G-
capable charging station, f; denotes schedule flexibility, SOC,ival is the battery SOC upon
arrival, and TOD(u) is a time-of-day indicator defined as

1, ifue{33,34,...,48}
0, otherwise

TOD(u) = {

The expected number of EVs participating in V2G at node ¢ and time interval u is then.

Ni\/2G,u _ N?vailable,u % PiVQG (615)

where vaaﬂablo’u denotes the number of EVs with sufficient battery energy to support dis-
charging. Only EVs arriving with SOC,,yiva1 = 0.5 are considered available, i.e.,

N;vailable,u _ Z 1, if SOCe7arriva1 Z 05’ (616)
¢ = |0, otherwise,

This formulation prevents unrealistic overestimation of V2G participation by restricting grid-
support services to EVs with adequate energy reserve and by treating participation as conditional
rather than assumed. It also provides a more realistic bridge between user behaviour and
system planning because charging demand, V2G availability, and discharging participation are
represented within the same behaviour-aware demand layer.
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6.2.2 V2G Participation Profiles

In practical charging ecosystems, V2G participation is heterogeneous rather than uniform. Dif-
ferent charging locations and user groups exhibit distinct temporal and operational characteris-
tics. To reflect this diversity, the proposed framework defines three V2G participation profiles.

PR = {Normal, Marketplace, Depot} (6.17)

1) Normal V2G: This profile represents public EVCSs where participation is voluntary
and user-driven. The probability of participation is directly given by the utility-based model
above, i.e., PZ-VQG.

2) Marketplace V2G: This profile represents EVs parked in commercial or workplace
areas for extended daytime periods. In this case, V2G participation is active only during specific
occupancy windows.

Pyaci (6.18)

Market _ | PV, ifu € {19,20,...,32}
0, otherwise

3) Depot V2G: This profile represents fleet-oriented or scheduled charging facilities such as
depots, where discharging can be centrally coordinated. In this case, participation is modelled
deterministically as

P\]?zegoit =1, if node ¢ is a depot with scheduled discharge (6.19)

These three profiles jointly capture voluntary, semi-structured, and centrally managed V2G
behaviour. From the perspective of RQ3, this heterogeneous representation is essential because
it allows infrastructure planning decisions to be evaluated not only with respect to technical
charging capacity, but also with respect to the type, reliability, and timing of V2G participa-
tion that different charging locations can realistically provide. As a result, the framework can
distinguish between nominal V2G capability and practically usable flexibility.

6.3 Market-driven Flexibility in EV Charging Infrastructure

The previous section established that V2G availability is both behaviour-dependent and profile-
dependent. However, the existence of technically and behaviourally available EVs does not
imply that flexibility will always be activated. In practice, EVCS operators may commit to
providing flexibility services in future operations, but real-time V2G contributions depend on
both market feasibility and EV availability. Consequently, this chapter distinguishes between
behavioural availability and market-driven activation.

In this chapter, market-driven flexibility is interpreted as a planning-level activation mech-
anism that represents whether technically and behaviourally available V2G capacity is called
upon for grid-support operation. It does not model a full electricity market-clearing process;
rather, it captures the practical distinction between installed bidirectional capability and the
flexibility that is actually activated under market-facing operating conditions.

6.3.1 Flexibility Activation Mechanism

To represent the activation of market-driven flexibility, binary variables py € {0,1} are defined
for each participation profile § € PR:

(6.20)

_J 1, if EVCS k participates in next-day operation
P = 0, if EVCS k does not participate
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These variables determine whether the flexibility associated with a given V2G participation
profile is activated within the planning and control framework. In other words, even if a charging
location is technically capable of supporting V2G and the corresponding users are behaviourally
willing to participate, the profile may remain inactive unless it is selected for market-oriented
operation.

This activation mechanism provides a tractable representation of the conditional nature of
V2G flexibility in practical planning environments. Rather than assuming that all available
flexibility is dispatched, the model enables profile-specific flexibility to be selectively activated
in response to operational and market conditions. This distinction is especially important in
market-facing settings, where committed flexibility and realised flexibility are not always iden-
tical.

6.3.2 Market Participation Uncertainty

The binary activation variables pg also provide a compact representation of market participation
uncertainty. In practical charging ecosystems, EVCS operators may intend to participate in
flexibility markets, yet real-time participation may fail because of insufficient EV availability,
reduced user willingness, or a mismatch between expected and actual charging station activity.

By incorporating py into the proposed framework, the model captures this uncertainty in a
planning-relevant form. The flexibility value of a given EVCS location is therefore determined
not only by the nominal V2G capability of its connected EVs, but also by the likelihood that the
corresponding participation profile can be activated in operation. This prevents the planning
model from systematically overestimating the usable flexibility contribution of EV fleets.

From a planning perspective, this distinction is important. Behavioural participation de-
scribes who can participate, whereas market-driven activation determines which forms of partic-
ipation are actually used. The combination of the two provides a more realistic representation
of future charging ecosystems, especially in settings where flexibility provision is coordinated by
aggregators or activated through market arrangements rather than directly by individual EV
users. It therefore strengthens planning realism by aligning nominal infrastructure capability
with operationally deliverable flexibility.

6.4 Proposed Multi-Module Optimisation Framework

This section presents the sequential three-stage optimisation framework adopted in RQ3 for
the coordinated planning and operation of EV charging infrastructure in coupled PDN-TN
systems. As illustrated in Fig. 6.1 and summarised in Algorithm 2, the framework integrates
long-term infrastructure planning with short-term operational control. The three stages reflect
the heterogeneous structure of the problem: BESS planning for grid-support feasibility, traffic-
aware EVCS deployment under V2G participation and market-driven flexibility, and real-time
BESS control for voltage support under stochastic charging and discharging conditions.

6.4.1 Stage I: BESS Planning Module

The first stage employs a GA to determine BESS locations and time-resolved charge/discharge
profiles. This module addresses the feasibility-oriented electrical layer of the problem, where
decisions are dominated by nonlinear AC power-flow relationships, mixed discrete—continuous
variables, and voltage/SOC constraints. GA is adopted because it can search the resulting
nonconvex solution space while preserving feasibility under PDN operating constraints [38, 62].

Candidate BESS configurations are evaluated across all time steps using power loss, VD, and
voltage stability indices. In this way, the BESS module determines the grid-support envelope
within which downstream EVCS planning can proceed. The outputs of this stage are the selected
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BESS locations and their corresponding charging/discharging schedules. These outputs also
provide the foundation for the electrical feasibility of the subsequent EVCS deployment stage.

6.4.2 Stage II: Traffic-aware EVCS Deployment Module

The second stage optimises EVCS deployment under coupled PDN—TN conditions using a DDPG
algorithm. The problem is formulated as a multi-objective Markov Decision Process (MDP), in
which the state includes traffic intensity, estimated G2V/V2G demand, existing grid loading,
BESS support, and the current status of the charging infrastructure. The actions correspond
to EVCS siting and sizing decisions, and the reward captures technical and user-centric perfor-
mance, including power loss, travel cost, queuing time, and voltage feasibility.

In addition to the EVCS deployment problem itself, this stage includes modelling V2G
participation profiles and activating market-driven flexibility. Hence, the DDPG policy learns
deployment decisions that are not only traffic-aware and grid-feasible but also responsive to het-
erogeneity in V2G participation and profile-dependent activation. By doing so, the deployment
policy accounts for both where charging demand occurs and where usable flexibility is most
likely to emerge.

6.4.3 Stage III: Real-Time Control Module

The third stage addresses voltage regulation under dynamic operating conditions, following the
infrastructure decisions from Stages I and II. A GA-based local control strategy is employed to
optimise the control gains K;(u) that regulate BESS charge/discharge behaviour in response to
VDs arising from EV charging, V2G discharging, and real-time uncertainty.

The control law is defined as

Pi(u) = Ki(u) [Vi(u) — Via (6.21)

where V;(u) denotes the voltage magnitude at bus ¢ and time interval u, K;(u) is the optimised
local control gain, and Vy, is the voltage threshold. If the local voltage falls below the nominal
level because of heavy EVCS loading, the BESS discharges to provide support. Conversely,
under surplus-voltage conditions, for example, due to reverse power flow, the BESS shifts toward
charging mode.

This stage ensures that the planning decisions from the first two modules remain opera-
tionally robust when faced with stochastic EV behaviour and real-time V2G variability. In this
sense, the control layer acts as the operational safeguard that preserves the validity of planning
decisions under non-ideal conditions.
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Algorithm 2: Sequential optimisation framework for coordinated BESS planning,
EVCS/V2G deployment, and real-time control in RQ3

Input : PDN and TN data
Output: BESS locations and operating schedules, EVCS and V2G-enabled locations,
optimal control gains K;(u)

1 foreach time step u do

2 while i < iterations do

3 Run GA to minimise technical costs (Eqgs. 3.4-3.8) subject to constraints
(Egs. 5.30-5.33, 6.1, 6.2)

foreach intersection i, time u do
Compute traffic features (Egs. 5.2, 5.3)
10 Compute NiGQV’“ and NiVQG’u

11 Assign EVCS and V2G type profile

4 Update population, ¢ <7+ 1

5 end

6 Extract BESS location and rate of charge/discharge
7 end

8

9

12 end

13 foreach time step u do

14 while i < episodes do

15 while j < actions do

16 action < agent.act(state)

17 Run DDPG for EVCS and V2G placement under TN constraints
18 if EVCS constraints satisfied then

19 Enforce V2G constraints and activate pg under market flexibility
20 end

21 state < nextState

22 end

23 end

24 Extract EVCS and V2G-enabled locations

25 end

26 Integrate real-world datasets (EVCS demand, active V2G participation types)
27 foreach time step u do

28 while i < iterations do

29 Run GA to minimise VD by optimising K;(u) subject to SOC constraints
30 Update population, ¢ ¢+ 1

31 end

32 Extract optimal K;(u) for all buses

33 end

34 return

Overall, the proposed multi-module framework combines global feasibility-oriented storage
planning, adaptive traffic-aware charging infrastructure deployment, and localised voltage con-
trol. In doing so, it translates the behavioural and flexibility-oriented concepts of RQ3 into a
computationally executable planning architecture. More importantly, it links infrastructure de-
sign, user behaviour, and operational control into a single, coordinated decision-making process.
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Table 6.1: Key parameters, V2G participation assumptions, and optimisation settings used in
the V2G-aware coupled PDN-TN case study.

Parameters Value

Loss rates (G2V / V2G) 0.05 / 0.10
Cost of power from the substation 5 $/kWh

V2G pile cost rate (slow/fast) 1.2

Value of travel time cime 20 $/h

DC charging pile capacity 120 kW

DDPG actor/critic layer size [400, 300]
DDPG (batch size, learning rate) (64, 0.001)
Electricity prices (S/F/Grid) 0.50/0.75/0.13 $/kWh
GA parameters (pop., gen., cross., mut.) (20, 50, 0.9, 0.1)
Lifetime of each station 20 years

Max. V2G travel distance Dy.2$ 30 km

Mileage per energy unit Iy 4.1 kmm/kWh
Min. V2G station distance DY, 2 km

Voltage limits (minimum / nominal) 216 V, 230 V
EV penetration level a 0.5

6.5 Results and Discussion

This section evaluates the RQ3 framework in a Melbourne-based coupled PDN-TN environment
to examine how V2G participation behaviour and market-driven flexibility affect EVCS planning,
transportation performance, and distribution-network stability. The common data environment,
feeder assumptions, and traffic-network construction have already been established in Chapters 3
and 5; accordingly, only the RQ3-specific elements of the simulation setting are summarised here.
This avoids reintroducing the common experimental backbone and keeps the chapter’s focus on
the additional behavioural, market-activation, and V2G-control layers introduced for RQ3.

The results are interpreted from a planning perspective rather than as isolated operational
simulations. The key question is how V2G participation and market-driven flexibility reshape the
feasible planning envelope for EVCS deployment while maintaining acceptable grid performance
and transportation-side service quality. Therefore, the analysis focuses on three linked outcomes:
the extent to which V2G reduces electrical stress, the extent to which participation uncertainty
limits this benefit, and the extent to which coordinated control can utilise the available flexibility
without masking structurally weak planning decisions.

The principal case study integrates a modified IEEE 33-bus radial distribution system with a
Melbourne TN represented using real-world traffic data. The electrical layer follows the common
household, PV, and BESS assumptions established earlier in the thesis, while the transportation
layer uses 60 intersections and 95 roads aggregated into 48 half-hour intervals. Figures 3.2, 3.3,
and 3.4 summarise the smart meter profile and the resulting temporal and spatial distributions
of charging demand.

RQ3 extends this common case-study environment by introducing V2G participation profiles,
utility-based participation behaviour, and market-driven activation of flexibility. Key chapter-
specific parameters are reported in Table 6.1.

RQ3-specific demand and participation behaviour are parameterised using the Gaussian,
Weibull, and utility-based formulations introduced earlier in the chapter, while the common
electrical and transportation assumptions remain consistent with Chapters 3 and 5. Chapter-
specific parameters are summarised in Table 6.1. All simulations were executed in a fixed
computational environment to ensure repeatability across scenario studies.
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Figure 6.2: BESS charge/discharge profile over the 24-hour planning horizon for the IEEE 33-
bus case study.

Figure 6.3: Daily EVCS load profiles under different V2G participation types and fixed EVCS
deployment patterns.

6.5.1 Planning Performance under V2G Participation

Planning begins with GA-based siting and scheduling of BESS units. As shown in Fig. 6.2, the
BESS units follow dynamic charging/discharging patterns across the 48 time steps to mitigate
power loss and VD under varying load and PV conditions.

EVCS siting is then handled by the DDPG agent, which interacts with the coupled PDN-TN
environment. Fig. 6.3 shows the EVCS power-consumption pattern together with three repre-
sentative V2G participation profiles. To evaluate the combined effects of V2G participation and
market engagement, four scenarios are considered:

e Scenario 1: Full V2G with 100% participation;

e Scenario 2: Partial V2G with full participation;

110



Chapter 6

Figure 6.4: Comparison of technical performance costs under different V2G participation and
market-activation scenarios.

e Scenario 3: Partial V2G with 50% participation;

e Scenario 4: Baseline without V2G.

Here, full V2G participation implies that the V2G centre can provide the committed export
profile to the grid, whereas in the 50% participation case, the actual contribution is only half of
the committed amount.

The system-level outcomes of these scenarios are summarised in Figs. 6.4 and 6.5. From the
PDN perspective, Scenario 1 consistently provides the strongest performance, reducing power
loss by approximately 0.6%, reducing the aggregate VD index by around 0.10 pu, and main-
taining the strongest voltage-stability performance among the evaluated scenarios. Scenario 2
also improves performance, but its gains are smaller because fewer V2G-enabled stations are
available. Scenario 3 performs noticeably worse despite nominal V2G support, because reduced
participation and spatial concentration limit the practical value of available flexibility. In sev-
eral metrics, this weak participation profile performs comparably to or worse than the non-V2G
baseline (Scenario 4). The results, therefore, show that technical V2G capability alone is insuf-
ficient; effective participation matters materially. They also indicate that the planning value of
V2G is strongly shaped by participation reliability rather than by bidirectional hardware alone.

6.5.2 Impact of Market Flexibility

The difference between Scenarios 2 and 3 is especially important for interpreting the role of
market-driven flexibility. Both scenarios include V2G-enabled infrastructure, yet the level of
effective participation differs. Scenario 2 reflects a case in which the available V2G profile can
be fully activated, whereas Scenario 3 reflects a more constrained market-response condition in
which only half of the committed flexibility is effectively available.

This comparison demonstrates that the value of V2G-ready infrastructure depends on the
ability to activate operational flexibility. When participation and activation are strong, the
charging network functions as a significant distributed flexibility resource. When activation is
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Figure 6.5: Comparison of annual investment and user travel costs under different V2G partic-
ipation and market-activation scenarios.

limited, the same infrastructure provides materially weaker system support. In other words, the
planning value of V2G capability is not captured solely by installing bidirectional chargers; it
depends on whether those chargers can mobilise meaningful flexibility under profile-dependent
and market-dependent conditions.

A further insight is that the gains in Scenario 1 begin to saturate beyond approximately 10
EVCSs. This suggests that while greater EVCS density improves accessibility and flexibility
coverage, the marginal technical benefit diminishes once sufficient spatial support is in place.
This saturation behaviour is relevant for practice because it suggests that the most effective
V2G-oriented deployment is not necessarily the densest possible, but rather one that balances
flexibility value, participation quality, and infrastructure cost.

These findings highlight an important distinction between V2G capability and V2G deliv-
erability. Installing bidirectional EVCSs increases the theoretical flexibility embedded in the
charging infrastructure, but market activation determines how much of that flexibility can be
called upon in practice. From a planning perspective, this means that EVCS deployment strate-
gies based only on installed V2G capacity may overstate network-support benefits unless partic-
ipation and activation constraints are explicitly represented. Market-driven flexibility, therefore,
acts as a realism filter that converts technical capability into an operationally credible planning
resource.

6.5.3 Transportation System Performance

From the transportation system perspective, Fig. 6.5 shows that Scenario 1 yields the great-
est reductions in travel cost and queuing time. Specifically, travel costs are reduced by up to
48% and queuing time by up to 75% relative to less effective participation scenarios, owing to
the combination of well-distributed EVCS locations and effective V2G scheduling. Scenario 2
provides intermediate gains. Scenario 3 performs worse because low participation and weaker
spatial coverage produce local service bottlenecks and dilute the benefits of V2G-enabled de-
ployment. Scenario 4, while operationally simpler, lacks the additional flexibility that helps
maintain charging service quality under heavy demand.

As the number of EVCSs increases, transportation performance generally improves because
travel detours and queuing pressure decline. However, the benefits again saturate as station
count rises, and this saturation aligns with the cost increases observed in Fig. 6.5. Hence,
the transport-side results reinforce the broader thesis-level conclusion that optimal EVCS plan-
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Figure 6.6: Voltage profiles under fixed, real-data, and controlled EVCS-V2G operating condi-
tions across the planning scenarios.

ning must balance accessibility gains against cost and electrical feasibility rather than simply
maximising station count.

An additional system-wide insight emerges from feasible hosting capacity. Scenario 1 sup-
ports up to 13 feasible EVCS deployments, whereas the baseline without V2G (Scenario 4)
supports only 11. Scenario 3 performs the worst, enabling only 10 stations due to poor V2G
spatial distribution and limited participation, thereby weakening the network’s ability to absorb
additional charging infrastructure. This result is important because it shows that strong V2G
participation not only improves operations at fixed infrastructure levels but also expands the
feasible planning space. In this sense, the quality of participation affects not only operational
outcomes but also the size of the infrastructure deployment envelope.

6.5.4 Voltage Stability

Voltage robustness under real-time uncertainty is examined using the Control Module. Fig. 6.6
compares voltage profiles across the four scenarios under three conditions: (A) fixed EVCS/V2G
patterns from the planning stage, (B) injection of real EVCS/V2G data to simulate operational
volatility, and (C) activation of the control module using optimised BESS gains.
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Under the fixed planning patterns in Fig. 6.6(A), all scenarios remain within acceptable
voltage limits, indicating that the planning layer itself is technically sound. However, once
real EVCS/V2G data are introduced in Fig. 6.6(B), voltage violations appear, especially in
Scenario 4, which lacks V2G support, and in Scenario 3, where participation is limited and
spatially uneven. This confirms that planning results alone are insufficient when actual operating
conditions deviate from nominal assumptions.

After the Control Module is activated in Fig. 6.6(C), voltage stability is restored across all
scenarios. The GA-optimised local gains adjust BESS behaviour in real time, compensating
for both voltage drops and surplus-voltage conditions induced by charging and V2G activity.
Scenario 1 remains the most stable, but even Scenario 4 benefits substantially from localised
control despite lacking bidirectional EV support.

To further examine the robustness of the proposed framework, a brief sensitivity analysis was
conducted with respect to several key operational parameters influencing V2G-enabled charging
infrastructure. In particular, three factors were considered: the effective V2G loss rate, the
maximum permissible queuing time at EVCS locations, and the operational SOC limits of BESS
units.

First, increasing the V2G charge/discharge loss rate from 10% to 15% resulted in a modest
increase in network power losses and associated operating costs. However, the relative per-
formance ranking of the planning scenarios remained unchanged, with Scenario 1 consistently
providing the strongest voltage support and overall system performance. This indicates that
the technical benefits of coordinated V2G participation are not overly sensitive to moderate
variations in conversion losses.

Second, relaxing the maximum queuing-time constraint from 20 minutes to 30 minutes
slightly increased the flexibility of EVCS placement within the TN. While this relaxation im-
proved siting feasibility in certain high-demand areas, it also increased the travel-related user
cost due to longer waiting times. The overall planning outcomes, therefore, reflect a trade-off
between user service quality and flexibility in infrastructure placement.

Third, narrowing the allowable BESS state-of-charge operating range from [0.2, 0.9] to
[0.3, 0.8] reduced the effective energy flexibility available for real-time voltage regulation. Under
these tighter SOC bounds, the system exhibited slightly higher VDs during high-demand peri-
ods. Nevertheless, the control module remained capable of maintaining voltage stability within
acceptable limits.

Overall, these sensitivity observations confirm that the proposed coordinated planning and
control framework remains operationally robust under realistic variations in key technical and
service parameters. While parameter changes affect the magnitude of certain performance
metrics, the fundamental conclusion of the chapter, namely, that strong V2G participation,
combined with coordinated control, significantly improves PDN stability and EVCS planning
feasibility, remains unchanged.

Taken together, the results provide the core answer to RQ3. Full and effective V2G partic-
ipation yields the strongest combined gains in PDN performance, transport accessibility, and
feasible EVCS hosting capacity, whereas weak or partially activated participation substantially
limits the practical value of V2G-ready infrastructure. The chapter therefore shows that the
benefits of bidirectional charging depend not only on technical capability, but also on partici-
pation behaviour, activation conditions, and real-time operational support. More broadly, the
results demonstrate that robust EVCS planning in future smart grids requires the coordinated
treatment of infrastructure design, participation realism, and operational controllability.

The voltage results also clarify the role of operational control within the proposed planning
framework. Coordinated control improves the utilisation of BESS and V2G flexibility after
infrastructure locations and capacities have been determined; however, it should not be inter-
preted as a substitute for structurally sound planning. If EVCSs are deployed at electrically
weak locations or if V2G support is assumed to be fully available despite uncertain participa-
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tion, real-time control can only partially mitigate the resulting voltage stress. Thus, operational
control is most effective when it complements, rather than compensates for, feasible siting and
sizing decisions.

6.6 Practitioner-Oriented Guidance for V2G-enabled
Infrastructure Planning

The results of this chapter provide direct planning and operational insights for stakeholders
involved in EV charging infrastructure deployment, electricity network operations, and flexibility
market design.

For practical deployment, the results indicate that V2G-enabled EVCS planning should
be treated as a co-design problem involving charging infrastructure, local grid flexibility, user
participation, and market access. A technically optimal EVCS location may not be operationally
valuable if participation is weak, market activation is limited, or local voltage constraints restrict
bidirectional exchange. Conversely, locations with moderate charging demand may become
strategically valuable if they combine adequate feeder hosting capacity, predictable parking
behaviour, and reliable flexibility participation.

Implications for Distribution Network Operators and DNSPs: The results show
that V2G-enabled EV fleets can act as distributed flexibility resources for voltage support and
peak-load mitigation. This means that, under sufficiently strong participation and activation
conditions, network operators can treat EVCSs not only as new electrical loads but also as
potential support assets. In practical terms, strategically located V2G-enabled EVCSs can
reduce feeder stress, improve voltage quality, and postpone or reduce the need for conventional
network reinforcement.

Implications for EV charging infrastructure developers and operators: The re-
sults demonstrate that the value of charging infrastructure increases when EVCS deployment
is aligned with both mobility demand and flexibility potential. Traffic-informed EVCS siting
reduces travel and queueing burdens, while bidirectional capability creates additional revenue
and system-value pathways by providing flexibility. However, these gains are not automatic;
they depend on the quality of participation associated with each site type. Therefore, charg-
ing developers should distinguish between public, commercial, and depot-style locations when
evaluating the business and operational value of V2G-ready charging assets.

Implications for aggregators and flexibility-market participants: The comparison
between strong and weak participation scenarios shows that the practical value of V2G depends
on the ability to deploy operational flexibility rather than merely on the presence of bidirectional
hardware. This implies that aggregators and market-facing operators should prioritise charging
locations with more reliable participation profiles and a greater probability of effective activation.
In other words, infrastructure that is technically V2G-ready but behaviourally or operationally
weak should not be valued as equivalent to infrastructure that provides consistent, dispatchable
flexibility.

Implications for policy and integrated urban planning: The results also highlight
the need for coordinated planning between transport electrification strategies and distribution-
network development. From a policy perspective, support for V2G-ready infrastructure should
be coupled with regulatory and market arrangements that enable the effective activation of
flexibility, including clear participation frameworks, aggregator integration pathways, and data-
sharing mechanisms among transport authorities, charging operators, and electricity system
operators. Without such coordination, a substantial portion of the theoretical flexibility value
of EV fleets may remain unrealised.

Overall, the chapter shows that future EV charging networks should be planned not merely as
energy supply facilities, but as coordinated energy—mobility assets whose system value depends
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on location, participation behaviour, activation conditions, and controllability. For industry
decision-makers, the central message is clear: the benefits of V2G-enabled charging infrastruc-
ture are real, but conditional. The highest value is obtained when traffic-informed deployment,
strong participation profiles, market-oriented activation, and real-time control are designed to-
gether rather than in isolation.

Chapter 6, therefore, extends the thesis beyond traffic-informed EVCS siting and sizing by
showing that flexibility-aware planning must distinguish between installed bidirectional capacity
and realisable operational support. This distinction provides the foundation for the cross-study
synthesis in Chapter 7, where V2G, BESS, uncertainty, control, and market participation are
interpreted as structural planning dimensions within the design of integrated energy—mobility
infrastructure.
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Chapter 7

Decision-Centric Synthesis of EVCS
Planning Frameworks

This chapter provides a decision-centric synthesis of EVCS planning frameworks in coupled
PDN-TN systems and positions the thesis contributions within this broader methodological
landscape. Rather than functioning as a conventional literature review, the chapter examines
how infrastructure-planning decisions are formulated, sequenced, and coupled with operational
mechanisms. This perspective is necessary because EVCS planning performance is not governed
by the optimisation algorithm alone; it is also shaped by the decision architecture that links
traffic-driven demand, grid-feasibility assessment, flexibility resources, operational control, and
participation mechanisms.

The motivation for this synthesis is that the coupled PDN-TN EVCS planning literature
remains fragmented not only by methodological diversity, but also by inconsistent decision struc-
tures, heterogeneous coupling assumptions, and uneven integration of planning and operational
layers. Two studies may employ similar optimisation techniques yet reach different planning
outcomes if they differ in how charging demand is generated, how transportation states are
translated into electrical loading, how grid constraints are enforced, or how flexibility and control
are embedded in the planning process. Therefore, this chapter compares planning frameworks
through their structural decision logic rather than through solver categories alone.

Within the overall thesis, this chapter’s role is interpretive rather than developmental. Chap-
ters 4-6 introduced progressively enriched planning frameworks for EVCS deployment, moving
from grid-aware EVCS-BESS planning, to traffic-informed coupled PDN-TN planning, and fi-
nally to V2G-enabled planning under participation and flexibility constraints. The purpose of
the present chapter is to interpret this progression within the broader research landscape and
to clarify how different modelling assumptions, coupling mechanisms, and operational features
reshape the feasible EVCS deployment frontier. In this sense, the chapter links the thesis con-
tributions to a wider question: how should EVCS planning frameworks be structured so that
accessibility, electrical feasibility, flexibility utilisation, and deployment realism are assessed
within a coherent decision architecture?

A key distinction adopted in this chapter is the separation between planning-layer and
operation-layer decisions. Planning-layer decisions are long-horizon, capital-intensive, and
largely irreversible choices, including EVCS siting, charger capacity sizing, BESS placement,
and infrastructure readiness for V2G participation. Operation-layer decisions, by contrast, in-
volve short-horizon adaptive mechanisms such as BESS dispatch, V2G activation, charging
management, voltage regulation, pricing response, and queue-aware service coordination. The
thesis connects these two layers, but does not collapse them into a single monolithic optimisa-
tion problem. This distinction preserves the interpretability of infrastructure-planning decisions
while allowing their operational feasibility to be evaluated under realistic conditions for traffic,
demand, flexibility, and participation.

Accordingly, the chapter has three objectives. First, it organises the EVCS planning litera-
ture through a decision-structure-oriented taxonomy that distinguishes among different planning
architectures, methodological families, and planning-operation interfaces. Second, it evaluates
the maturity of advanced planning features, including PDN-TN coupling, data-driven demand
representation, uncertainty modelling, BESS coordination, V2G participation, market-enabled
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flexibility, operational control, accessibility, and resilience. Third, it uses the thesis case-study
progression to interpret how these features act as structural planning dimensions that reshape
hosting capacity, service accessibility, flexibility utilisation, and the feasible EVCS deployment
frontier.

The analytical boundary of this chapter follows the scope established in Chapters 1 and 2.
The focus is on EVCS infrastructure planning in coupled PDN-TN environments, where charg-
ing demand is treated as a mobility-driven quantity that must be translated into spatially and
temporally varying electrical demand on distribution feeders. The synthesis, therefore, empha-
sises studies that connect infrastructure siting and sizing decisions with transportation-driven
charging demand, feeder-level feasibility constraints, flexibility resources, and operational coor-
dination. Particular attention is given to demand-to-grid translation mechanisms, because the
practical value of a coupled planning framework depends on whether traffic-derived charging
demand is mapped to enforceable PDN constraints rather than treated as an exogenous demand
profile. Purely operational charging-control studies are considered only when they materially
affect infrastructure planning decisions.

To achieve these objectives, the chapter proceeds through a sequence of analytical steps.
Section 7.1 introduces a methodological taxonomy that categorises existing studies into distinct
planning paradigms, while Section 7.2 evaluates the maturity of advanced planning features
embedded in these frameworks. Section 7.3 then provides a comparative synthesis of method-
ological trends and modelling characteristics across the reviewed literature. Building on this
qualitative synthesis, Section 7.4 develops a deployment-oriented scenario analysis that inter-
prets how uncertainty, BESS, V2G participation, coordinated voltage control, and market-driven
flexibility reshape the feasible EVCS deployment frontier under a common analytical framework.
Section 7.5 consolidates the resulting insights and identifies structural research gaps, while Sec-
tion 7.6 maps the thesis RQs to the broader methodological landscape. Finally, Section 7.7
discusses the implications of integrated EVCS planning for infrastructure development, electric-
ity markets, transportation systems, and deployment-oriented decision-making.

7.1 Methodological Families of EVCS Planning Frameworks

Building on the research-domain boundaries established in the previous sections, this part of
the chapter introduces a structured methodological taxonomy of EVCS planning frameworks for
coupled PDN-TN environments. The objective is not merely to classify prior studies, but to or-
ganise them according to their underlying planning logic and decision architecture. Establishing
such a taxonomy is essential for a doctoral-level synthesis because it enables the literature to
be interpreted through a consistent analytical lens, thereby revealing methodological patterns,
structural assumptions, and limitations across the research landscape.

Within the context of this thesis, the classification of planning frameworks is particularly
important. The research contributions developed in the subsequent chapters build on progres-
sively richer planning architectures that integrate traffic-aware demand modelling, distribution
network feasibility, infrastructure flexibility, and coordinated operational mechanisms. Under-
standing how existing studies structure the EVCS planning problem, therefore, provides the
conceptual foundation to position the thesis contributions relative to the current state of the
art.

To support this objective, the chapter adopts the methodological classification framework
illustrated in Fig. 7.1. The reviewed studies are grouped into six methodological families ac-
cording to their core decision structure: FTO, LTO, Graph-based Candidate Screening (GCS),
Plan-Operate-Learn (POL), Bi-Level optimisation (BLO), and Simulation-Based optimisation
(SBO). Each family reflects a distinct philosophy for integrating predictive models, optimisation
techniques, and system interactions in EVCS planning.
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| Methodological Classification of EVCS Planning Frameworks
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Figure 7.1: Proposed taxonomy for positioning reviewed studies across methodological classes
and modelling dimensions in coupled PDN-TN EVCS planning.

Rather than grouping studies solely by application area or optimisation objective, this taxon-
omy emphasises the planning architecture through which infrastructure decisions are formulated
and coordinated across the coupled energy—mobility system. This perspective is particularly im-
portant because different methodological families implicitly embed different assumptions about
how uncertainty is treated, operational feedback, scalability, and cross-domain coupling.

Collectively, the six methodological classes represent distinct planning paradigms that cap-
ture the methodological evolution of EVCS planning research. Early approaches relied primarily
on deterministic optimisation under forecasted demand, whereas more recent studies incorporate
learning-based policies, large-scale screening strategies, and closed-loop planning architectures
that explicitly account for system feedback and uncertainty.
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7.1.1 Forecast-then-Optimise (FTO)

The FTO paradigm is among the earliest and most widely adopted planning structures for
EVCS deployment. In this framework, uncertain inputs such as charging demand, renewable
generation, or electricity prices are first estimated using forecasting models and then treated as
fixed parameters in an optimisation problem that determines EVCS siting, sizing, or operational
decisions.

This separation between prediction and optimisation improves transparency and computa-
tional tractability and aligns closely with conventional infrastructure planning workflows used
in industry. Forecasting components are typically implemented using statistical models, includ-
ing regression-based or diffusion-based demand estimation methods [71, 72|, or learning-based
approaches designed to predict mobility patterns and charging arrivals [73, 74]. Once these fore-
casts are generated, mathematical optimisation techniques are used to identify infrastructure
configurations that satisfy grid constraints and planning objectives.

Despite its practicality, the FTO paradigm exhibits an inherent structural limitation. Be-
cause forecasts are treated as deterministic inputs to the optimisation stage, errors in the fore-
casting process propagate directly into planning outcomes. Furthermore, the absence of feedback
between prediction and decision stages restricts the model’s ability to adapt to evolving mobility
patterns or changing grid conditions in coupled PDN-TN systems.

Nevertheless, a large body of literature demonstrates the effectiveness of FTO in integrating
predictive modelling with optimisation-based EVCS planning. Early studies combined mobility
and PV generation forecasts to design V2G-oriented charging infrastructures [73]. Subsequent
research incorporated traffic-flow prediction and voltage-aware demand estimation to balance
infrastructure cost, accessibility, and distribution grid performance [71, 72]. More recent work
extended these models through multi-agent demand estimation [74], congestion-aware spatial
allocation [75, 76], and land-use—driven demand evolution [77]. Collectively, these studies estab-
lish FTO as a mature data-driven paradigm that systematically translates predictive insights
from mobility, grid, and renewable energy domains into EVCS planning decisions.

7.1.2 Learn-to-Optimise (LTO)

The LTO paradigm represents a shift from explicit optimisation pipelines toward data-driven
policy learning. In contrast to FTO frameworks, LTO approaches learn a direct mapping from
observed system states to planning or operational actions, thereby reducing reliance on repeated
solution of complex optimisation models.

This paradigm is particularly attractive in nonlinear, high-dimensional, coupled PDN-TN
environments, where RL and deep learning techniques can capture behavioural feedback among
traffic congestion, grid conditions, and charging demand. In these models, agents observe system
states such as voltage levels, station utilisation, or traffic congestion and learn policies that
determine decisions on infrastructure siting, pricing, or operational control.

Once trained, learning-based policies enable rapid online inference and can support multi-
objective coordination across mobility and energy systems. However, these approaches remain
sensitive to the quality of the training data, simulator fidelity, reward design, and hyperparam-
eter selection. Moreover, learning-based models often lack the interpretability and theoretical
guarantees associated with traditional optimisation methods.

Recent literature illustrates the growing application of LTO frameworks in EVCS planning.
Early studies simulated competitive market environments in which infrastructure operators learn
pricing and investment strategies under grid constraints [78, 79]. Later work employed deep RL
techniques such as the Soft Actor-Critic to optimise charging prices and routing responses jointly
in multi-level market settings [45]. Additional studies formulated EVCS siting as a Markov
decision process, enabling agents to learn investment policies directly from system interactions
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[80]. More advanced approaches utilise recurrent neural networks and attention mechanisms to
generate station placement and capacity decisions while capturing temporal mobility patterns
[81]. Together, these developments demonstrate that LTO is emerging as a learning-driven
paradigm capable of coordinating energy—mobility decisions in complex, data-rich environments.

7.1.3 Graph-based Candidate Screening (GCS)

The GCS addresses the dimensionality challenge associated with large-scale EVCS planning. In
metropolitan-scale networks, thousands of potential infrastructure locations may exist, making
direct optimisation computationally intractable. GCS methods, therefore, introduce a prepro-
cessing stage that reduces the set of candidate locations before detailed optimisation is per-
formed.

In these frameworks, the integrated PDN-TN system is represented as a graph, where nodes
correspond to candidate charging locations and edges capture transportation connectivity or the
electrical network structure. Network science metrics such as centrality, coverage, and clustering
are then applied to identify nodes that are simultaneously attractive from both mobility and
electrical perspectives.

By filtering candidate locations before optimisation, GCS approaches significantly improve
scalability while preserving spatial and electrical realism. However, the heuristic nature of
screening procedures may inadvertently exclude globally optimal solutions if the filtering criteria
are overly restrictive.

The GCS literature has progressively evolved toward more sophisticated screening tech-
niques. Early studies introduced K-shortest-path and delay-aware heuristics to account for
congestion, grid capacity, and user accessibility [82, 83]. Subsequent research incorporated
multi-demand charging contexts, including en-route and destination charging [84]. Later work
introduced robustness-oriented screening methods based on voltage sensitivity analysis and dis-
tributionally robust formulations [85, 86]. More recent developments integrate AC power-flow-
constrained optimisation, graph partitioning techniques, and hybrid metaheuristic frameworks
to improve screening accuracy and scalability [87, 88, 89]. These developments position GCS as
a scalable preprocessing strategy that bridges network analytics and optimisation in large-scale
EVCS deployment.

7.1.4 Plan-Operate-Learn (POL)

The POL paradigm adopts a closed-loop perspective on EVCS infrastructure development.
Rather than assuming static planning conditions, POL frameworks explicitly link long-term
infrastructure design with operational feedback and learning processes.

In this paradigm, planning decisions such as station siting and capacity sizing are imple-
mented in real or simulated systems. Operational interactions with users, markets, and grid
infrastructures generate performance data that can subsequently be used to update demand
forecasts, behavioural models, and infrastructure planning assumptions. By incorporating oper-
ational feedback into the planning cycle, POL frameworks improve robustness under uncertainty
and support adaptive infrastructure evolution.

Early POL studies incorporated GIS-based screening techniques and fuzzy multi-criteria
decision analysis to refine infrastructure planning based on operational performance indicators
[90, 91]. Subsequent research incorporated pricing signals, traffic equilibria, and power-flow
constraints into iterative planning updates [92, 93, 94]. More recent developments have expanded
POL frameworks to include data-driven diagnostics, multi-agent coordination, and profitability-
based expansion strategies [95, 96, 97, 98]. These studies illustrate how POL enables EVCS
planning frameworks to evolve dynamically in response to real-world system performance.
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7.1.5 Bi-Level optimisation (BLO)

BLO provides a structured approach for modelling hierarchical interactions between long-term
infrastructure planning decisions and short-term operational responses. In BLO formulations,
upper-level decision makers determine EVCS siting or investment strategies, while lower-level
models represent transportation equilibrium, user charging behaviour, or power system opera-
tion.

By embedding equilibrium-based models such as user-equilibrium traffic assignment and op-
timal power flow, BLO frameworks capture endogenous feedback between infrastructure deploy-
ment, user behaviour, and grid performance. This capability makes BLO particularly well-suited
for analysing the interactions among accessibility, congestion, and electrical feasibility in EVCS
planning.

The primary advantage of BLO lies in its analytical rigour and interpretability, which allow
planners to evaluate policy interventions such as pricing schemes, charging tariffs, or regulatory
incentives. However, bilevel formulations are often computationally challenging because they re-
sult in nonconvex optimisation problems that must be reformulated as MINLPs or mathematical
programs with equilibrium constraints (MPECs).

Research on BLO-based EVCS planning has progressively become more complex and realis-
tic. Early studies introduced leader—follower models linking infrastructure investment to traffic
equilibrium and grid feasibility [99]. Later work incorporated renewable integration, environ-
mental objectives, and branch-flow power system models [79, 8, 100]. Additional developments
interpreted EVCS planning as a Stackelberg game between planners and EV users [101]. Recent
research has focused on improving scalability through decomposition methods and temporal
coupling strategies while extending the framework to wireless charging infrastructure and multi-
level decision environments [102, 103, 104, 105]. These developments position BLO as one of
the most influential paradigms for modelling hierarchical EVCS planning problems.

7.1.6 Simulation-Based optimisation (SBO)

SBO integrates high-fidelity simulation environments with optimisation algorithms to address
complex EVCS planning problems that are difficult to represent analytically. In SBO frame-
works, detailed simulators, such as traffic simulators, power-flow models, or agent-based mobility
platforms, are used to evaluate system performance under candidate infrastructure configura-
tions. optimisation algorithms, then iteratively explore the decision space to identify improved
solutions.

This paradigm is particularly well-suited to nonlinear, stochastic, and strongly coupled PDN—
TN systems for which analytical formulations are intractable. By embedding realistic simulators
within the optimisation process, SBO frameworks enable planners to evaluate infrastructure per-
formance under diverse operating conditions, including congestion dynamics, stochastic demand
patterns, and grid disturbances.

The primary advantage of SBO lies in its modelling flexibility and ability to capture complex
system behaviour. However, this realism comes at the cost of significant computational effort,
as each candidate solution requires a full simulation run. Therefore, convergence speed and
solution quality depend heavily on the chosen metaheuristic or surrogate-based optimisation
algorithm.

The SBO literature has evolved toward increasingly sophisticated simulation environments.
Early work integrated metaheuristic search algorithms with simulator-in-the-loop architectures
to jointly optimise service quality and grid performance [106]. Subsequent studies incorporated
stochastic demand modelling, swarm-based algorithms, and power-flow-validated search strate-
gies [107, 108, 109]. More recent research has extended SBO frameworks to city-scale planning
environments, incorporating queuing dynamics, reliability analysis, V2G coordination, and hy-
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brid simulation—learning architectures [110, 111, 51, 112]. These developments position SBO
as a powerful paradigm for bridging analytical planning models and high-fidelity digital-twin
environments for EVCS infrastructure planning.

7.2 Advanced Planning Features in Coupled Infrastructure
Models

Beyond the methodological families introduced in the previous section, EVCS planning frame-
works in coupled PDN-TN environments can also be differentiated by the depth, consistency, and
structural role of the advanced planning features embedded within their formulations. Within
the context of this thesis, these features are not treated as peripheral extensions but as core
modelling components that directly shape planning realism, infrastructure feasibility, scalabil-
ity, and deployment relevance. This section, therefore, evaluates the reviewed literature from
a feature-oriented perspective, focusing on the extent to which key planning capabilities are
explicitly represented and structurally integrated within coupled energy—mobility models.

In addition to the methodological taxonomy introduced in Section 7.1, the literature is
assessed here through a complementary analytical lens that emphasises the maturity of advanced
planning features. The objective is not merely to determine whether particular features are
present, but to examine how transparently, consistently, and materially they are embedded in
the planning architecture. This distinction is important because the technical value of an EVCS
planning framework depends not only on the inclusion of advanced capabilities, but also on
whether these capabilities meaningfully influence the representation of charging demand, grid
feasibility, operational flexibility, and cross-domain interactions in coupled PDN-TN systems.

Accordingly, the analysis examines a set of advanced functional dimensions that capture
the dominant dynamics of integrated EVCS planning, including bidirectional V2G interaction,
BESS coordination, market-based flexibility, uncertainty representation, operational control,
traffic fidelity, PDN modelling depth, queue dynamics, multi-objective optimisation, solution
scalability, data granularity, accessibility, and resilience. By shifting the emphasis from solution
techniques alone to the explicit representation of coupled-system behaviour, this perspective
enables a more rigorous assessment of technical maturity, planning coherence, and practical
readiness across the reviewed literature. The following subsections discuss each of these features
in turn and evaluate their role in shaping next-generation EVCS planning frameworks.

7.2.1 V2G Integration

V2G technology transforms EVs from passive loads into distributed energy resources that can
provide ancillary services such as voltage support, peak shaving, and frequency regulation,
thereby enhancing grid flexibility and facilitating the integration of renewable energy. Prac-
tical deployment, however, remains constrained by battery degradation, communication and
interoperability requirements, cybersecurity concerns, and incentive design, leading most imple-
mentations to rely on hierarchical control, aggregator-based coordination, and market-oriented
participation mechanisms.

From a planning perspective, V2G integration within EVCS frameworks follows a clear pro-
gression in the depth of interaction. At the most basic level, EVs are modelled as unidirectional
G2V loads, which simplifies grid-constrained siting but ignores their potential for flexibility [11].
Subsequent stochastic and multi-objective formulations expose latent flexibility by incorporating
voltage limits, uncertainty, and cost—service trade-offs [113, 114]. More advanced models make
charging responsive to tariffs and renewable availability, enabling peak mitigation without full
bidirectional exchange [115, 116, 117]. Explicit V2G control then enables coordinated voltage
regulation, congestion relief, and load balancing through aggregated fleets [118, 119]. At the
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highest level of integration, V2G is embedded in market-clearing and coordination mechanisms,
enabling EV fleets to participate in dynamic pricing, routing, and ancillary service provision
through Pareto-based optimisation and learning-enabled formulations [48, 120]. Overall, the
literature reflects a clear transition from static charging assumptions toward adaptive, market-
coupled, and V2G-enabled EVCS planning.

7.2.2 Battery Energy Storage System Coordination

Coordinating BESS with EVCS planning improves reliability, flexibility, and cost efficiency in
coupled PDN-TN systems. By buffering renewable variability and stochastic charging demand,
BESS supports feeder voltages, smooths intermittency, reduces peak-induced stress on trans-
formers and lines, and can defer network reinforcement while aligning charging demand with
renewable availability. Storage can also provide fast operational support, including voltage regu-
lation and contingency backup, although its deployment is constrained by capital costs, degrada-
tion, uncertain revenue streams, and the difficulty of coordinating dispatch under mobility-driven
demand. As a result, recent frameworks increasingly adopt multi-objective planning and PDN—
TN co-simulation to balance investment, grid performance, and service quality, and, in more
advanced settings, connect storage-enabled stations to demand-response and ancillary-service
value streams.

BESS integration in EVCS planning can be categorised into four maturity levels. First,
charging stations are modelled as grid-only loads without storage, which can amplify peak
demand and voltage stress [75, 121]. Second, limited local mitigation is introduced without ex-
plicit energy buffering, for example, through reactive power compensation [122]. Third, station-
level BESS is explicitly modelled, often in combination with renewable generation, to provide
buffering, peak shaving, congestion relief, and uncertainty management [123, 124, 125]. Finally,
coordination extends to feeder-level or system-level co-planning of EVCS and BESS, some-
times within aggregator- or market-based structures, enabling hosting-capacity enhancement,
loss reduction, upgrade deferral, and participation in demand response and ancillary services
[126, 127, 128, 129].

7.2.3 Market Flexibility

Market and pricing flexibility shape EVCS planning by linking charging demand, energy costs,
and operational adaptation in coupled power—transport systems. Mechanisms such as time-of-
use tariffs, locational pricing, and ancillary-service participation allow operators to respond to
spatial-temporal grid conditions and user behaviour, thereby enabling load shifting, congestion
mitigation, and improved asset utilisation. Incorporating such signals moves EVCS planning
beyond static engineering design toward cyber-economic co-optimisation that jointly accounts
for technical feasibility, user response, and financial viability. Practical effectiveness, however,
depends on credible price signals, real-time communication, and careful treatment of user het-
erogeneity, since excessive price volatility can reduce accessibility and public acceptance.

From a planning standpoint, market flexibility evolves as the interaction between economic
signals and system operation becomes progressively tighter. At the most basic level, EVCS
deployment follows spatial, traffic, or engineering criteria with no explicit price adaptation,
treating stations as passive assets subject to reliability or accessibility constraints [130, 131, 132].
A second line response introduces fixed or time-of-use tariffs, enabling limited temporal shifting
and simplified revenue—cost balancing while remaining only weakly coupled to real-time grid
states [133, 134]. More advanced formulations incorporate dynamic or locational pricing to
couple charging costs with congestion and marginal energy costs, thereby inducing coordinated
spatial-temporal charging responses [72]. At the most advanced stage, EVCSs become market-
active assets that monetise flexibility through arbitrage and ancillary services under uncertainty-
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aware market mechanisms, including data-driven valuation, robust optimisation, and chance-
constrained formulations [135, 136, 137, 138].

7.2.4 Operational Control

The operational control layer links long-term EVCS planning with real-time coupled PDN-TN
dynamics. Because charging demand, grid conditions, and traffic states evolve jointly, embed-
ding control within planning is essential to maintain voltage security, operational reliability,
and service quality under uncertainty. Recent frameworks, therefore, adopt hierarchical designs
in which siting and sizing decisions interact with distributed controllers that regulate charging
rates, voltages, and load balancing in response to grid, traffic, and price signals. Model predictive
control (MPC), Volt/VAR regulation, and multi-agent coordination enable anticipatory oper-
ation. They can reduce losses while unlocking flexibility and ancillary services through smart
charging and V2@, albeit at the cost of greater communication, monitoring, and computational
requirements.

From a planning perspective, operational control integration typically progresses through
four stages. First, planning-only models determine EVCS locations and capacities under static
assumptions, without explicit operational feedback [95]. Second, offline scheduling is added after
siting using historical or forecast profiles for peak shaving and utilisation balancing, while control
remains open-loop [139, 84, 89, 108, 109]. Third, planning is coupled with online hierarchical
or distributed control to adapt charging decisions based on traffic-load feedback and space-
time coordination [140, 141]. Finally, closed-loop co-design integrates predictive and distributed
control while accounting for queueing, traffic equilibrium, and uncertainty to support robust
joint planning and grid services [142, 143].

7.2.5 Uncertainty Modelling

Explicit uncertainty modelling is central to EVCS planning because EV adoption, charging
demand, renewable output, and PDN-TN interactions are inherently stochastic. Purely de-
terministic formulations are therefore fragile under coupled variability in traffic, prices, and
renewable generation. Uncertainty-aware frameworks use probabilistic descriptions, scenario
analysis, and risk-aware formulations to limit voltage violations, congestion, and service degra-
dation. Although robustness increases computational burden and data dependence, tractability
is often maintained through scenario reduction, decomposition, or surrogate approximations.
Overall, stochastic, Monte Carlo, and distributionally robust methods shift planning away from
forecast-driven design toward performance-preserving decisions under realistic variability.

Methodologically, uncertainty integration progresses through four stages. Deterministic for-
mulations fix traffic, demand, and price inputs, remaining computationally efficient but highly
sensitive to forecast errors [96]. Sampled uncertainty, for example, through Monte Carlo sim-
ulation or structured scenarios, then supports risk-exposure analysis while keeping uncertainty
generation largely external to the optimiser [144, 81]. Stochastic programming internalises un-
certainty by embedding scenario probabilities to balance expected performance and risk across
realisations, including behavioural heterogeneity [145]. Finally, robust and distributionally ro-
bust formulations provide worst-case or ambiguity-aware protection, sustaining feasibility under
extreme conditions while incorporating high-fidelity power-flow constraints, scenario reduction,
and data-driven variability [146, 147, 148, 149].

7.2.6 Traffic Fidelity

TN modelling fidelity governs the accuracy with which EVCS planning captures driver be-
haviour, congestion, and spatio-temporal mobility dynamics. Charging demand is inherently
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endogenous: station placement reshapes route choice and accessibility, while congestion and
queueing vary with the timing and location of EV charging. Higher-fidelity TN models, there-
fore, improve demand and congestion estimation and help verify that siting outcomes remain
consistent with realistic mobility behaviour. The trade-off is increased data requirements and
higher computational overhead, especially when dynamic traffic assignment, microscopic simu-
lation, or agent-based mobility models are employed.

Traffic modelling maturity in EVCS planning can be interpreted through four layers. Layer 1
uses static origin—destination demand, capturing aggregate patterns but neglecting congestion
feedback and adaptive routing [150]. Layer 2 adopts equilibrium-based routing to redistribute
flows in response to EVCS placement and network conditions [86, 79]. Layer 3 applies dy-
namic traffic assignment to resolve time-varying congestion and short-horizon variability, link-
ing accessibility and charging demand through queueing arrivals, gravity/OD structures, and
K-shortest-path routing [111, 151, 83]. Layer 4 employs microscopic or agent-based simula-
tion with high-resolution mobility data to represent individual decisions, queue formation, and
adaptive rerouting, thereby enabling fully dynamic PDN-TN coupling [73, 152].

7.2.7 PDN Modelling Approach

PDN modelling fidelity determines the electrical realism of integrated EVCS planning, namely
how accurately voltages, thermal limits, and phase imbalance are represented in coupled power—
transport analyses. This modelling choice directly influences hosting-capacity estimation and
operational feasibility because charging demand interacts nonlinearly with feeder voltages, trans-
former loading, and reactive power behaviour. High-fidelity tools such as OpenDSS, GridLAB-
D, and PowerFactory enable three-phase AC analysis and grid—traffic co-simulation, improving
engineering validity at the expense of greater data requirements and computational complex-
ity. Linearised models scale well for screening and exploratory planning but may understate
voltage/ VAR constraints and phase imbalance, thereby producing optimistic or infeasible in-
frastructure designs. The central objective is therefore to select the minimum model fidelity
that preserves technical feasibility.

The literature reveals a four-layer progression in PDN realism. Layer 1 uses linear or DC-style
approximations under balanced assumptions, often complemented by ex-post feasibility checks
[142]. Layer 2 adopts balanced time-series DistFlow formulations to capture temporal variability
in loads, renewables, and charging demand with moderate complexity [73]. Layer 3 employs
unbalanced three-phase AC models to resolve phase-specific voltages and reactive flows under
heterogeneous charging behaviour [141, 117]. Layer 4 couples full three-phase AC power flow
with thermal, protection, and hosting-capacity constraints for mobility-aware co-optimisation
and deployment-oriented validation, including V2G-enabled operation [91, 74, 94, 153].

7.2.8 Queue Dynamics

Queue-aware charging models are central to advanced EVCS planning because they capture user
choice, traffic evolution, and grid operations in ways that static ”fixed-demand” assumptions
cannot. Arrivals are stochastic and state-dependent: mobility schedules, SoC, and perceived
service availability all influence when and where charging occurs. Explicit queueing enables
evaluation of waiting time, utilisation, and accessibility, while also revealing the feedback loop
through which congestion and expected delay influence station choice and demand redistribu-
tion. When embedded in traffic-power co-simulation or agent-based platforms such as SUMO
or MATSim, queue dynamics provide time-resolved evidence for charger sizing, operational ef-
ficiency, and resilience, albeit with substantially higher data and computational requirements.
Queue-aware EVCS planning has progressed through four layers of behavioural realism.
The first assumes exogenous or instantaneous demand, so congestion and delay effects are not
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explicitly observed [88, 150]. The second introduces probabilistic arrivals and SOC heterogeneity
to reflect temporal variability while still approximating service as effectively instantaneous [8,
126, 131]. The third model is cast as a finite stochastic service system, enabling direct assessment
of waiting time, utilisation, and reliability, and supporting formulations that couple congestion
with routing decisions [132, 120]. The most integrated layer endogenises queues within routing
and station-choice mechanisms, closing the loop between congestion, user behaviour, and grid
feasibility through dynamic assignment or agent-based simulation [154, 78|.

7.2.9 Multi-Objective Optimisation

Multi-objective optimisation is fundamental to integrated EVCS planning because it makes
trade-offs among cost, grid security, and sustainability explicit in coupled power—transport sys-
tems. Rather than collapsing performance into a single metric, it jointly captures investment
and operating costs, voltage and thermal impacts, renewable utilisation, and user accessibility
and delay, thereby enabling stakeholder-defensible compromise solutions. For this reason, evo-
lutionary and swarm-based methods such as NSGA-II, MOEA /D, and PSO variants are widely
used to approximate Pareto sets and reveal cost—service-reliability frontiers.

This paradigm has matured through increasingly structured formulations. Early studies op-
timise a single objective such as cost, losses, or VD, prioritising tractability while ignoring com-
peting criteria [8, 88]. Scalarization methods, including weighted-sum and goal-programming
approaches, then enable multi-criteria treatment but introduce sensitivity to subjective weight-
ing choices [88]. More structured formulations use e-constraint and lexicographic methods to
enforce minimum thresholds for service, accessibility, or reliability while optimising a primary
objective [83, 119]. The most mature frameworks explicitly construct non-dominated solution
fronts through Pareto-based evolutionary or learning-enhanced methods, supporting system-
atic visualisation and interpretation of compromise solutions across economic, technical, and
sustainability dimensions [155, 92].

7.2.10 Solution and Scalability

Solution methods and scalability are central challenges in integrated EVCS planning because
PDN-TN coupling produces high-dimensional, nonlinear problems whose complexity grows
rapidly with network size and temporal resolution. Under high EV penetration, the simul-
taneous treatment of power-flow constraints and stochastic traffic dynamics renders monolithic
city-scale optimisation impractical. Recent frameworks, therefore, emphasise scalable architec-
tures capable of delivering feasible solutions within acceptable runtimes, even at the expense of
limited losses in theoretical optimality and interpretability.

This evolution can be summarised through four solution layers. First, direct MILP /MINLP
models, when solved by commercial solvers, provide transparency and precision but scale poorly
as network size and temporal detail increase [130]. Second, decomposition and coordination
strategies partition the coupled PDN-TN problem into tractable submodules that exchange
boundary variables or dual information, improving parallelism at the cost of additional tuning
sensitivity [76]. Third, metaheuristics such as GA and PSO provide rapid, approximate solutions
in large, nonlinear search spaces where exact solvers become impractical [112]. Fourth, hybrid
and hierarchical pipelines combine constrained programming with heuristics, relaxations, and
learning-based accelerators, often together with candidate pruning, to preserve feasibility while
maintaining urban-scale practicality [156, 157].

7.2.11 Data Granularity

Temporal resolution and data granularity directly govern the fidelity of integrated EVCS plan-
ning by determining how well time-varying mobility, charging demand, and PDN dynamics are
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represented in coupled power—transport models. Finer temporal resolution captures diurnal traf-
fic variation, renewable intermittency, and rapid load ramps, thereby improving siting, sizing,
and scheduling decisions, but it also increases data volume and computational burden. Exces-
sive aggregation, by contrast, can mask short-duration congestion and voltage violations that
ultimately drive reliability limits. To balance fidelity and tractability, many studies compress
time using representative-period clustering, hybrid sampling, and data-driven dimensionality
reduction, seeking to preserve essential dynamics without inflating problem size. As mobility
traces and telemetry continue to expand, planning frameworks are increasingly shifting toward
adaptive, time-resolved decision models that better reflect operational variability.
Methodologically, data granularity has progressed through increasing temporal resolution.
Early studies rely on snapshot or coarsely segmented models that capture average behaviour
while masking short-term dynamics [114, 145]. Representative-period and clustering approaches
then retain diurnal variability with reduced dimensionality [121]. More advanced studies adopt
sub-hourly time slicing, typically 15-30 minutes, to resolve demand surges, congestion propa-
gation, and operational constraints, often together with queue-aware modelling [158, 41]. The
highest-fidelity frameworks extend to multi-day or seasonal horizons and synchronise feedback
from mobility, renewables, and markets through high-resolution equilibrium or tri-level formu-
lations that support predictive validation and near-real-time coordination [87, 159, 105, 9, 115].

7.2.12 Accessibility

Accessibility and equity are increasingly recognised as core dimensions of EVCS planning, reflect-
ing a shift beyond purely techno-economic optimisation toward spatially balanced and socially
acceptable deployment. In coupled power—transport settings, accessibility captures users’ abil-
ity to reach charging services, including travel time, coverage, and demand satisfaction. At
the same time, equity concerns the fair provision of services across locations and user groups.
Embedding these criteria mitigates over-concentration in high-profit areas, reduces the number
of underserved regions, and can improve public acceptance, even when it relaxes strict cost
optimality.

A four-level maturation of accessibility and equity modelling is evident in the literature. At
the first level, planning is primarily driven by cost, grid performance, and demand intensity,
often resulting in uneven spatial coverage [77]. The second level introduces minimum-access
constraints, such as coverage-distance limits or service thresholds, to guarantee baseline avail-
ability [160]. The third level treats fairness as an explicit objective through equity indices,
such as spatial balance or service-equality metrics, typically supported by population-weighted
GIS data and multi-objective formulations [161, 104, 162, 85]. At the most integrated level,
equity and accessibility are co-modelled with socioeconomic attributes, land-use heterogeneity,
and behavioural patterns within coupled PDN-TN frameworks, enabling socio-technical siting
strategies that balance profitability, service quality, and user experience, including waiting-time
equity and user satisfaction [163, 139, 164].

7.2.13 Resilience

Resilience and reliability have become central EVCS planning objectives because coupled power—
transport systems must maintain charging service under failures, disturbances, and extreme
events. Electrically, resilience concerns voltage stability, load balance, and continuity under
contingencies; from the mobility side, it depends on route redundancy and adaptive accessibility
during congestion or disruption. Treating these domains jointly reduces cascading effects in
which localised grid or traffic shocks propagate into broader service disruption. As a result,
resilience-oriented planning increasingly combines redundancy-aware siting, adaptive operation,
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and cross-domain dependency modelling. PV-battery hybrids and V2G-capable stations can
further enhance local autonomy and recovery capability, albeit at a higher investment cost.

Resilience-oriented EVCS planning evolves through four integration layers with increasing
disturbance awareness. First, solutions optimise cost and efficiency under nominal conditions,
yielding designs that are vulnerable to disruption [45, 80]. Second, electrical robustness is
enforced through contingency-aware constraints, such as N-1 tolerance, to protect against single-
component failures [75, 98]. Third, transportation-side disruptions and broader uncertainty
are incorporated through stochastic or scenario-based evaluation to assess service continuity
under mobility stress [41, 110]. Fourth, system-wide resilience is pursued by embedding DERs,
microgrids, and V2G-enabled fleets while explicitly modelling interdependent power—transport
failures to sustain charging availability and accelerate recovery [103, 116, 84, 132].

Table 7.1: Comparative taxonomy of reviewed EVCS planning studies by methodological family
and advanced-feature maturity level.

Ref Year Famﬂy AFl AF2 AF3 AF4 AF5 AFG AF7 AFg AFQ AF10 AF11 AFlg AF13

[159] 2018 BLO-FTO 2 3
[9] 2018 BLO-SBO
155] 2019 SBO-BLO
154] 2019 BLO-SBO
157 2019 BLO-SBO
151] 2019 BLO-SBO
156] 2019 BLO-SBO
149] 2019 BLO-SBO
[83] 2019 BLO-GCS
142] 2020 SBO-BLO
143] 2020 BLO-SBO
[91] 2020 BLO-POL
(78] 2020 BLO-LTO
137] 2020 BLO-SBO
138] 2020 BLO-SBO
136] 2020 SBO-BLO
146] 2020 BLO-SBO
[84] 2020 BLO-GCS
[86] 2020 GCS
145] 2020 SBO-GCS
123] 2021 BLO-SBO
119] 2021 BLO-FTO
[8] 2021 BLO
139] 2021 FTO-GCS
134] 2021 FTO-SBO
[99] 2021 BLO
[129] 2021 GCS-SBO
[79] 2021 BLO
[85] 2021 GCS
[71] 2022 FTO
163] 2022 GCS
164] 2022 BLO
124] 2022 GCS-SBO
101] 2022 BLO
107] 2022 SBO
[72] 2022 FTO-POL
165] 2023 SBO-FTO
102] 2023 BLO
[80] 2023 LTO
[41] 2023 SBO
(98] 2023 POL-BLO
[126] 2023 FTO-SBO
[87] 2023 GCS
[111] 2023 SBO
[74] 2023 FTO

— =
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Continued on next page
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Table 7.1: Comparative taxonomy of reviewed EVCS planning studies (continued).

Ref Year Family AFl AFQ AF3 AF4 AF5 AFG AF7 AFS AFQ AF10 AF11 AF12 AFL;

[140] 2023 FTO-SBO 0 0 0 2 2 3 3 3 3 3 3 0 1
[104] 2023 BLO 2 2 3 3 2 3 3 2 3 3 2 1 2
[110] 2023 SBO 0 1 1 2 2 3 3 2 3 3 3 0 1
[162] 2023 FTO 1 3 2 2 2 2 2 2 3 2 2 1 1
[158] 2024 SBO 0 0 1 1 1 1 2 2 2 2 1 0 0
[51] 2024 SBO 3 0 0 1 1 0 3 1 2 3 1 0 0
[131] 2024 FTO-SBO 1 0 0 1 3 2 2 1 3 2 2 0 1
[48] 2024 BLO-POL 3 2 1 3 2 3 3 2 3 3 2 0 2
[132] 2024 BLO-SBO 0 0 0 1 3 3 3 2 3 2 2 0 3
[77] 2024 FTO-BLO 0 1 1 2 2 3 3 3 3 3 3 0 2
[122] 2024 BLO-FTO 0 0 0 1 2 2 3 1 3 2 2 0 1
[76] 2024 FTO-BLO 0 0 0 1 2 3 2 1 2 2 3 0 1
152] 2024 FTO 0 0 1 2 3 3 3 2 3 3 3 0 1
125] 2024 GCS-SBO 1 1 1 3 3 3 3 3 3 3 2 0 2
117] 2024 GCS-FTO 1 0 1 3 3 3 1 2 3 3 3 0 1
105] 2025 BLO 0 0 1 2 2 3 3 1 3 3 2 0 1
103] 2025 BLO 3 1 2 2 2 3 3 1 3 2 2 0 2
116] 2025 FTO-SBO 1 1 1 2 3 2 3 3 3 2 2 0 2
113] 2025 GCS-SBO 0 2 1 2 2 2 2 2 3 2 2 0 1
127] 2025 BLO-FTO 0 2 3 2 2 3 3 2 3 2 2 0 1
147] 2025 SBO 1 2 1 2 2 2 2 2 3 2 2 1 1

7.3 Comparative Methodological Trends in EVCS Planning

Building on the advanced-feature analysis presented in the previous section, this section provides a com-
parative synthesis of the distribution of methodological paradigms, feature maturity levels, and modelling
abstractions across the reviewed EVCS planning literature. The objective is not to introduce additional
feature categories, but to examine how the previously identified methodological families and advanced
planning features manifest in practice across studies published in the coupled PDN-TN planning do-
main. In this way, the section serves as an evidence-based bridge between the feature-level review and
the subsequent synthesis of insights from the literature and unresolved research gaps.

To support this analysis, Table 7.1 consolidates the reviewed studies by mapping each work to its
methodological family and corresponding advanced-feature (AF) maturity levels. This table provides
the analytical basis for the comparative observations reported in this section and enables a structured
interpretation of how the field has evolved in terms of methodological composition, modelling depth, and
planning realism.
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Figure 7.2: Distribution of advanced-feature maturity levels across reviewed EVCS planning
studies.

Across the reviewed corpus (N = 108 studies published between 2018 and 2025), AF maturity ex-
hibits a clearly uneven distribution, as shown in Fig. 7.2. Features associated with tractability, robustness,
and baseline coupled-system representation dominate the literature. Solution scalability appears in all
reviewed studies, while uncertainty modelling and traffic fidelity are nearly ubiquitous, indicating that
the field has strongly prioritised computational manageability and traffic-aware demand representation.
Operational control is also widely represented, suggesting that EVCS planning has progressively moved
beyond purely static allocation toward models that acknowledge the operational consequences of infras-
tructure deployment.

By contrast, the comparative distribution of AF levels also reveals that flexibility-enabled and user-
centric planning dimensions remain less mature. V2G integration and accessibility exhibit substantially
lower adoption levels than scalability-, uncertainty-, and traffic-related features, indicating that most
studies continue to prioritise feasibility and technical performance over bidirectional flexibility, equitable
access, and service-oriented deployment quality. Market flexibility occupies an intermediate position,
suggesting that economic coordination is increasingly recognised but has not yet become a consistently
embedded structural component of EVCS planning architectures.
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Figure 7.3: Temporal evolution of advanced-feature adoption in EVCS planning literature from
2018 to 2025.

The temporal evolution shown in Fig. 7.3 reinforces these observations. Publication activity peaks
around 2023, coinciding with the strongest concentration of studies incorporating traffic fidelity, uncer-
tainty representation, PDN modelling, and scalability-oriented design. This pattern indicates that the
literature has matured most rapidly in features necessary to make coupled PDN-TN planning computa-
tionally viable and structurally defensible. In contrast, the adoption of V2G-related and market-oriented
features grows more gradually over time, suggesting that these capabilities are entering the literature as
second-stage enhancements rather than as foundational elements of mainstream EVCS planning models.

Figure 7.4: Temporal evolution of methodological families in EVCS planning studies.

A similar transition is visible in the methodological-family distribution reported in Fig. 7.4. The
literature shows a clear movement away from single-paradigm planning formulations toward composite
and hybrid architectures. Hybrid configurations dominate in most years, while Bi-Level Optimisation
(BLO) and Simulation-Based Optimisation (SBO) remain persistently important across the review pe-
riod. Purely isolated long-horizon or single-layer planning paradigms appear much less frequently. This
shift suggests that EVCS planning is increasingly being treated as a layered infrastructure problem in
which planning decisions, operational behaviour, and transportation-grid interactions must be coordi-
nated rather than optimised in isolation.

This methodological diversification is important because it reflects a broader structural transition
in the field. As EVCS planning problems became more coupled, dynamic, and multi-objective, single-
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method formulations became less capable of preserving realism across both infrastructure layers. The rise
of hybrid approaches, therefore, signals not only methodological experimentation but also a recognition
that no single modelling paradigm is sufficient to simultaneously address siting, sizing, uncertainty, traffic
interactions, and grid feasibility requirements.

The adopted modelling abstractions provide further evidence of the trade-off between realism and
tractability. As shown in Fig. 7.5, the majority of the reviewed studies rely on computationally convenient
PDN representations, including simplified radial feeders, reduced-network models, or surrogate-style ab-
stractions. By comparison, fully detailed AC-based or higher-fidelity feeder formulations remain relatively
limited. This indicates that although grid-awareness is now common in EVCS planning, electrical realism
is often simplified to preserve solvability, especially in large-scale or multi-period planning settings.

Figure 7.5: PDN modelling approaches adopted in reviewed EVCS planning studies.

From the transportation perspective, Fig. 7.6 shows that equilibrium-based abstractions and simpli-
fied mobility representations remain dominant, whereas studies using real-world mobility datasets remain
comparatively limited. This imbalance is methodologically significant. It suggests that although the liter-
ature increasingly acknowledges the importance of transportation network effects, many EVCS planning
studies still rely on stylised or aggregated traffic representations rather than high-resolution behavioural
or empirical mobility data.

Figure 7.6: TN modelling sources and abstractions adopted in reviewed EVCS planning studies.

The temporal structure of planning models shows a comparable limitation. As illustrated in Fig. 7.7,
a large proportion of studies remain based on static, snapshot, or short-horizon formulations, while only
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a relatively small subset adopts multi-stage or long-term planning horizons. This is a notable structural
weakness because EVCS infrastructure is inherently a long-lived asset whose value depends on the evo-
lution of demand, network loading, technology adoption, and participation in flexibility over time. The
continued dominance of short-horizon modelling, therefore, indicates a mismatch between infrastructure
lifetimes and analytical time representations in a significant portion of the current literature.

Figure 7.7: Planning horizons and temporal resolutions adopted in reviewed EVCS planning
studies.

Taken together, the comparative evidence presented in this section shows that the EVCS planning
literature has achieved substantial maturity in three areas: scalable solution design, uncertainty-aware
formulation, and traffic-informed demand representation. At the same time, it remains constrained by
simplified PDN models, limited empirical transportation inputs, shallow temporal depth, and compara-
tively weaker integration of V2G, accessibility, and market-enabled flexibility. In other words, the field
has advanced considerably in making coupled EVCS planning solvable, but less consistently in making it
fully representative of deployment.

These observations naturally motivate a deeper examination of how advanced planning features affect
infrastructure deployment outcomes in practice. The next section, therefore, introduces a deployment-
oriented scenario synthesis that uses a common analytical framework to interpret how uncertainty mod-
elling, flexibility integration, coordinated control, and market participation influence feasible EVCS de-
ployment and system-level behaviour in coupled PDN-TN environments.

7.4 Deployment-Oriented Scenario Synthesis of Advanced
Planning Features

This section complements the methodological taxonomy and comparative trend analysis developed in the
preceding sections by providing a deployment-oriented scenario synthesis of advanced planning features
within a common coupled PDN-TN environment. The purpose is not to introduce a new planning
framework, but to illustrate how the advanced planning features identified in Sections 7.2 and 7.3 translate
into distinct system-level behaviours, feasible deployment boundaries, and industry-relevant planning
implications when examined under consistent conditions.

In line with this chapter’s synthesis-oriented role, the analysis is structured as an interpretive ex-
tension of the literature review rather than a standalone methodological contribution. Accordingly, the
section uses a common reference framework to support scenario-based comparison and to clarify how
uncertainty treatment, physical flexibility, coordinated control, and market activation alter the balance
between electrical feasibility and charging accessibility in coupled EVCS planning.

The comparative synthesis developed in this section serves two complementary objectives. First, it
provides an evidence-based interpretation of the advanced planning features reviewed earlier by examining
their effects on system behaviour within a unified analytical framework. Second, it strengthens the
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positioning of the thesis contributions by demonstrating why deeper feature integration yields more
deployment-relevant planning outcomes in coupled power—transportation environments.

Rather than redefining the entire planning architecture in detail, this section builds on the most
comprehensive framework developed in Chapter 6, which integrated V2G participation, market-driven
flexibility, and adaptive control into a coupled PDN-TN planning model. The scenario-based analysis
presented here, therefore, uses the framework from Chapter 6 as the analytical reference and progressively
interprets its behaviour through a hierarchy of feature-enriched scenarios. This avoids unnecessary repe-
tition while preserving continuity between the RQ3 contribution and the broader systematic synthesis of
Chapter 7.

7.4.1 Scenario Framework and Design

The reference analytical basis adopted in this section is the integrated planning and control framework
developed in Chapter 6, as illustrated in Fig. 6.1 and formulated through the coupled PDN-TN repre-
sentations, the V2G participation model, the market activation mechanism, and the coordinated control
structure introduced therein. In the present chapter, that framework is not repeated in full; instead,
it serves as a common comparative platform for interpreting the incremental implications of advanced
planning features.

To provide a structured and transparent evaluation of advanced planning and operational features
in EV charging infrastructure, a progressive scenario hierarchy is adopted, comprising five scenarios
that represent successive levels of modelling richness. Starting from a baseline coupled representation,
additional assumptions related to uncertainty exposure, physical flexibility integration, coordinated op-
erational control, and market-driven activation are introduced incrementally. This staged design ensures
that each scenario extends the previous one without altering the underlying network configuration, al-
lowing the individual and combined impacts of advanced features to be examined systematically under
consistent conditions and enabling observed performance differences to be attributed directly to the ac-
tivated modelling elements. All scenarios are evaluated assuming a fixed configuration of four BESS
units.

Five scenarios are considered, with their formal definitions summarised in Table 7.2. Scenario S1
establishes a deterministic baseline under nominal operating conditions, capturing the fundamental trade-
off between grid constraints and charging accessibility in a coupled PDN-TN setting. Scenario S2 extends
this baseline by explicitly introducing uncertainty across both network domains. Variations in electrical
loading reflect uncertainty in aggregated demand and behind-the-meter behaviour, while traffic-demand
variability captures fluctuations in mobility patterns and congestion. This scenario is intended to evaluate
the robustness of planning outcomes rather than to enhance nominal performance.

Building on this uncertainty-aware formulation, Scenario S3 incorporates physical energy flexibility
via BESS integration and bidirectional charging. This stage isolates the extent to which local flexibility
can alleviate charging-induced stress and expand the feasible deployment space without assuming active
coordination. Scenario S4 augments this configuration by introducing coordinated operational control,
enabling an assessment of how active regulation interacts with flexibility to influence voltage behaviour,
network losses, and overall system feasibility. Finally, Scenario S5 introduces market-driven activation by
varying the participation level of flexible charging resources, reflecting practical constraints on availability,
user adoption, and economic engagement.

In this way, the scenario hierarchy does not create a separate experimental framework; rather, it
provides an interpretable synthesis layer through which the planning significance of the reviewed feature
categories can be examined in deployment-oriented terms.

The parameter values, data environment, and coupled urban test setting used to support this com-
parative synthesis remain consistent with those introduced in Chapter 6. In particular, the analysis
inherits the Melbourne-based transportation context, the modified IEEE 33-bus PDN representation, the
probabilistic EV charging and V2G participation structure, and the multi-module planning and control
architecture established for RQ3. This common basis allows the scenario results to be interpreted as
feature-dependent variations within a stable deployment-oriented reference setting.

7.4.2 Comparative Behaviour Across Feature-Enriched Scenarios

This section delivers a system-level critical analysis of the scenario-based results, examining how the
incremental integration of uncertainty, flexibility, coordinated control, and market participation influences
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Table 7.2: Scenario definitions and activated planning features used for the deployment-oriented
synthesis of EVCS planning in coupled PDN-TN systems.

Scenario Description

S1 Baseline deterministic coupled PDN-TN planning under nominal oper-
ating conditions

S2; Low electrical load uncertainty (0.5 x base load profile)

S2 S25 High electrical load uncertainty (4 x base load profile)
Uncertainty- S23 Low traffic demand variability (0.5 x baseline traffic demand)
Aware

S2, High traffic demand variability (2 x baseline traffic demand)

S3 S3; Baseline scenario with BESS coordination
Flexibility- S35 S3; with V2G integration
Enabled
S4 S4; S3; with coordinated voltage control

Control-Enhanced S4, S35 with coordinated voltage control
S5; S35 with market flexibility (low participation: 25%)
S5 S5;  S3; with market flexibility (moderate participation: 50%)
Market-Activated S5z  S4y with market flexibility (low participation: 25%)
S54  S45 with market flexibility (moderate participation: 50%)

coupled PDN-TN planning outcomes. The analysis focuses on comparative trends in transportation
accessibility, electrical feasibility, and achievable EVCS penetration, drawing on the numerical results
summarised in Table 7.3 to assess how different modelling features shape planning performance across
scenarios.

The scenario synthesis in this section is not intended to introduce a new optimisation algorithm or
to re-evaluate the thesis case studies as isolated numerical experiments. Instead, it uses a fixed coupled
PDN-TN analytical backbone to interpret how successive activation of modelling features changes the
feasible EVCS deployment envelope. By retaining consistent network data, demand assumptions, and
evaluation metrics across scenarios, the analysis isolates whether observed changes arise from exposure
to uncertainty, physical flexibility, coordinated control, or market-driven participation, rather than from
changes in solver structure or input assumptions.

Table 7.3 should therefore be interpreted as a structured diagnostic table rather than as a standalone
numerical ranking of scenarios. The objective is to examine how the maximum feasible EVCS deploy-
ment frontier changes as additional modelling features are progressively activated. Lower-deployment
configurations are not the primary focus of the comparison; instead, the table emphasises the upper
bounds of feasible deployment under each scenario so that the marginal effects of uncertainty, flexibility,
coordinated control, and market participation can be interpreted more clearly.

136



Chapter 7

Table 7.3: Scenario-based comparison of EVCS and BESS planning outcomes across cost,
service-quality, and network-performance metrics. S and Ngg denote the scenario and number
of deployed EVCS, respectively; Trav., T+Q, Const., and O&M denote travel, travel-and-queue-
time, construction, and operation-and-maintenance costs, respectively.

Conlfig. PDN TN Cost (x10°$)

‘PIOSS VSI (%) VD
Min Max Min Max Min Max

7 9076 9725 6.65 6.69 0.23 1.32 340.70 77.18 97.55 8.78 81.36
8§ 9099 9728 6.63 6.68 0.24 1.33 321.96 73.32 118.58 10.67  83.16

S Ncs Trav. T+Q Const. O&M Loss

S1

9 9105 9732 6.61 6.66 0.24 1.35 297.38 70.76 125.42 11.29  90.96
10 9117 9735 6.60 6.66 0.26 1.36 275.96 69.81 135.94 12.23  93.96
7 5219 5592 7.22 7.26 0.15 0.86 337.22 75.25 97.55 8.78 46.78
592, 8 5232 5593 7.19 7.25 0.16 0.86 318.15 71.49 118.58 10.67  47.82
9 5235 5595 T7.17 T7.23 0.16 0.88 295.31 68.99 125.42 11.29  52.30
10 5242 5597 7.16 7.23 0.17 0.88 273.55 68.06 135.94 12.23  54.03
7 16337 17506 5.65 5.69 0.36 2.08 356.03 83.74 97.55 8.78  146.45
52, 8 16378 17510 5.64 5.68 0.38 2.09 336.45 79.55 118.58 10.67  149.69
9 16389 17517 5.62 5.66 0.38 2.13 310.76 76.77 125.42 11.29  163.73
10 16412 17523 5.61 5.66 0.41 2.14 288.38 75.74 135.94 12.23  169.13
7 7261 7780 6.92 6.96 0.21 1.19 204.42 27.40 97.55 8.78 65.09
592, 8§ 7279 7782 6.90 6.95 0.22 1.20 193.18 26.03 118.58 10.67  66.53
9 7284 778 6.87 6.93 0.22 1.22 178.43 25.12 125.42 11.29  72.77
10 7294 7788 6.86 6.93 0.23 1.22 165.58 24.78 135.94 12.23 7517
7 12707 13615 6.28 6.32 0.27 1.55 459.95  158.22 97.55 8.78  113.90
52, 8 12738 13619 6.27 6.31 0.28 1.56 434.65 150.31  118.58 10.67  116.42
9 12747 13625 6.25 6.29 0.28 1.59 401.46 145.06  125.42 11.29 127.34
10 12765 13629 6.24 6.29 0.31 1.60 372.55  143.11  135.94 12.23  131.54
7 8478 9109 7.32 7.36 0.21 1.20 325.22 69.46 109.75 9.88 74.58
8 8489 9110 731 7.35 0.21 1.21 307.33 65.99 133.41 12.01  76.23
S31 9 8494 9113 7.30 7.34 0.22 1.22 283.87 63.68 141.10 1270 83.38
10 8500 9115 7.30 7.34 0.23 1.23 263.42 62.83 152.93 13.76  86.13
11 8508 9117 729 7.34 0.24 1.23 250.13 60.76 162.97 14.67  90.78
7 8170 8763 7.65 7.69 0.17 1.07 293.26 60.41 126.71 11.41  67.19
8§ 8174 8754 7.65 7.68 0.17 1.07 272.08 57.13 148.33 13.35  68.77
9 8177 8751 7.64 7.68 0.18 1.09 251.27 54.95 157.88 14.21  73.59
S3, 10 8178 8739 7.64 7.68 0.18 1.09 233.07 53.50 175.66 1681  77.22
11 8183 8711 7.63 7.67 0.18 1.05 219.17 51.95 181.69 16.35  83.29
12 8165 8668 7.63 7.67 0.16 0.94 191.24 50.23 192.91 17.36  87.01
13 8156 8658 7.62 7.66 0.14 0.85 186.33 49.72 211.11 19.00  90.95
77879 8492 7.99 8.02 0.18 1.07 309.73 61.74 121.94 10.97  67.80
8§ 7880 8493 7.99 8.02 0.18 1.08 292.69 58.66 148.23 13.34  69.30
S4, 9 7882 8495 7.99 8.02 0.19 1.08 270.35 56.60 156.78 14.11  75.80
10 7883 8496 7.99 8.02 0.20 1.09 250.88 55.85 169.92 15.29  78.30
11 7884 8497 8.00 8.03 0.21 1.09 245.96 54.92 176.06 15.85  82.80

7 7863 8418 7.99 8.02 0.14 095 261.29 51.36 143.67 12.93 99.80
8 7860 8398 7.99 8.02 0.14 0.93 236.83 48.28 163.26 14.69 61.30
9 781 8389 7.99 8.02 0.14 0.96 218.67 46.22 174.65 15.72 63.80
S4, 10 7856 8363 7.99 8.01 0.13 0.95 202.73 44.17 198.38 17.85 68.30
11 7858 8304 7.98 8.01 0.12 0.88 188.20 43.14 200.41 18.04 75.80
12 7848 8302 7.98 8.01 0.12 0.82 166.75 42.12 214.98 19.35 77.30
13 7839 8292 797 8.00 0.11 0.74 162.47 41.69 235.27 21.17 80.80
Continued on next page
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Table 7.3: Scenario-based comparison of EVCS and BESS planning outcomes across cost,
service-quality, and network-performance metrics (continued).

Config. PDN TN Cost (x10°$)

‘P10SS VSI (%) VD
Min Max Min Max Min Max

7T 7875 8473 T7.99 8.02 0.17 1.04 297.62 59.15 127.37 11.46  65.80
8 7875 8469 7.99 8.02 0.17 1.04 278.73 56.06 151.99 13.68  67.30

S Ncs Trav. T+Q Const. O&M Loss

S51

9 7877 8468 7.99 8.02 0.18 1.06 257.43 54.01 161.25 14.51 72.80
10 7876 8463 7.99 8.02 0.18 1.06 238.84 52.93 177.04 15,93  75.80
7 7871 8455 7.99 8.02 0.16 1.01 285.51 56.55 132.81 11.95  63.80
8§ 7870 8445 7.99 8.02 0.16 1.01 264.76 93.47 155.74 14.02  65.30
S5, 9 7872 8442 799 8.02 0.17 1.02 244.51 51.41 165.72 1491  69.80
10 7869 8430 7.99 8.02 0.17 1.02 226.80 50.01 184.15 16.57  73.30
11 7871 8400 7.99 8.02 0.17 0.99 217.08 49.03 188.23 16.94  79.30
12 7862 8398 7.99 8.02 0.17 0.93 195.63 48.01 202.81 18.25  80.80
7 7868 8444 7.99 8.02 0.15 0.99 278.25 54.99 136.06 12.25  62.60
55 8 7867 8431 7.99 8.02 0.15 0.98 256.38 51.91 158.00 14.22  64.10
9 7869 8426 7.99 8.02 0.16 1.00 236.76 49.86 168.40 15.16  68.00
10 7865 8410 7.99 8.01 0.15 1.00 219.58 48.26 188.42 16.96  71.80
7 7865 8429 7.99 8.02 0.15 0.97 268.55 52.91 140.41 12.63  61.00
8 7863 8412 7.99 8.02 0.15 0.95 245.21 49.84 161.00 14.49  62.50
S5, 9 7865 8405 7.99 8.02 0.15 0.98 226.42 47.78 171.97 1548  65.60
10 7860 8383 7.99 8.01 0.14 0.97 209.95 45.92 194.11 17.47  69.80
11 7862 8333 7.98 801 0.13 091 196.87 44.91 196.76 17.71 76.85

12 7852 8331 7.98 801 0.13 0.85 175.41 43.88 211.33 19.02  78.35

The scenario comparison indicates that EVCS densification improves transportation-side accessibility,
but only up to the point where electrical hosting constraints become binding. Under passive coupled
planning, this limit is reached without any mechanism to expand the feasible deployment boundary.
Load and traffic uncertainty alter the severity of operating conditions, but they do not by themselves
increase feasible EVCS capacity. In contrast, physical flexibility through BESS and V2G shifts the
boundary by increasing the admissible loading range, while coordinated voltage regulation determines
how effectively this additional flexibility can be utilised. Market-driven participation then introduces a
practical availability constraint, converting technically available V2G capability into a smaller but more
realistic flexibility contribution.

These results suggest that EVCS deployment in coupled PDN-TN systems follows a constrained
expansion mechanism. Accessibility improvements create the planning incentive for denser charging
infrastructure, but the achievable deployment frontier is governed by electrical hosting capacity, flexibility
availability, control effectiveness, and participation realism. Consequently, advanced features such as
BESS, V2G, coordinated control, and market participation should not be treated as isolated operational
add-ons. They act as structural planning variables that determine whether additional EVCS deployment
is technically feasible, operationally usable, and practically reliable.

Baseline Coupled PDN-TN Planning (S51)

Scenario S1 establishes the passive benchmark of coupled PDN-TN planning and quantifies the intrinsic
accessibility—security trade-off. Within the feasible range of seven to ten EVCSs, transportation per-
formance improves monotonically: increasing station density enhances spatial coverage and disperses
demand, reducing travel cost and travel-and-queue time by around 20% through shorter access distances
and lower local congestion.

These accessibility gains are accompanied by increasing PDN stress. Power losses rise modestly,
whereas VD increases more sharply near the feasibility boundary, and VSI declines steadily, indicat-
ing progressive erosion of voltage margins under uncoordinated charging growth. As a result, feasible
deployment in S1 saturates at ten EVCSs, directly exposing the baseline coupling limit.
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Sensitivity to Load and Traffic Uncertainty (52)

Scenario S2 tests robustness under uncertainty while retaining the passive structure of S1. Two inde-
pendent sources of uncertainty are evaluated across four sub-scenarios: PDN load variability (52;—-525)
and TN traffic variability (523-524).

On the PDN side, S2; (reduced load) improves VD and losses by increasing voltage headroom,
whereas 525 (high-stress loading) degrades VD and stability with increasing EVCS penetration. In both
cases, transportation metrics remain nearly unchanged, confirming that PDN-side uncertainty primarily
shifts electrical feasibility rather than accessibility.

TN-side uncertainty produces the opposite pattern. Under reduced traffic in S23, travel-and-queue
time decreases markedly because of lower congestion and queueing delay, while travel cost declines more
moderately. Under higher traffic in 524, travel-and-queue time grows near-superlinearly as congestion
intensifies, whereas travel cost increases more gradually as users adapt routes and station choices. Elec-
trical metrics remain largely invariant across S23 and S24, indicating weak back-coupling from traffic
variability to PDN operation in the passive configuration.

Overall, S2 shifts absolute performance levels but does not relax the baseline accessibility—security
frontier: electrical uncertainty governs voltage quality and losses, while traffic uncertainty predominantly
reshapes congestion and waiting time.

Effect of Physical Flexibility Integration (S3)

Scenario S3 introduces physical flexibility to mitigate charging-induced electrical stress and to expand
PDN hosting capacity. Scenario S3; enables BESS coordination, while S35 adds bidirectional operation
through V2G.

In S3;, storage systematically reduces power loss and VD relative to S1, thereby increasing electrical
operating margin without changing the TN structure. In S35, V2G discharging further strengthens
this effect, yielding substantially lower VD than the passive benchmark and extending feasible EVCS
deployment from ten to thirteen, as shown in Table 7.3.

On the transportation side, the expanded feasible siting space supports denser deployment, thereby
reducing travel costs and travel-and-queue times, especially at higher penetration levels, where congestion
relief is most sensitive to station availability. Owverall, S3 shifts the planning frontier by decoupling
accessibility gains from proportional electrical penalties.

Role of Coordinated Voltage Regulation (54)

Scenario S4 evaluates whether coordinated voltage regulation can systematically amplify the benefits of
physical flexibility. Scenario S4; adds active voltage control to storage-enabled operation, while Sce-
nario S45 combines coordinated control with full V2G capability.

In Scenario S4;, VD is reduced relative to Scenario S31, indicating that feedback-based regulation
more effectively targets voltage-quality objectives than storage scheduling alone. Power loss also decreases
modestly, reflecting improved power-flow coordination. Scenario S4s delivers the strongest PDN perfor-
mance among the non-market configurations: compared to uncontrolled V2G operation, VD improves
further while preserving feasibility for thirteen EVCSs with enhanced stability margins. Transportation
performance improves indirectly in both cases because relaxed electrical constraints enable denser, more
balanced EVCS placement. Overall, Scenario S4 suggests that while V2G expands the available flexibility
pool, coordinated voltage regulation governs how efficiently that flexibility is translated into system-level
performance gains.

Market Activation Under Partial Participation (S5)

Scenario S5 examines market-driven activation under partial participation. To avoid redundancy, ex-
treme cases are excluded: zero participation reduces to the non-market controlled configuration, whereas
full participation corresponds to the fully coordinated V2G case. The analysis, therefore, focuses on
intermediate participation levels.

Four sub-scenarios are considered: S5;-S5, represent 25% participation without and with coordi-
nated control, while $53-55,4 represent 50% participation under the same control assumptions. Increas-
ing participation from 25% to 50% expands the effective flexibility pool and reduces power loss and VD.
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Adding coordinated control yields a further reduction in VD, clarifying that participation determines the
availability of flexibility, while control determines utilisation efficiency.

Across the S5 configurations, S54 delivers the strongest overall outcome and approaches the technical
performance of the fully coordinated V2G case, whereas S5, performs the worst due to limited activation
and a lack of coordination. Consistently, higher participation, combined with control, supports larger
feasible EVCS deployment, whereas partial participation constrains dense siting. Overall, S5 shows that
market mechanisms can recover a substantial share of V2G benefits, but only when sufficient participation
is paired with coordinated regulation.

7.4.3 System-Level Planning Implications

Across all scenarios, transportation accessibility improves systematically with EVCS density: travel-
related costs decline within the passive-feasible range and improve further when flexibility and coordinated
operation enable denser deployment. These gains are driven primarily by improved spatial coverage and
demand redistribution rather than by scenario-specific assumptions alone.

By contrast, PDN hosting capacity varies sharply with the activated features. In S1, feasibility sat-
urates at ten EVCSs because of voltage-quality limits; S2 shifts performance but does not relax this
boundary. Flexibility fundamentally reshapes the trade-off: S35 extends feasibility to thirteen EVCSs,
and S4 further improves voltage quality and reduces losses at comparable penetration levels. Market-
activated cases refine this upper bound under realistic adoption constraints: low-participation configura-
tions yield intermediate performance and limited expansion, whereas S54 recovers much of the benefit of
fully coordinated V2G and supports expansion to twelve EVCSs with manageable grid impact. Overall,
flexibility defines the achievable deployment envelope, while coordinated control and market participation
determine how efficiently that envelope is utilised in practice.

These comparative findings are fully consistent with the RQ3 results reported in Chapter 6, but
their role here is different. In Chapter 6, the framework was introduced and validated as the thesis
contribution addressing V2G participation and market-driven flexibility. In the present chapter, the same
framework is used as a synthesis reference to demonstrate more broadly why the deeper integration of
advanced planning features yields more realistic, scalable, and industry-relevant EVCS planning outcomes
in coupled PDN-TN systems.

From a broader methodological perspective, the scenario-based interpretation presented above also
clarifies why several limitations identified in the literature remain structurally important. While many
studies incorporate advanced features at the individual level, such as uncertainty modelling, flexibility
integration, or coordinated control, these capabilities are often introduced in isolation rather than as part
of a coherent planning architecture. The scenario hierarchy illustrates that the practical value of these
features emerges primarily through their combined interaction within a unified planning framework. This
observation reinforces the need for EVCS planning models that simultaneously capture transportation
dynamics, electrical feasibility, distributed flexibility, and operational coordination.

The following section, therefore, synthesises the key insights emerging from the literature review and
the scenario-based interpretation and identifies the principal research gaps that motivate the method-
ological developments proposed in this thesis.

7.5 Synthesis of Literature Insights and Identified Research
Gaps

The preceding sections provided a structured synthesis of EVCS planning research from both methodolog-
ical and feature-oriented perspectives. In addition to the comparative literature analysis, the deployment-
oriented scenario synthesis presented in Section 7.4 offered an interpretive evaluation of how advanced
planning features influence system-level behaviour in a common coupled PDN-TN environment.

Taken together, these analyses indicate that EVCS planning research has evolved from early
transportation-centric station-placement models toward increasingly integrated formulations that recog-
nise charging infrastructure as a coupling layer between mobility systems, PDNs, and emerging flexibility
markets. Despite this methodological progression, the current state of the art remains structurally un-
even. Several critical limitations continue to constrain the realism of deployment and the system-level
robustness of existing EVCS planning frameworks.

The principal research gaps identified in the literature are summarised as follows.
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e Incomplete representation of bidirectional PDN—TN interactions

Many existing studies incorporate both TNs and PDNs within a single framework; however, the
interaction between them is frequently simplified to one-directional demand transfer or coarse spa-
tial aggregation. Transportation behaviour is often represented through static origin—destination
demand patterns, while electrical feasibility is evaluated using simplified power-flow models. In
practice, EVCS deployment simultaneously reshapes mobility flows and electrical loading condi-
tions: charging-station accessibility influences route choice and station utilisation, while the result-
ing charging demand affects voltage profiles, transformer loading, and feeder congestion. Planning
models that do not preserve this reciprocal interaction may therefore produce infrastructure config-
urations that appear optimal under stylised assumptions but perform poorly under realistic system
conditions.

e Separation between infrastructure planning and operational dynamics

A large portion of the literature determines EVCS siting and sizing decisions under static or weakly
dynamic assumptions, whereas real charging systems operate under rapidly changing mobility
demand, renewable variability, electricity prices, and network states. Without explicit links between
planning decisions and operational coordination mechanisms, such as smart charging, demand
response, voltage regulation, and congestion management, planned infrastructure may not sustain
acceptable performance once deployed. Although integrated planning—operation formulations have
begun to emerge, they remain fragmented and often treat operational control as a post-planning
adjustment rather than as a structural component of long-term infrastructure design.

e Limited structural integration of flexibility resources

The growing availability of distributed flexibility resources, including EV batteries, stationary
storage, and bidirectional charging technologies, creates opportunities to transform EVCS infras-
tructure from passive electrical loads into active energy assets. Technologies such as V2G and
BESS can support peak shaving, voltage regulation, loss reduction, and ancillary-service provi-
sion. Nevertheless, many planning models continue to represent charging stations primarily as
demand nodes. Even when flexibility mechanisms are included, they are frequently treated as
operational refinements rather than endogenous planning variables, thereby underestimating their
role in expanding hosting capacity and shaping feasible deployment envelopes.

e Fragmented treatment of multi-domain uncertainty

EV adoption trajectories, charging demand patterns, renewable generation, traffic congestion, and
electricity market conditions all introduce substantial uncertainty into EVCS planning decisions.
While stochastic and robust optimisation methods have been explored, their application in fully
integrated PDN-TN planning remains limited. In many studies, uncertainty is addressed only
within individual subsystems, such as charging demand or renewable generation, without captur-
ing the cross-domain feedback mechanisms through which transportation behaviour and electrical
response influence one another. This fragmented treatment weakens the robustness of planning
outcomes and reduces confidence in long-term infrastructure investment decisions.

e Scalability challenges in large-scale urban planning environments

As EV adoption increases, EVCS planning problems must increasingly be solved at the metropoli-
tan scale with large candidate-location sets, fine temporal resolution, nonlinear grid constraints,
and stochastic traffic dynamics. Under such conditions, exact optimisation formulations often be-
come computationally intractable. Although metaheuristic methods, decomposition strategies, and
simulation-based approaches have been proposed to address this challenge, the literature still lacks
a broadly accepted balance between computational scalability, modelling fidelity, and solution
robustness. Simplifying transportation behaviour improves tractability but reduces behavioural
realism, while simplifying electrical models improves solvability but weakens feasibility assurance.

e Lack of reproducible feature-level benchmarking

A further limitation is the lack of standardised benchmarking environments for isolating the
marginal impact of advanced planning features. Existing studies often use different network mod-
els, demand assumptions, optimisation settings, and performance metrics, making it difficult to
determine whether improved outcomes arise from a modelling feature, a solver choice, a dataset, or
a case-specific assumption. This limits cumulative methodological progress and reduces the com-
parability of EVCS planning frameworks. Reproducible feature-level benchmarking is therefore
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necessary to evaluate how uncertainty modelling, BESS coordination, V2G participation, market
activation, and operational control, individually and jointly, affect the feasibility of infrastructure
deployment.

e Underrepresentation of user-oriented service objectives

Most EVCS planning studies prioritise techno-economic objectives such as investment costs, power
losses, VD, and network efficiency. In contrast, user-oriented service dimensions, including acces-
sibility, spatial equity, waiting-time distribution, and charging-service reliability, remain compar-
atively underdeveloped. From a deployment perspective, however, charging infrastructure must
provide equitable and behaviourally credible access across urban environments. Planning frame-
works that focus solely on engineering efficiency may therefore yield infrastructure configurations
that result in uneven coverage or underserved mobility corridors.

Taken together, these limitations indicate that the next generation of EVCS planning frame-
works must move beyond simplified infrastructure-allocation models toward integrated, flexibility-aware,
uncertainty-resilient, and operationally credible planning architectures. In particular, future models must
preserve the reciprocal interaction between transportation demand and distribution-network feasibility,
embed distributed flexibility resources as structural planning components, incorporate uncertainty across
both mobility and electrical domains, and remain computationally scalable for large urban systems.

Addressing these challenges is essential if EVCS planning is to support not only theoretical optimisa-
tion performance but also the practical deployment of charging infrastructure that underpins electrified,
resilient, and decarbonised transport systems.

7.6 Mapping the Thesis Research Questions to the Identified
Methodological Landscape

The preceding sections established a structured analytical perspective on the EVCS planning literature by
combining two complementary dimensions: methodological architecture and advanced-feature maturity.
Section 7.1 categorised existing studies into distinct planning paradigms, while Sections 7.2 and 7.3
examined how critical modelling capabilities, including traffic representation, uncertainty handling, grid
realism, and operational coordination, are embedded within these paradigms. The synthesis presented in
Section 7.5 further demonstrated that, despite substantial methodological progress, the current literature
remains characterised by several structural imbalances in the way coupled PDN-TN planning problems
are formulated.

These observations provide the conceptual foundation for the RQs addressed in this thesis. Rather
than emerging as isolated technical challenges, the RQs arise directly from the methodological patterns
and limitations identified across the reviewed literature. In particular, the comparative analysis reveals
four recurring structural gaps in the current EVCS planning landscape: incomplete representation of
traffic-driven charging demand formation, limited integration of distributed flexibility resources within
infrastructure planning, weak coordination between long-term planning and operational dynamics, and
the absence of unified evaluation environments capable of systematically assessing the impact of advanced
planning features.

Within this context, the RQs of the thesis are formulated to address these gaps by progressively
extending EVCS planning architectures in coupled PDN-TN systems. Instead of focusing solely on
algorithmic improvements within a fixed model structure, the thesis investigates how the planning archi-
tecture itself can be systematically enriched to represent better the physical, behavioural, and operational
interactions that characterise large-scale energy-mobility systems.

The first stage of this research trajectory focuses on grid-aware infrastructure planning and opera-
tional support within the distribution network. As discussed in the literature synthesis, many existing
studies either neglect the role of distributed flexibility in supporting EVCS integration or treat planning
and operation as largely separate activities. The first RQ therefore examines how EVCS and BESS
resources can be jointly planned and operationally coordinated to maintain grid feasibility under time-
varying charging demand. Chapter 4 addresses this objective by developing a coordinated planning-and-
operation framework in which BESS siting, operating schedules, EVCS placement, and adaptive control
are considered together within the PDN.

Building on this grid-aware foundation, the second stage of the thesis addresses the structural role
of traffic-driven charging demand in infrastructure planning. As the literature review has shown, many
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existing models continue to rely on simplified or exogenous assumptions about charging demand, even
when both network domains are nominally represented. The second RQ, therefore, investigates how
transportation dynamics can be incorporated explicitly so that charging demand emerges from mobility
behaviour rather than being imposed as a fixed electrical input. Chapter 5 addresses this objective by
extending the planning framework to a coupled PDN-TN environment in which traffic-informed charging
demand, accessibility, travel cost, and queueing performance are integrated directly into EVCS planning.

The third stage of the thesis addresses the interaction between infrastructure planning, distributed
flexibility, and realisable system support. As highlighted in the literature synthesis, many EVCS planning
models still treat charging demand as unidirectional and represent flexibility resources either weakly or
only as operational refinements. The third RQ, therefore, examines how V2G participation behaviour,
heterogeneous user profiles, and market-driven flexibility mechanisms can be embedded within the plan-
ning architecture itself. Chapter 6 addresses this objective by introducing a V2G-enabled and market-
aware planning framework in which participation-sensitive flexibility and coordinated operational control
are incorporated into the coupled PDN-TN planning problem.

Beyond these individual modelling advancements, the thesis also addresses a broader methodologi-
cal limitation identified in the literature: the lack of consistent evaluation environments for comparing
EVCS planning architectures. Because existing studies employ heterogeneous datasets, modelling as-
sumptions, and network configurations, it is often difficult to isolate the incremental value of specific
modelling capabilities. To overcome this limitation, the thesis adopts a unified PDN-TN evaluation
environment that allows successive planning architectures to be compared within a consistent analytical
setting. This unified evaluation basis enables the incremental impact of grid-aware coordination, traffic-
informed demand formation, flexibility integration, and operational control to be assessed systematically
across Chapters 4-6.

Collectively, the RQs define a staged methodological progression through which the thesis advances
EVCS infrastructure planning from isolated grid-oriented optimisation toward integrated, flexibility-
aware energy—mobility decision support. Instead of developing a single all-encompassing framework, the
thesis builds a sequence of increasingly comprehensive planning architectures within a unified evalua-
tion environment, thereby addressing the lack of reproducible feature-level benchmarking identified in
the literature. Chapter 4 first establishes the grid-aware foundation by coordinating EVCS and BESS
planning with operational network constraints. Chapter 5 then extends this foundation to a coupled
PDN-TN setting, in which traffic-informed charging demand and transportation-side accessibility are
explicitly embedded in the planning process. Chapter 6 further extends the framework by incorporating
V2G participation, market-driven activation of flexibility, and coordinated operational support, thereby
linking infrastructure planning to realistic flexibility availability and deployment feasibility.

This progressive research design directly reflects the structural gaps identified in the literature syn-
thesis and aligns the thesis contributions with the broader methodological evolution of EVCS planning
research. By systematically strengthening the coupling between grid feasibility, transportation dynam-
ics, distributed flexibility, and operational coordination, the thesis advances EVCS planning toward more
realistic, scalable, and deployment-oriented infrastructure design frameworks for future energy-mobility
systems.

7.7 Implications for Infrastructure Planning, Energy Markets,
and Transport Systems

The integrated EVCS planning frameworks developed in this thesis have implications that extend be-
yond methodological optimisation. As demonstrated by both the comparative literature synthesis and
the deployment-oriented scenario analysis presented earlier in this chapter, EV charging infrastructure
operates at the interface between TNs and electricity systems, and its planning architecture directly
influences the efficiency of infrastructure investment, grid feasibility, market participation capability, and
mobility service performance. The implications discussed in this section, therefore, emerge not only
from abstract modelling considerations but also from the consistent observation that deeper integra-
tion of traffic-informed demand representation, distributed flexibility resources, coordinated control, and
participation-sensitive activation yields more deployment-relevant EVCS planning outcomes.

e Implications for Infrastructure Planning
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The results highlight the limitations of isolated EVCS siting approaches that evaluate transporta-
tion demand and grid hosting capacity independently. Coordinated PDN-TN planning enables
infrastructure allocation that simultaneously improves accessibility, grid compatibility, and station
utilisation while reducing the risk of localised distribution-network overload.

e Implications for Grid Operation and Flexibility Integration

Flexibility-enabled EVCS infrastructure can evolve from passive electrical loads into active grid-
support assets. By integrating BESS and V2G capabilities within planning architectures, charg-
ing infrastructure can contribute to peak-demand mitigation, voltage stability, and distribution-
network congestion management.

e Implications for Electricity Markets

Charging infrastructure equipped with storage and V2G capabilities can participate in emerging
flexibility markets by responding to price signals and system conditions. This enables EVCS
installations to provide services such as demand response, energy arbitrage, and ancillary support,
highlighting the need for market mechanisms that accommodate EV charging infrastructure as
distributed energy resources.

e Implications for Transportation Network Management

Charging infrastructure deployment directly affects route choice, congestion patterns, and the
spatial distribution of charging demand. Traffic-aware planning frameworks enable infrastructure
strategies that align with real-world mobility patterns, improving accessibility while avoiding con-
gestion concentrations around specific charging locations.

e Implications for Integrated Energy—Mobility Systems

The results demonstrate that EVCS planning should be treated as a multi-domain infrastructure
design problem rather than a narrowly defined siting optimisation task. Integrated planning ar-
chitectures provide a foundation for designing charging networks that support both transportation
demand and power-system reliability.

From an industry-translation perspective, the synthesis implies that EVCS deployment should be co-
designed with flexibility resources, operational control capabilities, and participation mechanisms rather
than being treated as a standalone siting problem. For utilities, this means that hosting capacity assess-
ment should be linked to BESS and V2G availability; for transport planners, accessibility improvements
should be evaluated against grid feasibility; and for market participants, theoretical flexibility potential
should be distinguished from realistically activatable support. This interpretation provides the basis for
the decision-support framing developed in Chapter 8.

Overall, the synthesis confirms that the central contribution of this thesis is not limited to improving
EVCS siting and sizing outcomes, but lies in demonstrating how EV charging infrastructure can be
planned as an integrated, flexibility-aware, and deployment-oriented energy—mobility asset under realistic
grid, traffic, and participation constraints.
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Chapter 8

Conclusions, Industry Translation, and
Future Work

This thesis addressed EV charging infrastructure planning as a progressively enriched decision-making
problem spanning feeder-level technical feasibility, transportation-driven service demand, operational
support, and participation in flexibility markets. Rather than treating EVCS deployment as a static
siting task, the thesis developed a cumulative planning paradigm in which infrastructure decisions were
progressively reformulated across three stages: coordinated EVCS-BESS planning and operation in dis-
tribution networks, traffic-informed planning in coupled PDN-TN environments, and flexibility-aware
planning under heterogeneous V2G participation and market-driven activation.

Taken together, the thesis supports a central conclusion: EV charging infrastructure planning becomes
materially more realistic, robust, and deployment-relevant when it moves beyond static, grid-only formu-
lations toward coordinated, data-driven, and system-level decision structures. The principal contribution
of the thesis is therefore not a single algorithmic novelty in isolation, but a coherent planning architecture
that links electrical feasibility, mobility-driven demand formation, conditional flexibility availability, and
operational support within a unified infrastructure decision-support perspective.

The purpose of this final chapter is threefold. First, it consolidates the thesis’s main scientific contri-
butions and robust findings. Second, it translates the methodological outcomes into deployment-oriented
guidance for utilities, charging infrastructure operators, transport planners, policymakers, and flexibility-
market participants. Third, it identifies the limitations, validity boundaries, and future research oppor-
tunities required to advance the proposed framework toward broader practical use.

8.1 Summary of Contributions

The thesis makes five principal contributions that collectively address the three research questions devel-
oped in Chapter 2.

First, in response to RQ1, it developed a coordinated planning-and-operation framework for integrat-
ing EVCS and BESS infrastructure in PDNs. This contribution established that charging infrastructure
should not be planned independently of feeder-level operating behaviour. By jointly considering EVCS
deployment, BESS siting, time-varying network conditions, and adaptive operational support, the thesis
showed that infrastructure adequacy depends not only on nominal feasibility but also on the system’s
ability to remain stable under realised demand variability.

Second, in response to RQ2, the thesis extended EVCS planning from a grid-only setting to a coupled
power—transportation setting. Charging demand was reformulated as an endogenous consequence of
traffic conditions, accessibility, travel cost, and queueing exposure rather than as an externally imposed
electrical load. This changed the structure of the planning problem by showing that mobility-attractive
infrastructure can be electrically fragile, whereas feeder-attractive infrastructure can be behaviourally
ineffective if poorly aligned with real charging-service demand.

Third, in response to RQ3, the thesis incorporated V2G participation, behavioural heterogeneity,
and market-driven flexibility into the planning framework. This shifted the role of EVs beyond passive
charging demand, treating them as conditional distributed flexibility resources whose value depends
on participation likelihood, temporal availability, activation logic, and deployment context. By avoiding
deterministic assumptions about V2G availability, the thesis provided a more credible basis for flexibility-
aware EVCS planning.

Fourth, the thesis grounded the proposed framework in real Melbourne and Victoria datasets. Res-
idential demand, rooftop PV generation, traffic measurements, road-network information, and proba-
bilistic charging-demand modelling were integrated to construct a case-study environment that is both
methodologically transparent and relevant to Australian urban planning conditions. This empirical
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grounding strengthened the practical credibility of the results and supported the interpretation of the
framework as a decision-support tool rather than a purely theoretical optimisation model.

Fifth, the thesis contributed a decision-centric interpretation of EVCS planning research. Through
the systematic synthesis in Chapter 7 and the deployment-oriented consolidation developed in this final
chapter, the work clarified how planning-layer choices, mobility assumptions, flexibility mechanisms,
and operational support interact to shape infrastructure outcomes. This shifts the evaluation of EVCS
planning from algorithm-only comparison toward deployment-oriented decision logic.

8.2 Key Findings and Robust Insights

While the previous section summarised the thesis’s methodological contributions, this section consolidates
the main insights that emerged from applying those contributions across the three research stages.

The first finding is that EVCS deployment cannot be reduced to a narrow location—allocation problem.
Across all three research stages, infrastructure performance depended on the interaction among spatial
demand, feeder constraints, service accessibility, and operational support. This means that technically
feasible planning outcomes should be judged not only by cost or nominal placement quality but also by
robustness, controllability, and practical usefulness.

The second finding is that coordinated BESS integration materially improves the feasibility and
quality of EVCS deployment in distribution networks. Strategically placed BESS units reduced VD,
improved voltage stability, and mitigated the growth of technical losses under time-varying charging
demand. The addition of adaptive operational control strengthened this result by showing that local
support can preserve planning validity when realised demand departs from nominal expectations.

The third finding is that traffic-informed demand formation materially changes infrastructure deci-
sions. Once charging demand is linked explicitly to accessibility, travel burden, traffic concentration, and
queueing conditions, the resulting infrastructure layout differs meaningfully from grid-only solutions. This
indicates that static or exogenous electrical representations of EV demand are structurally insufficient
for deployment-relevant planning.

The fourth finding is that V2G-enabled flexibility creates real value, but only under aligned technical,
behavioural, and market conditions. When participation is sufficiently credible and appropriately timed,
V2G can improve both grid-side and service-side outcomes, including power loss, voltage performance,
travel cost, and queueing behaviour. However, these gains are not automatic consequences of bidirectional
hardware. They depend on participation behaviour, temporal availability, activation logic, and spatial
infrastructure design. A central practical insight of the thesis is therefore that flexibility should be
planned as a realisable capability, not assumed as a guaranteed resource.

The fifth finding is that operational control is most effective when it complements sound infrastructure
planning rather than compensates for weak planning. Control improves robustness, mitigates short-
term variability, and helps preserve security margins, but it cannot systematically rescue infrastructure
decisions that are fundamentally inconsistent with feeder feasibility or mobility-driven demand formation.

At the thesis level, these findings support a unifying insight: EVCS planning becomes most decision-
relevant when it is treated as a layered system problem defined by three interacting dimensions:

e clectrical feasibility, which determines whether the distribution network can support infrastructure;

e mobility-driven service demand, which determines where infrastructure is practically valuable and
how it is used;

e flexibility-enabled operational adaptability, which determines how robustly infrastructure can re-
spond to variability and uncertainty.

This three-dimensional perspective provides the conceptual backbone of the thesis and explains why
the progression from RQ1 to RQ3 produced not merely richer models, but more realistic infrastructure-
deployment logic.

8.3 Unified Decision Support Framework for Industry
Translation

The methodological contribution of the thesis can be interpreted as a unified decision-support framework
for planning EV charging infrastructure in coupled energy—mobility systems. The purpose of this frame-
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work is not to replace detailed utility planning studies or site-specific engineering validation. Rather,
it provides a structured planning logic through which electricity-network constraints, mobility-driven
demand, service quality, flexibility availability, and operational support can be evaluated together.

The framework is therefore best interpreted as an offline decision-support layer for scenario testing,
candidate-site screening, infrastructure portfolio comparison, and flexibility-readiness assessment. Its role
is not to prescribe a single fixed deployment solution, but to provide a structured analytical environment in
which technically feasible, service-effective, and flexibility-aware infrastructure options can be compared
before detailed implementation decisions are finalised.

8.3.1 Framework Structure

At the system level, the proposed framework is organised around four interacting layers: data inputs,
functional modules, decision outputs, and feedback-driven decision points. Together, these layers establish
a traceable pathway from multi-domain observations to infrastructure and operational decisions that can
be interpreted in practical planning settings.

Data Inputs. The input layer combines the core data streams introduced in Chapter 3, including:

e time-series load and distributed-generation data derived from residential demand and PV records;
e feeder topology, electrical limits, and network-operating constraints for the PDN;

o traffic-flow information, road-network attributes, and intersection-level mobility patterns for the
TN;

e EV behavioural descriptors, including charging likelihood, state-of-charge evolution, accessibility
response, and flexibility participation assumptions.

The importance of this layer lies less in the volume of data than in its structural fidelity. The thesis
shows that planning quality depends on retaining sufficient spatial and temporal granularity to preserve
how charging demand forms, where it materialises, and how it affects feeder-level technical performance.

Functional Modules. The inputs are processed through four coupled modules:

e a network-constrained planning module, which determines EVCS and BESS siting and sizing under
technical, economic, and environmental objectives;

e a demand-formation module, which transforms traffic dynamics, accessibility, and behavioural
assumptions into spatially and temporally resolved charging demand;

e a flexibility and V2G module, which models bidirectional capability, heterogeneous participation
profiles, and market-conditioned flexibility activation;

e an operational control module, which provides adaptive BESS support to preserve voltage perfor-
mance under realised deviations from nominal planning assumptions.

These modules do not operate as isolated sequential blocks. Demand formation changes the effective
electrical loading seen by the feeder. Infrastructure placement changes service accessibility and queueing
conditions. V2G participation changes the balance between passive charging burden and active flexibility
support. Operational feedback then reveals whether the planning solution remains credible under realised
system conditions. The framework is therefore decision-coupled rather than merely data-coupled.

Decision Outputs. The output layer is aligned with stakeholder-facing performance indicators and
planning needs. It includes:

e optimal locations and capacities of EVCS and BESS assets;

e time-resolved charging-demand allocation across candidate sites;

e network-performance indicators such as power loss, VD, and voltage stability;
e service-side indicators such as accessibility, travel cost, and queueing exposure;

e operational signals associated with BESS support and, where applicable, V2G-enabled flexibility
activation.
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These outputs are interpretable not only within the thesis’s simulation environment but also in
practical planning discussions concerned with feasibility, utilisation, and deployment quality.

Decision Points and Feedback Loops. A defining characteristic of the framework is the presence
of explicit decision feedback. Planning outcomes are not treated as valid by construction. Instead, they
are tested against operational response, demand variability, and realised system stress. When voltage
security weakens, queueing becomes excessive, or flexibility participation underperforms, the planning
outcome serves as the basis for iterative refinement. This closed-loop logic is important for practical
deployment because it reduces the risk of treating nominally optimal but operationally fragile solutions
as decision-ready infrastructure strategies.

8.3.2 Operational and Planning Use Cases

The proposed framework is designed for environments in which infrastructure decisions are distributed
among multiple actors with partially aligned yet distinct responsibilities. It therefore does not assume a
single decision-maker. Instead, it supports interpretation across utility, operator, and planning workflows
through a shared representation of demand, network capability, and flexibility.

For distribution network operators and DNSPs, the framework provides a more realistic basis
for assessing the technical implications of EVCS deployment than conventional maximum-demand screen-
ing. Because charging demand arises from mobility and accessibility dynamics rather than being imposed
as an exogenous static load, the framework enables feeder-level assessment that is more consistent with
how demand is likely to emerge in practice. This supports more targeted identification of hosting-capacity
limitations, local voltage-support needs, and the circumstances under which BESS integration can defer
or reduce the need for conservative reinforcement responses.

For charging infrastructure operators and developers, the framework provides deployment
logic that links utilisation potential to network feasibility. Candidate locations are no longer assessed
only by travel demand or commercial attractiveness. They are evaluated through a combined techno-
economic lens that considers expected utilisation, service quality, queueing exposure, and grid capability.
This matters because the thesis repeatedly shows that traffic-attractive locations are not necessarily
feeder-feasible, while electrically attractive locations are not necessarily service-effective.

For strategic planners, transport agencies, and policy actors, the framework functions as a
scenario-evaluation tool for long-horizon infrastructure strategy. It enables comparison of deployment
portfolios under alternative assumptions about accessibility targets, flexibility participation, EV uptake,
local buffering needs, and market activation. In this role, the framework helps shift EVCS planning away
from isolated site selection toward coordinated urban infrastructure design.

For aggregators and flexibility-market participants, the framework clarifies that infrastructure
value is not determined solely by the presence of bidirectional hardware. Flexibility value depends on
whether the site can attract available vehicles, whether participation is behaviourally credible, whether
activation aligns with operational needs, and whether the resulting service can be delivered reliably. This
distinction is essential for avoiding inflated estimates of V2G value in planning studies.

The strongest practical value of the framework lies in the alignment it creates across these stakeholder
perspectives. When utilities, operators, and planners evaluate infrastructure through disconnected as-
sumptions, predictable failures emerge: technically feasible but poorly utilised stations, commercially
attractive but feeder-constrained sites, or flexibility-enabled assets whose assumed value never materi-
alises in operation. By structuring the problem through a unified decision-support architecture, the thesis
provides a more credible path from data to deployment.

8.4 Cross-Study Design Principles

The three RQs of the thesis should be read as a cumulative progression in planning logic rather than as
three stand-alone studies. When interpreted together, they show that EVCS planning is not adequately
captured by static siting under exogenous demand. Instead, it should be treated as a coupled infrastruc-
ture problem in which network feasibility, mobility-driven utilisation, and operational adaptability are
jointly relevant.

The integrated findings of the thesis can be expressed as a set of practical design principles that
support deployment-oriented interpretation beyond the specific case studies:
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e EVCS siting should be filtered by feeder feasibility at the candidate-selection stage rather than
after demand-based site attractiveness has already been established.

e BESS deployment is most effective when treated as a local network-support asset in constrained
areas, not merely as a generic add-on to charging infrastructure.

e Accessibility should be embedded directly into the optimisation problem because it changes both
realised utilisation and the spatial burden placed on the grid.

e Charging-demand representation should remain time-resolved because static or over-aggregated
demand assumptions conceal queueing effects, charging coincidence, and local stress concentration.

e V2G should be modelled as conditional and probabilistic because installed bidirectional capability
and practically realisable flexibility are not equivalent.

e Planning assumptions should remain consistent with available operational control capability be-
cause infrastructure solutions that depend on idealised control responses are unlikely to remain
credible in practice.

e Excessive spatial concentration of EVCS deployment should generally be avoided unless strong
feeder conditions or local support resources justify it.

e [terative planning with operational feedback is preferable to one-shot optimisation in fast-changing
electrification environments.

These principles do not replace the formal optimisation framework. Their value lies in translating
the thesis’s deeper logic into compact deployment guidance for practitioners who may not operate at the
full methodological level of the research chapters.

8.5 Deployment and Implementation Roadmap

The methodological strength of a planning framework does not by itself guarantee practical uptake.
Translation into real planning environments depends on whether the framework can be supported by
available data, implemented within tractable computational structures, and trusted under uncertainty.
This section, therefore, outlines the practical conditions required to move from an analytical planning
framework to deployable decision-support logic.

Implementation of the proposed framework requires coordinated access to multi-domain data. At
a minimum, four broad classes of information are needed: power-network topology, operating limits,
and feeder-level technical constraints; time-series demand and distributed-generation data with sufficient
temporal resolution; traffic-flow, road-network, and accessibility-related mobility data; and behavioural
parameters relevant to charging demand, queueing response, and flexibility participation. These inputs
are not optional additions. They define the minimum information base required to preserve the coupling
among mobility-driven demand, feeder-level feasibility, and flexibility-enabled operation.

The practical challenge lies not only in data availability but also in data interoperability. In most
deployment settings, electrical, mobility, and behavioural datasets are maintained by different institu-
tions, collected at different temporal resolutions, and structured for different operational purposes. The
framework, therefore, requires a consistent spatial and temporal mapping layer through which traffic-
originating charging demand can be translated into feeder-relevant infrastructure decisions. Without
this mapping layer, transport-side demand estimates and power-system feasibility assessments remain
disconnected, weakening the reliability of deployment recommendations.

Data governance is equally important. Some of the most valuable input classes, particularly smart-
meter demand, mobility traces, and charging-use records, may be commercially sensitive, privacy-
sensitive, or institutionally fragmented. Practical use of the framework therefore requires anonymisation,
controlled aggregation, explicit access arrangements, and clear responsibility for data validation and re-
fresh cycles. In deployment terms, governance is not an auxiliary administrative issue; it is one of the
enabling conditions for coordinated EVCS planning.

From a computational perspective, the framework combines non-convex optimisation, time-indexed
simulation, and learning-based decision components. As model fidelity, network size, and scenario breadth
increase, computational burden becomes a real implementation issue. Practical deployment should there-
fore rely on a clear separation between offline planning and online operational support. Infrastructure sit-
ing, sizing, scenario comparison, and portfolio design can be performed offline using larger computational
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budgets and broader scenario ensembles. Operational support, by contrast, should remain lightweight
enough to respond to local conditions without re-solving the full planning problem in real time. This
distinction is consistent with the structure established in Chapters 4-6, where planning and control are
connected but not computationally collapsed into a single monolithic process.

The computational practicality of the framework can be supported through architectural decomposi-
tion rather than by assuming unlimited computational capacity. Candidate-site screening, selective spa-
tial aggregation, representative-scenario construction, modular optimisation, and parallel evaluation can
reduce the computational burden while preserving the framework’s main decision logic. These measures
make the framework more usable in planning environments where transparency, runtime, repeatability,
and auditability are operational requirements in their own right. Importantly, such measures should be
interpreted as implementation strategies for maintaining computational tractability, not as evidence of
unrestricted applicability to all network sizes or planning contexts.

The deployability of the framework ultimately depends on whether its outputs can be trusted under
uncertainty. In practical terms, planning recommendations must remain credible when demand, be-
haviour, network conditions, and the availability of flexibility deviate from nominal assumptions. Three
implementation risks are particularly important. First, charging demand may be overestimated, leading
to underutilised infrastructure and inflated investment requirements. Second, feeder constraints may be
underestimated, leading to hidden voltage-security risks or excessive reliance on future reinforcement.
Third, flexibility may be overestimated, especially where V2G participation is assumed more strongly
than behavioural, market, or operational conditions justify. These are not merely modelling uncertain-
ties; they are translation risks that can weaken otherwise sophisticated planning frameworks in real
deployment environments.

Operational validation should therefore extend beyond numerical convergence or algorithmic feasi-
bility. It should include consistency checks between assumed and realised system response, conservative
treatment of uncertain flexibility, sensitivity testing around key behavioural and technical parameters,
and periodic recalibration as EV penetration, charging behaviour, traffic patterns, and participation
conditions evolve. Reliability, in this context, is not only a matter of technical performance under nom-
inal operation. It is the consistency between what the planning layer assumes and what the operating
environment can actually deliver.

Overall, the deployment pathway for the proposed framework should be staged. In its first practical
use, the framework is most suitable as an offline decision-support tool for scenario analysis, candidate-site
screening, EVCS-BESS portfolio comparison, and flexibility-readiness assessment. With improved data
access, institutional coordination, and validation against local operating conditions, selected components
can then be integrated into utility, charging-operator, or municipal planning workflows. More advanced
operational use, particularly involving real-time flexibility activation or adaptive control, should only be
pursued where observability, communication infrastructure, and market participation arrangements are
sufficiently mature. This staged pathway preserves the technical value of the framework while recognising
the practical constraints that shape implementation in real planning environments.

8.6 Planning and Policy Implications

The findings of the thesis imply that EVCS deployment should be treated as a cross-domain planning
problem rather than as a grid add-on or a transport convenience measure considered in isolation. In
Australian urban contexts, and especially in Melbourne and Victoria, this implication is particularly
strong because high distributed PV penetration, growing EV uptake, and increasing interest in flexibility
services create a planning environment in which temporal demand shifts and local hosting conditions
matter directly.

The stakeholder relevance of this conclusion extends across the Australian energy and transport
ecosystem. For DNSPs, the framework supports network-aware EVCS planning, hosting capacity assess-
ment, and the identification of local voltage support needs. For system and market institutions, it clarifies
how distributed charging demand and conditional EV flexibility may affect future demand profiles and
coordination of flexibility. For charging infrastructure developers and operators, it supports candidate-
site screening using demand, accessibility, queueing exposure, feeder feasibility, and flexibility-readiness
indicators together. For transport agencies, local governments, and planning authorities, it links charg-
ing deployment to urban mobility patterns, service accessibility, and public charging needs. For policy
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bodies, it supports evidence-based coordination between EV uptake, charging infrastructure readiness,
and integrated energy—mobility planning.

The first implication concerns siting. Candidate locations cannot be judged solely by mobility demand
or feeder strength. High-demand sites are not automatically optimal if they coincide with constrained
electrical locations, and technically favourable sites may remain strategically weak if they impose excessive
travel burden or poor accessibility. The practical implication is that EVCS siting should remain a
constrained coordination problem from the outset.

The second implication concerns capacity. EVCS and BESS sizing should be based on time-resolved
operational conditions rather than static peak-demand reasoning. Across the thesis, time variation in
charging demand, PV support, traffic intensity, and local flexibility materially change what constitutes
adequate infrastructure capacity. Peak-based design can therefore become systematically conservative
and economically inefficient when temporal diversity is ignored.

The third implication concerns V2G readiness. The thesis supports infrastructure readiness for bidi-
rectional flexibility where feasible, but it does not support treating future flexibility as guaranteed support.
Infrastructure design should clearly distinguish between enabling V2G capability and operationally rely-
ing on V2G value. Bidirectional hardware, communication readiness, and interoperability are necessary
conditions, but not sufficient ones. Realisable value still depends on participation behaviour, incentive
structures, activation timing, and site-specific deployment conditions.

The fourth implication concerns accessibility and service coverage. Accessibility is not a secondary
service metric; it is a structural determinant of where charging demand forms and how infrastructure
performs in practice. Travel distance, travel time, and queueing exposure affect whether an EVCS port-
folio is merely installed or actually useful. Improving accessibility through denser or more strategically
distributed EVCS deployment can reduce user burden and improve service quality, but it can also in-
tensify local network stress if the electrical layer is not coordinated accordingly. Conversely, restricting
infrastructure to only the strongest feeder locations may reduce immediate technical risk but degrade
service coverage and weaken the practical value of the charging network.

For planners and policymakers, these implications indicate that siting, sizing, accessibility, and flexi-
bility readiness should be aligned during infrastructure planning rather than handled as separate technical,
commercial, and policy processes. In the Australian context considered in this thesis, better coordination
between electricity-sector planning, transport planning, and local infrastructure strategy is therefore not
an optional enhancement. It is a necessary condition for avoiding fragmented, inequitable, and opera-
tionally inconsistent rollout.

These implications connect directly to the Australian infrastructure context established in Chap-
ter 1. Australia’s EV transition is no longer only a matter of expanding charger numbers; it also requires
planning methods that ensure charging infrastructure is electrically supportable, spatially accessible, op-
erationally reliable, and capable of using distributed flexibility under realistic participation conditions.
By grounding the analysis in Melbourne and Victoria data, this thesis shows how traffic patterns, resi-
dential demand, rooftop PV generation, BESS coordination, and conditional V2G participation can be
evaluated within a single decision-support logic. The resulting contribution is a transferable planning
perspective for aligning charger rollout, distribution-network readiness, user accessibility, and flexibility
activation in future Australian energy—mobility systems.

8.7 Limitations and Translation Boundaries

Despite its contributions, the thesis should be interpreted within clearly defined boundaries of validity
and translation. Stating these boundaries strengthens, rather than weakens, the credibility of the work
because it clarifies what the framework can reliably support and what remains outside its present scope.

A first limitation concerns temporal scope. The case studies are based on representative weekday
operation over a 24-hour horizon with 48 half-hour intervals. This resolution is appropriate for planning-
oriented analysis because it captures the principal daily interactions among traffic flow, residential de-
mand, PV generation, and EV charging. However, it does not explicitly model rare but consequential
events such as prolonged outages, emergency charging surges, multi-day weather anomalies, or severe
traffic disruptions.

A second limitation concerns behavioural abstraction. Although the thesis incorporated a richer
behavioural representation than many conventional EVCS planning studies, including SOC-dependent
charging probability, queueing effects, heterogeneous V2G participation, and market-activation logic, user
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behaviour was still represented probabilistically rather than through survey-calibrated microsimulation
or full agent-based behavioural calibration. The resulting findings should therefore be interpreted as
system-level planning insights rather than exact predictions of individual user actions.

A third limitation concerns network abstraction and geographic representation. On the electrical
side, the framework used modified IEEE 33-bus and 123-bus feeders populated with real Victorian data
rather than proprietary utility feeder models. On the transportation side, the Melbourne case study was
represented as a graph-based mobility structure rather than a complete microscopic traffic simulation.
These choices are methodologically appropriate for strategic infrastructure planning, but they define the
scale at which the findings should be generalised.

A fourth limitation concerns uncertainty in future conditions and data dependency. The framework
depends on the availability, preprocessing, and quality of multi-domain datasets, including load profiles,
PV output, traffic conditions, and behavioural assumptions. Future EV uptake, charger standards, tariff
structures, and market participation may evolve in ways that alter the precise quantitative outcomes of
infrastructure planning. The thesis should therefore be interpreted as providing a structured planning
framework that can be adapted to comparable contexts, rather than a fixed forecast of future infrastruc-
ture layouts.

A fifth limitation concerns computational intensity. Although the modular GA-DDPG architecture
remained computationally tractable under the case-study conditions, larger real networks, richer scenario
ensembles, and higher-fidelity behavioural layers may impose substantial runtime and model-management
burdens. This does not weaken the conceptual framework, but it makes computational design an impor-
tant part of practical translation.

A sixth limitation concerns adoption readiness. The framework is reproducible in a practical engi-
neering sense because its modelling structure, data-processing logic, decision sequence, and optimisation
settings are explicitly documented throughout the thesis. However, reproducibility should not be inter-
preted as identical numerical replication under all conditions. Because the framework includes stochastic
optimisation and RL, some run-to-run variation is expected unless all seeds, environments, and initial
states are fixed identically. The more relevant point is that the framework can be reconstructed, tested,
and re-applied under equivalent assumptions. These limitations also define how the thesis should be
interpreted beyond the specific case-study environment.

Transferability follows the same principle. What transfers across settings is the decision structure:
the coupling of network feasibility, mobility-driven demand, flexibility participation, and operational
support. What does not transfer automatically are case-specific calibrated values, traffic intensities,
feeder-specific hosting margins, or participation profiles. Application in a new region, therefore, requires
recalibration rather than direct numerical reuse. The framework should be understood as an adaptable
planning architecture, not as a fixed template of universally valid parameter values.

Taken together, these limitations define the conditions under which the findings are valid: strategic,
data-informed planning of EV charging infrastructure under realistic daily urban conditions, with explicit
treatment of cross-domain interactions, conditional flexibility, and operational feasibility.

8.8 Future Research and Translation Opportunities

The results of the thesis point to several important directions for future work.

The first concerns long-term infrastructure planning under uncertainty. The present thesis focused on
representative daily operating environments, which are appropriate for studying time-varying interactions
among demand, traffic, and flexibility. A natural extension is multi-year planning in which EV uptake, PV
penetration, tariff structures, charging technologies, and flexibility participation evolve. Such extensions
would strengthen the framework’s usefulness for staged rollout, investment timing, and infrastructure
expansion under uncertainty.

The second concerns computational acceleration. Because the integrated planning problem com-
bines time-indexed simulation, non-convex optimisation, and learning-based components, future work
should explore surrogate-assisted optimisation, decomposition approaches, machine-learning-based ap-
proximations, and parallel computing strategies to improve runtime efficiency for larger, more detailed
scenario-based applications.

The third concerns richer behavioural modelling. Although the thesis moved materially beyond static
charging assumptions, future work could incorporate survey-calibrated user-preference models, dynamic
station-choice behaviour, agent-based mobility simulation, and finer segmentation of charging purposes
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across residential, workplace, retail, depot, and freight contexts. This would further strengthen the
realism of both charging-demand estimation and V2G participation modelling.

The fourth concerns deeper integration between markets and aggregators. The present framework
incorporated market-driven flexibility activation and participation uncertainty, but future research could
more explicitly represent aggregator strategies, settlement logic, dynamic pricing, ancillary-service par-
ticipation, and commercial coordination. This would improve the direct interpretability of the V2G value
under realistic regulatory and market arrangements.

The fifth concerns resilience-oriented and digital-twin extensions. Future work could test the frame-
work under feeder contingencies, communication failures, renewable intermittency shocks, and transport
disruption scenarios, thereby extending the present logic toward resilience analysis. Similarly, adapta-
tion to utility-specific feeder models, GIS-linked planning systems, and digital-twin environments would
strengthen the framework’s translational pathway for operational planning practice.

The sixth concerns broader adaptation and industry adoption. Because the framework is modular and
data-driven, it is suitable for adaptation to other Australian metropolitan regions and, with appropriate
recalibration, to international urban settings facing similar electrification pressures. Practical applications
include DNSP planning studies, charging network rollout analysis, municipal infrastructure strategy,
and flexibility readiness assessment. Future work should therefore advance not only the methodological
sophistication of the framework, but also its integration into real planning workflows.

8.9 Final Remarks

This thesis began with a practical question: how should EV charging infrastructure be planned when
electricity networks, transportation systems, user behaviour, and flexibility resources interact in ways that
conventional single-domain planning cannot adequately represent? The answer developed throughout the
thesis is that EVCS planning must be treated as a coordinated infrastructure design problem rather than
a static siting task.

By progressing from grid-aware EVCS-BESS planning to traffic-informed coupled PDN-TN planning,
and finally to V2G- and market-aware flexibility integration, the thesis showed that increasing modelling
realism materially changes infrastructure decisions, stakeholder trade-offs, and the meaning of a good
planning outcome. Electrical feasibility, accessibility, and flexibility are not optional additions to charging
infrastructure planning; they are structural determinants of deployment quality.

The final contribution of the thesis is therefore broader than the sum of its individual studies. It
provides a coherent, data-driven, and practically interpretable decision framework for EV charging infras-
tructure planning in future smart energy and mobility systems. Within the scope defined in this thesis,
that framework offers a credible basis for more robust, efficient, and industry-relevant infrastructure
decisions under the evolving conditions of urban electrification.
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Appendix

This appendix brings together two forms of supporting material for the thesis. First, it documents
the publications produced during the candidature and maps them to the relevant research questions,
thesis chapters, and candidate contributions. Second, it records the computational implementation, data
traceability, module interfaces, and reproducibility boundaries supporting the numerical studies. The
appendix is intended to support transparency, research-output declaration, and technical auditability
without repeating the detailed formulations, results, or discussion already presented in the main chapters.

Publications and Contribution Map

The research undertaken during this PhD has resulted in a portfolio of journal articles, conference pa-
pers, and related collaborative outputs addressing EV charging infrastructure planning, coupled power—
transportation systems, V2G-enabled flexibility, and flexibility-market coordination. The publication
trajectory follows the same intellectual progression as the thesis itself: from grid-aware EVCS-BESS
planning, to coupled PDN-TN planning, and finally to V2G-enabled, participation-aware, and market-
aware infrastructure design.

This publication record reflects a deliberate research pathway in which each stage builds upon the
limitations and insights of the previous one. The early conference work established the initial grid-
oriented planning formulation, the journal extensions developed more mature planning and operational
frameworks, and the later outputs advanced the research toward traffic-informed, V2G-enabled, and
flexibility-aware EVCS planning. In addition, the review manuscript supports the thesis’s broader posi-
tioning by synthesising the EVCS planning literature from decision structure and deployment relevance
perspectives.

Journal Articles

1. M. Alizadeh, A.M. Amani, L. Meegahapola, M. Jalili, and O. Hill, “A Data-Driven Comparative
Analysis of Electric Vehicle Charging Infrastructure Planning Frameworks in Coupled Power—
Transportation Networks,” Energy and AI, 2026. (Under Review)

2. M. Alizadeh, A.M. Amani, L. Meegahapola, M. Jalili, and O. Hill, “Traffic-Informed Planning of
V2G-Enabled EV Charging Infrastructure Under Participation Uncertainty,” IEEE Transactions
on Intelligent Transportation Systems, 2026. (Under Review)

3. M. Alizadeh, A.M. Amani, L. Meegahapola, and M. Jalili, “Coordinated V2G Control for Tran-
sient Voltage-Frequency Support in Renewable Microgrids,” Renewable Energy Focus, 2026. (Re-
vised)

4. M. Alizadeh, A.M. Amani, L. Meegahapola, M. Jalili, and O. Hill, “Optimal Traffic-Informed
Design and Operation of EV Charging Stations in Power Distribution Grids,” IEEE Transactions
on Transportation Electrification, 2025. DOT: 10.1109/TTE.2026.3670484. (Published)

5. M. Alizadeh, A.M. Amani, L. Meegahapola, M. Jalili, and O. Hill, “Dynamic Planning Mechanism
for Allocating Electric Vehicle Charging Stations in Distribution Networks,” IEEE Transactions
on Industrial Informatics, 2025. DOT: 10.1109/TT1.2025.3574435. (Published)

Conference Articles

1. M.H. Nikkhah, M. Alizadeh, S. Koushkbaghi, R. Taguelmimt, S. Aknine, and M. Jalili, “Opti-
mizing Electric Vehicle Flexibility via a State-of-Charge-Based Strategy for the Market Operator,”
2026 IEEE 24th International Conference on Industrial Informatics (INDIN), 2026. (Accepted)

2. M. Alizadeh, M.H. Nikkhah, A.M. Amani, L. Meegahapola, and M. Jalili, “Optimal Traffic-
Informed Integration of V2G-Enabled Charging Infrastructure in Power Distribution Network,”
2025 IEEE International Conference on Energy Technologies for Future Grids (ETFG), 2025. DOI:
10.1109/ETFG61999.2025.11401068. (Published)
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3. M.H. Nikkhah, M. Alizadeh, A.M. Amani, M. Jalili, and X. Yu, “A Novel Approach for
Flexibility Market Management Using Coordination of Electric Vehicles and Battery Systems,”
IECON 2025-51st Annual Conference of the IEEE Industrial Electronics Society, 2025. DOI:
10.1109/TECON58223.2025.11221318. (Published)

4. M. Alizadeh, L. Meegahapola, A.M. Amani, M. Jalili, and A. Seilsepour, “Optimal Planning
Framework for Battery Energy Storage Systems and Electric Vehicle Charging Stations in Distri-
bution Networks,” Proceedings of the 2024 IEEE International Conference on Industrial Technology
(ICIT), 2024. DOI: 10.1109/1CIT58233.2024.10540935. (Published)

Thesis Contribution Map

The publications are integrated into the thesis as a coherent research program rather than as isolated
outputs. Their relationship to the thesis chapters, research questions, and supporting research activities
is summarised below.

Direct Thesis Contributions

e RQ1 / Chapter 4: Integrated EVCS—-BESS Planning and Operation in Distribution
Networks

The ICIT 2024 conference paper established the initial grid-aware EVCS-BESS planning formula-
tion by examining the coordinated allocation of BESS and EVCS assets in distribution networks.
This work provided the preliminary methodological basis for RQ1.

The IEEE Transactions on Industrial Informatics journal article extended this initial formulation
into a more mature planning—operation framework by incorporating real-world Victorian smart-
meter and PV data, coordinated BESS deployment, EVCS allocation, and local voltage-based
operational control. This publication forms the main technical basis of Chapter 4.

e RQ2 / Chapter 5: Traffic-Informed Planning in Coupled PDN-TN Systems

The IEEE Transactions on Transportation Electrification journal article extended the thesis from
distribution-network planning to traffic-informed EVCS planning in coupled PDN-TN systems.
This publication incorporated transportation network effects, charging accessibility, travel costs,
queueing behaviour, EVCS service capacity, and distribution network feasibility into a unified
planning framework. It forms the main technical basis of Chapter 5.

¢ RQ3 / Chapter 6: V2G Participation, Market-Driven Flexibility, and Operational
Coordination

The ETFG 2025 conference paper established the initial V2G-enabled extension of the traffic-
informed planning framework by examining the integration of V2G-capable EVCS infrastructure
in distribution networks. This work provided the preliminary basis for the flexibility-aware planning
stage of the thesis.

The submitted IEEE Transactions on Intelligent Transportation Systems journal manuscript de-
velops the mature RQ3 framework by incorporating V2G participation uncertainty, behavioural
heterogeneity, market-driven flexibility activation, and coordinated operational support. This pub-
lication forms the main technical basis of Chapter 6.

Synthesis and Positioning Contributions

e Review and comparative synthesis / Chapters 2 and 7:

The submitted Energy and AI manuscript supports the thesis at the synthesis and positioning
levels. It contributes to the classification of EVCS planning studies from a decision-structure
perspective and helps identify the methodological gaps that the proposed frameworks address.
Within the thesis, this work informs the literature foundation in Chapter 2 and the systematic
synthesis and positioning of the thesis contributions in Chapter 7.
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Related and Supporting Research Outputs

e Microgrid V2G control and transient support:

The revised manuscript for the journal Renewable Energy, focusing on coordinated V2G control for
transient voltage-frequency support in renewable microgrids, is a related research output developed
during the PhD. Although it is not directly mapped to the main sources of Chapters 4-6, it supports
the broader thesis theme by investigating how V2G-enabled resources can contribute to voltage
and frequency support under dynamic operating conditions. This work strengthens the candidate’s
broader contribution to V2G control and the integration of flexibility.

e Flexibility-market coordination and EV participation:

The IECON 2025 conference paper on flexibility market management using coordination of EVs
and battery systems and the INDIN 2026 conference paper on state-of-charge-based EV flexibility
for the market operator are related collaborative outputs developed during the later stages of the
PhD. These works complement the thesis by addressing market-side coordination of EV and battery
flexibility. They are particularly relevant to the market-aware, flexibility-enabled direction of RQ3,
although they are treated as supporting outputs rather than as primary thesis chapters.

This mapping is consistent with the thesis structure. Chapter 4 addresses integrated EVCS—
BESS planning and operation in distribution networks, Chapter 5 extends the framework to coupled
distribution—transportation planning with traffic-informed demand, and Chapter 6 incorporates V2G
participation, market-driven flexibility, and operational coordination. Chapters 2 and 7 provide the
literature foundation, research-gap synthesis, and contribution positioning that connect the publication
outputs to the broader EVCS planning field. The additional microgrid and flexibility-market publications
demonstrate the broader research trajectory developed during the candidature and reinforce the thesis
focus on deployable, flexibility-aware energy—mobility systems.

Original Contribution Statement

The candidate is the primary contributor to the publications arising from this thesis. The candidate
led the conceptual development of the research, the mathematical formulation of the optimisation prob-
lems, the modelling of coupled PDN-TN systems, the design and implementation of the computational
frameworks, the processing and integration of real-world datasets, the simulation studies, the analy-
sis of results, and the preparation of the manuscripts. The co-authors contributed through scholarly
supervision, technical discussion, critical feedback, and manuscript review.

The originality of the thesis lies in the progressive integration of four elements that are often treated
separately in the literature: infrastructure planning, operational coordination, transportation-driven
demand formation, and flexibility-aware EV participation. Rather than contributing a single isolated
optimisation model, the thesis establishes a structured planning pathway that evolves from distribution-
network feasibility, to coupled power—transport interaction, and finally to V2G-enabled and market-aware
infrastructure design under realistic operating conditions.

Accordingly, the contribution of this thesis should be understood in terms of planning architecture
and system integration. The work moves EVCS planning beyond static, single-network, and load-imposed
formulations toward a data-driven, deployment-oriented decision framework that is directly relevant to
utilities, charging infrastructure planners, transport agencies, flexibility-market participants, and inte-
grated energy—mobility system design.

Computational Implementation, Data Traceability, and
Reproducibility

This appendix documents the computational implementation supporting the thesis. The main chapters
present the research motivation, literature gaps, mathematical formulations, scenario results, discussion,
and industry-facing interpretation. Therefore, this appendix does not repeat the full optimisation models,
numerical results, or deployment claims. Instead, it provides a compact technical record of how the
computational studies were structured, how real-world data were converted into model inputs, how the
main modules exchanged information, and how numerical feasibility and consistency were checked.
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The implementation was developed using research notebooks that tracked the thesis’s progressive
stages. These notebooks represent a research-grade computational workflow rather than deployment-
ready software. Their purpose is to document the computational pathway by which the Melbourne and
Victoria datasets, benchmark distribution feeders, traffic-informed charging demand, EVCS-BESS opti-
misation, V2G participation logic, queueing assessment, and power-flow-based validation were integrated
into a reproducible modelling process.

The appendix is organised around four technical traceability questions: (i) what data and computa-
tional artefacts support each research stage; (ii) how real-world data are transformed into time-indexed
power and transportation inputs; (iii) how optimisation, simulation, and feasibility-checking modules in-
teract; and (iv) what conditions are required for numerical replication and transfer to another case-study
environment.

Computational Artefacts and Research Stages

Table A.1 maps the main computational artefacts to the research stages of the thesis. The purpose is
to document the basis for implementing each research question rather than to repeat the publication
mapping or the detailed results reported in the main chapters.

Table A.1: Computational artefacts supporting the research stages of the thesis.

Stage Computational role Main artefacts Traceability purpose
RQ1 Grid-aware EVCS-BESS Smart-meter/PV profiles; modified Traces infrastructure deci-
planning and  voltage- IEEE feeder; EVCS and BESS deci- sions to feeder-level volt-
support assessment. sion variables; power-flow outputs; age, loss, and storage fea-
BESS control-gain tests. sibility.
RQ2 Traffic-informed PDN-TN Traffic aggregation; road Links mobility-driven de-
planning. impedance; charging-demand mand to grid-constrained

allocation; TN-PDN mapping; EVCS siting and sizing.
queueing model; GA-DDPG work-
flow.
RQ3 V2G-aware planning under G2V /V2G profiles; participation Separates installed bidirec-
participation uncertainty. logic; availability and SOC filters; tional capability from re-
scenario-specific flexibility activa- alised V2G flexibility.
tion; post-planning validation.
Reporting Numerical output, visuali- Saved arrays for voltage, loss, Ensures consistency be-
layer sation, and evidence gener- travel, queueing, EVCS, BESS, and tween simulations, figures,
ation. V2G outputs; plotting scripts; com- tables, and interpretation.
parison tables.

This artefact-based view is important because the thesis is not based on a single isolated simulation.
Instead, it progressively connects data processing, network modelling, optimisation, operational assess-
ment, and scenario comparison. The computational artefacts, therefore, provide the technical bridge
between the conceptual framework developed in the main chapters and the numerical evidence support-
ing the thesis’s findings.

Data-to-Model Traceability

A central feature of the thesis is the conversion of heterogeneous real-world data into time-indexed
planning inputs. The computational workflow integrates residential demand, rooftop PV generation,
traffic measurements, road network information, EV charging assumptions, and V2G participation logic.
Table A.2 summarises how the main data categories are converted into model inputs.

This traceability is necessary because the thesis relies on coupled modelling layers. A change in
traffic allocation can alter charging demand at candidate EVCS locations; a change in charging demand
can alter feeder voltage and loss outcomes; and a change in V2G participation can alter the effective
operational value of bidirectional charging. The data-to-model pathway, therefore, provides the basis for
interpreting the results as system-level planning outcomes rather than isolated numerical outputs.
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Table A.2: Data-to-model traceability in the computational workflow.

Data category Processing role Model input Integrity check
Residential demand Cleaned, aligned, and ag- 48-step bus-level active- Valid time index, non-
gregated to feeder buses. load profiles. negative load, and bus-

Rooftop PV genera-
tion

Traflic measurements
Road-network at-
tributes

EV charging assump-

tions

V2G participation as-
sumptions

allocation consistency.
Aligned with demand and 48-step PV injections and Profile length, sign con-

assigned to PV-enabled net-demand profiles. vention, and load-PV con-
buses. sistency.

Aggregated and mapped 48-step  traffic-intensity Missing-data  screening,
to TN nodes and links. profiles. nonnegative flow, and

temporal alignment.
Converted into distance Distance matrix, Valid node/link indexing
and impedance measures. impedance factors, and and consistent impedance
access-cost indicators. definition.

Combined  with  traf- Spatiotemporal charging Nonnegative demand and
fic, trip distance, SOC demand at candidate valid TN-EVCS mapping.
probability, and service EVCSs.

capacity.

Filtered by profile, SOC, Participation-weighted Nominal capacity is sepa-
access distance, availabil- V2G flexibility profiles.  rated from usable flexibil-
ity, and activation. ity.

Execution Topology of the Computational Workflow

The most complete implementation follows a staged workflow rather than a single monolithic optimiser.
This structure reflects the modelling logic of the thesis: data are prepared and aligned, the PDN and TN
representations are constructed, charging demand and V2G participation are generated, infrastructure
decisions are optimised, feasibility checks are applied, and final outputs are exported for interpretation.
Table A.3 summarises this execution topology.

Table A.3: Execution topology of the computational workflow.

Workflow block

Implementation role Audit relevance

Configuration and Sets horizon, network size, EVCS/BESS Defines an explicit and re-

data loading

PDN construction

TN construction

bounds, V2G settings, optimisation parame- peatable experiment setup.
ters, and input paths.

Builds the feeder model with buses, lines, Links planning decisions to
grid connection, loads, PV, EVCS, BESS, and power-flow feasibility.

V2G injections.

Defines traffic nodes, road links, distances, Preserves the spatial basis of
impedance factors, and accessibility indica- charging-demand allocation.
tors.

Charging and queue- Estimate charging demand and waiting time Prevents EV demand from

ing modules

from traffic, SOC probability, station capacity, being treated as a fixed elec-
and service rates. trical load.

Optimisation  mod- Apply GA-based BESS/control decisions and Screens candidates against

ules

layer

DDPG-based EVCS allocation under coupled electrical and service-quality

constraints. criteria.
V2G and validation Applies participation, availability, activation, Verifies usable flexibility
and post-planning voltage-control checks. rather than installed capabil-
ity alone.

Result export and Stores asset locations, objectives, costs, volt- Traces reported figures and

plotting

age profiles, BESS/V2G profiles, and scenario tables to saved simulation ar-
outputs. rays.
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This topology is important because the thesis combines modelling layers that can become inconsistent
if handled independently. The staged structure ensures that each layer produces an explicit output that
becomes the input to the next layer. This also supports debugging, scenario reconstruction, and result
verification.

Module Interfaces and Feasibility Checks

The computational workflow is organised around module interfaces. These interfaces define how informa-
tion passes from data preparation to transportation modelling, power-flow evaluation, optimisation, and
operational validation. Table A.4 summarises the principal module interfaces used in the implementation.

Table A.4: Principal module interfaces and feasibility checks.

Module

Inputs

Outputs

Feasibility or wvali-
dation check

Traffic-demand module

Queueing module

TN-PDN mapping

Power-flow evaluation

BESS planning/control

Traffic flow, TN nodes,
distances, EV penetration,
trip distance, and charging
probability.

Arrival rate, service rate,
charger type, station size,
and EVCS action.
Candidate EVCS loca-
tions, TN nodes, PDN
buses, and mapping rules.
Feeder topology, load, PV,
EVCS demand, BESS ac-
tion, V2G injection, time

step.
Candidate buses,
charge/discharge  action,

SOC state, voltage devia-
tion, operating bounds.

Time-indexed charging de-
mand at candidate loca-
tions.

Waiting-time and service-
quality indicators.

EVCS demand is assigned
to feeder buses.

Voltage profile, losses, con-
vergence status, and oper-
ating variables.

BESS schedule, SOC tra-
jectory, and corrective con-
trol action.

Valid node mapping,
nonnegative demand,
and 48-step align-
ment.

Queue stability and
waiting-time limit
compliance.

No unmapped station
and no invalid bus as-
signment.

Power-flow  conver-
gence and voltage-
limit compliance.

SOC, power limits,
and voltage-response
validity.

EVCS allocation envi- System state, candidate EVCS location/size vector, Voltage, distance,

ronment action, demand map, reward, next state, feasibil- spacing, queueing,
feeder  condition, and ity flag. and power-flow con-
service indicators. straints.

V2G participation Profile type, SOC, access Usable V2G flexibility and Participation, SOC,

module distance, availability, time bidirectional charging ad- distance, and activa-

tion feasibility.
travel, Consistency between
ta-

step, activation signal. justment.

Final decisions, technical Loss,  voltage,
outputs, service outputs, queueing, investment, and exported arrays,
and cost parameters. O&M indicators. bles, and plots.

KPI extraction

This interface-based view clarifies that the optimisation result is only meaningful after it has passed
both technical and service-quality feasibility checks. A candidate solution may appear attractive in
one objective while being infeasible in another domain. For example, an EVCS placement may reduce
travel cost but create voltage violations, or a V2G-enabled scenario may appear beneficial only if installed
bidirectional capability is incorrectly treated as fully available flexibility. The module interfaces, therefore,
provide a computational safeguard against internally inconsistent interpretations.

Scenario Reconstruction Logic

The thesis evaluates different infrastructure configurations and operating assumptions across its research
stages. The purpose of this section is to clarify how scenarios can be reconstructed computationally
without repeating the numerical results reported in the main chapters. Table A.5 summarises the main
reconstruction logic.
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Table A.5: Scenario reconstruction logic used across the computational studies.

Stage Scenario variable Computational reconstruc- Key check

tion

RQ1 EVCS/BESS deployment and Modify locations, sizes, and Voltage, loss, SOC, and
control settings. BESS control parameters while convergence feasibility.

preserving common feeder and
time-series inputs.

RQ2 EVCS density, BESS count, Re-run the coupled PDN-TN Travel cost, queueing,
and traffic-informed demand workflow with scenario-specific spacing, voltage, and
allocation. infrastructure counts and de- feeder feasibility.

mand mapping.

RQ3 V2G mode, profile type, and Switch between G2V, full V2G, Installed V2G capacity

participation level. partial V2G, and reduced- must not be treated as
participation cases using fully dispatchable flexibil-
scenario-specific flexibility ity.
profiles.

Control Operational uncertainty and Apply post-planning control Voltage correction with-

validation corrective BESS response. checks under dynamic EVCS out violating BESS limits.

and V2G operating conditions.

This reconstruction logic is included because the thesis uses scenario-based comparison to interpret
infrastructure planning outcomes. The scenarios are not independent experiments with unrelated as-
sumptions; rather, they are controlled modifications of the same computational pathway. This allows
the effect of EVCS density, BESS support, V2G capability, participation level, and control action to be
interpreted within a consistent modelling structure.

Implementation-Specific Quality Controls

Several implementation controls were used to reduce hidden inconsistency across the notebook-based
workflow. These controls are not new assumptions and do not change the mathematical formulation. They
define how the computational experiments should be reconstructed and audited. Table A.6 summarises
the main quality controls.

Table A.6: Implementation-specific quality controls for computational auditability.

Control

Purpose

Time-step integrity Checks that demand, PV, traffic, EVCS, BESS, V2G, and control arrays

follow the same 48-step operating horizon.

Unit-conversion discipline Prevents scaling errors between kW/MW, kWh/MWh, per-unit voltage,

minutes, hours, and monetary cost units.

Network-state reconstruction Ensures each time step uses the correct load, PV, EVCS, BESS, and

V2G state before power-flow evaluation.

Constraint-first validation Rejects or penalises candidates violating voltage, SOC, spacing, distance,

queueing, or convergence constraints.

Scenario isolation Prevents carry-over of scenario-specific variables such as EVCS count,

BESS count, V2G mode, participation level, or control status.

Stochastic reconstruction Requires documented seeds, stable package versions, and fixed hyperpa-

rameters when exact numerical replication is required.

Output preservation Stores numerical arrays before plotting so that tables, figures, and inter-

pretation are generated from the same data source.

These controls are included because the implementation combines stochastic optimisation, learning-
based action selection, time-indexed power-flow simulation, and traffic-driven demand generation. With-
out explicit implementation controls, two simulations may appear methodologically equivalent yet pro-
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duce different numerical outputs due to hidden changes in random initialisation, scenario settings, unit
conversions, or time-index alignment.

Numerical Sanity Checks

Before interpreting optimisation outputs, each simulation run should satisfy a set of numerical sanity
checks. These checks are quality-control tests rather than additional results. They clarify the computa-
tional standards used to distinguish feasible planning outcomes from artefacts of simulation, scaling, or
plotting. Table A.7 summarises the main checks.

Table A.7: Numerical sanity checks for optimisation and simulation outputs.

Output category Sanity check

Power-flow convergence Feasible operating points must converge. Non-convergent cases are
treated as infeasible or penalised.

Voltage profiles Reported feasible cases must satisfy voltage limits after EVCS, BESS,
and V2G interactions are applied.

BESS SOC trajectory SOC must remain within bounds after every charge/discharge update
and control action.

EVCS demand response Higher charging demand should not increase feeder stress unless alloca-

tion, BESS, V2G, or control actions change accordingly.

Traffic and queueing response Higher station density should generally reduce travel or queueing burden
unless constrained by spatial concentration or insufficient service capac-
ity.

V2G contribution V2G-enabled cases should improve performance only when participation,
SOC, availability, access, and activation conditions are satisfied.

Cost consistency Additional stations, storage, or bidirectional capability should be re-
flected in investment, O&M, or loss-related costs unless explicitly ex-
cluded.

Plot-table consistency Figures and tables must be generated from the same saved numerical
arrays.

These checks are particularly important for coupled EVCS planning. A solution may reduce travel
cost by increasing station density while violating feeder voltage constraints; similarly, a V2G-enabled case
may appear highly beneficial if installed bidirectional capability is incorrectly treated as fully available
flexibility. The checks in Table A.7 reduce the risk of such internally inconsistent interpretations.

Computational Environment and Runtime Notes

The computational studies were implemented as research notebooks using Python-based workflows for
optimisation, simulation, and plotting. The power-flow evaluations were performed using a time-indexed
reconstruction of the distribution feeder so that each operating interval reflected the corresponding de-
mand, PV, EVCS, BESS, and V2G conditions.

Where high-memory computation was required, simulations were executed on a cloud computing
instance with sufficient memory and processor capacity for repeated optimisation and 48-step time-series
simulations. The purpose of this computational setup was not to demonstrate production-grade software
deployment, but to ensure that the coupled PDN-TN optimisation workflow could be executed repeatedly
under consistent scenario settings.

Exact numerical replication requires the same input datasets, package versions, random seeds, op-
timisation hyperparameters, scenario configuration files, and computational environment. In contrast,
engineering-level reproducibility requires reconstruction of the workflow logic, data-processing steps, mod-
ule interfaces, and feasibility checks documented in this appendix.

Reproducibility Boundary and Transferability

The thesis is reproducible in a practical engineering sense: the modelling structure, data-processing
logic, module interfaces, feasibility checks, objective categories, scenario definitions, and computational
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workflow are documented sufficiently for the studies to be reconstructed under equivalent assumptions.
Exact numerical replication, however, requires the same input files, software package versions, random
seeds, initial optimisation populations, neural-agent settings, and computational environment.

The transferable element of the thesis is the decision architecture: the integration of feeder-level fea-
sibility, mobility-driven charging demand, service-quality constraints, BESS support, V2G participation,
and operational validation. The non-transferable elements are the case-specific traffic intensities, feeder
hosting margins, behavioural parameters, V2G participation profiles, cost assumptions, and scenario val-
ues. Application to another city, utility, or charging-market environment, therefore, requires recalibration
and validation rather than direct numerical reuse.

This appendix is deliberately limited to computational implementation and support for reproducibil-
ity. It does not repeat the thesis formulations, literature synthesis, results, publication map, impact
statement, or industry-translation discussion. Its role is to clarify the thesis’s computational basis, make
it more auditable, and facilitate extension without unnecessary conceptual repetition.
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