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ABSTRACT:

This thesis evaluates the techno-economic role of electric vehicle (EV) battery participation in a
renewable-integrated distribution-network context using the Vaasa/Sundom area in Finland as
the case study. The study focuses on how EV-based flexibility can support a local wind—
photovoltaic (PV) storage system by improving renewable-energy utilization, reducing
dependence on the external grid, lowering curtailment and influencing the levelized cost of
energy (LCOE). The techno-economic analysis was carried out using the Hybrid Optimization and
Performance Platform (HOPP) in a Python code workflow. The model was based on electricity
demands from three substations J06 Sulva, J07 Sundom and J09 Vaskiluoto, wind-resource data,
PV capacity factors, electricity spot prices, stationary battery assumptions, EV battery
assumptions and technology cost parameters. The annual simulation was performed over 8760
hourly time steps. Three cases of EV participation were considered: NoEV, BEV50 and BEV80. For
these cases there are four different TargetUnmet presenting the maximum share of annual
demand that the external grid can supply with the remaining demand supplied by local wind
generation, PV generation, stationary battery storage and EV battery if applicable. The lowest
configuration was Target80Unmet_NoEV with an LCOE of 89.32 €/MWh, clearly showing that
the zero-EV case was the most viable one when the local renewable supply was the lowest. But
things changed when a higher percentage of the demand had to be met from local sources. In
the Target4dOUnmet and Target20Unmet cases use of BEV50 and BEVS80 led to lower LCOE
compared to NoEV demonstrating that EV flexibility is more important with more stringent local-
supply requirements. It was also observed that there is a strong trade-off between grid
dependence, renewables overbuilding, storage need, curtailment and the system cost. Several
scenarios achieved curtailment reduction with stationary battery and even in a few cases battery
storage did not entirely replace stationary storage. The price-based dispatch analysis also
showed that the EV batteries can provide added value, by being charged at low prices and
discharged at high prices. In conclusion, all results indicate that V2G should not be treated as a
standalone solution, but rather as a flexibility resource to be used in combination with a larger
wind—PV—storage system.

KEYWORDS: (Electric vehicle, Vehicle to Grid, bidirectional charging, renewable energy
integration, techno-economic analysis, Simulink simulation, battery storage, LCOE).
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1 Introduction

1.1 Background and Motivation

Transport electrification and a high rate of renewable electricity generation are altering
how present-day power systems are planned and operated. Electric vehicles are no
longer just transport technologies, as their batteries can also communicate with the
electricity system through controlled charging and bidirectional charging (Acharige et al.,
2022). Meanwhile, wind and solar generation amplify the necessity of flexibility due to
variations in their output because of weather conditions and a lack of correspondence
between their generation and electricity demand (Jung & Broadwater, 2014). A high level
of renewable penetration thus necessitates flexible resources that can move energy over
time and lessen the gap between the generation and demand (Solomon et al., 2019). In
this regard, EV batteries can be used to support the grid by charging during the excess
renewable generation and discharging or reducing demand during peak times (Wang et

al., 2024).

However, EV charging has the potential to impose new stresses in the distribution
networks, unless coordinated effectively. Unregulated charging can lead to higher peak
demand, deviation in voltages, loading of the transformer, congesting feeder and
network losses (lbrahim et al., 2024). The planning of charging infrastructure has also
demonstrated that the location of chargers, charger power capacity and the local grid
capacity must be considered as a group since the needs of charging affect both the
transport system and the system of power distribution (Unterluggauer et al., 2022). To
mitigate some of these effects, smart charging can shift charging to less expensive or
more renewable times (Szinai et al., 2020). Nevertheless, smart charging merely
regulates the time when EV use electricity, whereas V2G allows EV to also provide
electricity back to the grid as long as this is technically and economically

feasible(Acharige et al., 2022).



Vehicle-to-Grid and broader Vehicle-to-Everything services are thus coming under more
scrutiny as a flexibility option in future smart grids. V2G enables EV to serve as
distributed storage resources that can support the peak-shaving, the voltage regulation,
the frequency regulation, the balancing of renewable energy and ancillary services
(Mastoi et al., 2023). Also, in V2X are applications such as Vehicle-to-Home, Vehicle-to-
Building, Vehicle-to-Community and Vehicle-to-Load where the EV battery supports local
energy requirements rather than solely providing exports to the grid (Wang et al., 2024).
Research carried out at building- and community-level demonstrates that bidirectional
EV batteries have the potential of enhancing local PV self-consumption and reducing
reliance on external grid imports (Borchers et al., 2025). This is demonstrated through
these applications indicating that EV batteries can be converted into flexible energy
resources once they are connected using the appropriate chargers, control systems and

market arrangements.

Technical value of V2G is highly dependent on the converter performance, battery
capacity and the power quality over the grid. Bidirectional chargers should control the
DC-link voltage, current of the batteries, current of the grids and synchronization with
the AC system during its charging and discharging process (Adhikary et al., 2023).
Converter-oriented research reveals the fundamental importance of a stable DC-link
control with harmonic reduction to ensure the reliability of V2G operation (Fu et al.,
2025). Studies of grid-forming V2G chargers also indicate that EV chargers have the
capability to support voltage and frequency when active power, reactive power and SOC
are coordinated accordingly (Ordono et al., 2024). So the entire V2G does not simply
represent an energy-management concept; it represents a power-electronic and

distribution-network control paradigm.

V2G has uncertainties in terms of economic value, which relies on the market structure,
price variation, battery degradation, charger cost and user participation. Studies of V2G
profitability reveal that EV will be able to generate revenue through energy-market

participation and ancillary services (Zheng et al., 2023). Aggregator experiments
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demonstrate that profit of V2G use each year depends on the availability of EV, as well
as the availability of service windows, imbalance penalties and user-satisfaction limits
(De Caro et al., 2025). Studies of user-acceptance indicate that EV owners are worried
about loss of flexibility, battery degeneration and privacy even with financial incentives
(Bakhuis et al., 2025). These results indicate that V2G feasibility should be researched

under both technical and techno-economic aspects.

Bidirectional EV Charger V2G

" . Non-Isolated DC-
Grid__ LFTransformer Inputfilter s pc Rectifier DC Converter

e

- »  Bidirectional Power Flow
»  Unidirectional Power Flow
» Control Signals

Figure 1. Basic concept of bidirectional V2G EV charging Operation (Zentani et al., 2024).

1.2 Research Gap

The key research problem that is to be discussed in the framework of the current thesis
is as follows: the technical potential of V2G is widely known, yet it is still unclear how it
can be practically implemented into the framework of renewable-rich distribution
networks. The voltage problems, losses and congestion that may be experienced in the
distribution networks are not due to EV charging and renewable generation not being
coordinated (lbrahim et al., 2024). V2G could alleviate some of these issues by engaging
EV batteries to provide grid support but this would require appropriate SOC control, how
to operate the chargers and the quality of the current on the grid side (P. P. Singh et al.,
2023). Converter studies indicate that bidirectional operation should ensure the stable
DC-link voltage and were simultaneously acceptable power quality in both G2V and V2G

conditions (Islam et al., 2025). So, one of the aspects of the issue is technical: the EV
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battery should be capable of charging and discharging without causing any disruption to

the grid and load.

The second component of the problem is the economic one. Although V2G may
technically be a possibility, it might not be an appealing alternative unless the value of
the service is greater than the value of battery degradation, investment in chargers and
the complexity of operation. Studies of battery degradation indicate that repeated V2G
operation can accelerate battery degradation and may need to compensate EV owners
(Sagaria et al., 2025). According to market research, revenues of V2G are linked to the
price differences of electricity, the regulations of the ancillary service and the
involvement of aggregators (Wan et al., 2024). According to the Nordic reserve-market
research, the flexibility of EV can generate value but must participate in the market
provided that probabilistic availability and collective aggregation on the portfolio level
(Lunde et al., 2025). Consequently, based on the technical operation only, the techno-

economic feasibility of V2G cannot be concluded.

The third section of the issue relates to the integration of renewables. Wind and solar
generation are associated with the need to have flexibility due to the surplus generation
during certain periods and deficit during others (A. A. et al., 2020). Investigations into
wind solar complementary reveal that storage requirements are highly dependent on
the renewable mix and timing of generation against demand (Solomon et al., 2016). V2G
can assist the renewable systems by storing the excess electric power to minimize the
curtailment particularly when the availability of the EV are consistent with the renewable
production and demand curves (Fachrizal et al., 2024). Nonetheless, EV batteries can
primarily fit short-term and day-to-day flexibility and therefore should be considered as
a single component of a greater flexibility portfolio and not a full replacement of all

storage technologies.
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1.3 Research Aim and Objectives

This thesis is aimed at assessing how EV-based V2G flexibility may contribute to grid
stability, integration of renewable energy sources and techno-economic performance in
a wind- and solar-integrated distribution-network scenario. The technical section
explores the dynamic behaviour of an EV charging/discharging station that is connected
to a wind turbine, transformer, grid and dynamic load. It concentrates on battery current
direction, response of SOC, control of DC-link voltage and three-phase voltage/current
behaviour. All these variables are directly relevant since studies on battery current
control, DC-link stability and the quality of grid current outline as the fundamental
requirements of V2G operation (Adhikary et al., 2023; Fu et al., 2025). The technical
objective is thus to validate the performance of the simulated EV interface to operate in
a charging mode and a discharging mode without apparent instability in the grid and

load waveforms.

The techno-economic section explores the impact of wind, solar PV, stationary battery
storage and EV battery storage on annual demand supply, unmet demand, curtailment
and LCOE. Techno-economic V2G researchers indicate that the value of EV storage is
dependent on renewable availability, price indications, market participation and
limitations associated with the use of battery (Arsalan et al., 2025). It is also
demonstrated in integrated microgrid studies that EV batteries can save the cost of the
system as well as increase the reliability of the system when it is integrated with
renewable generation and demand response (Yu et al., 2026). The economic objective
hence is to assess whether EV involvement enhances system performance as compared
to situations that do not involve EV storage. This enables the thesis to tie the short-term

technical feasibility with the annual system-level performance.

The initial goal is to model the short-term technical response of a V2G-capable EV
battery which is linked to a renewable-integrated grid system. Such purpose is justified
by research indicating that the V2G operation needs to be controlled by stable

converters, as well as by SOC (Ordono et al., 2024). The second goal is to compare
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charging and discharging behaviour of EV using the following variables; battery voltage,
current, SOC, DC-link voltage, grid voltage/current and load voltage/current. This is
needed since the change of battery current direction and SOC trend helps to verify the
bidirectional operation (Adhikary et al., 2023). The third objective is to determine the
annual techno-economic impact of EV battery participation using system KPls of served
energy, unmet demand, curtailment and LCOE. This form of integrative technical, as well
as economic analysis, is in line with other studies that relate V2G scheduling, market
value, renewable integration and battery degradation (Yang et al., 2024; Zheng et al.,

2023).

1.4 Research Questions

There are three research questions which this thesis answers. The first research question
will require how the EV charging/discharging station will behave technically when it
relates to the wind-integrated grid system. This question is significant as V2G operation
cannot be claimed to have any economic benefit before having stable converter and grid-
interface behaviour (Fu et al.,, 2025). The second research question will be how the
system response varies with EV charging and EV discharging modes. This difference is
needed due to the opposite current direction on the battery and the reverse SOC
movement in G2V and V2G, respectively (Acharige et al., 2022). The third research
question entails the impact of participation in EV battery on the annual technical-
economic performance of an energy system based on renewable sources. The
importance of this question is that V2G value is determined based on annual renewable
generation, demand profile, storage operation, electricity price, as well as system cost

(Nagel et al., 2024).

These research questions are related since technical feasibility and economic feasibility
are not independent. Even in case there is theoretical revenue a technically unstable V2G
converter is incapable of offering reliable market services. Correspondingly, technical
stability of the V2G system may not be very appealing in case price spreads are too

shallow, or the degradation of the battery is excessively high, or the end user does not
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engage init. The literature on V2G barriers indicates that technical, economic, regulatory
and behavioural factors should be volunteered as one to deploy practically (Goncearuc
et al., 2024). Thus, the thesis relies on a simulation-based technical analysis as well as

on techno-economic analysis.

1.5 Scope and Limitations

This thesis is restricted to a scope of distribution-level V2G operation relying on
renewable generation and storage. The technical simulation is an analysis of a short-
periodic dynamic model of a wind turbine, transformer, dynamic load and EV charging/
discharging station. It lacks in-depth electrochemical battery ageing, long run thermal
modelling and hardware in the loop validation. In-depth battery ageing models are
significant as final profitability analyses; however, they do not belong to the direct scope
of the technical simulation (M. Mosammam et al., 2024). The simulation thus confirms

the short-term operation and not the entire life product battery degradation.

The techno-economic section provides annual energy balance, storage dispatch, unmet
demand, curtailment and LCOE of the selected renewable and EV cases with annual
energy balance. It is not a complete electricity-market bidding model or process of
detailed aggregator settlement. Aggregator-based studies reveal that V2G profit is
determined by services windows, bidding strategies, imbalanced penalizing and market
regulations (De Caro et al., 2025). These factors matter but are simplified in this thesis
due to the focus on the system-level comparison of the wind and solar participation,
stationary battery and EV battery participation. As such, the economic outcomes would
be viewed as scenario-based techno-economic proxies and not definitive commercial

investment decisions.

User behaviour is even simplified. Practically, the availability of V2G depends on the
parking time, plug-in behaviour, the required departure SOC, access to chargers and
willingness to participate (F. Liu et al., 2025). According to user-acceptance studies,

financial incentives, concerns with battery degradation and loss of flexibility are strongly
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influencing factors impacting participation (Bakhuis et al., 2025). These behavioural
aspects are addressed in the literature but are not fully modelled in technical simulation.
This weakness states the thesis approximates the technical and techno-economic
potential in defined assumptions as opposed to forecasting specific real-world

participation.

1.6 Structure of the Thesis

Chapter 1 introduces the background and motivation of the research, identifies the
research gap, and presents the aim, objectives, research questions, scope and limitations
of the thesis. Chapter 2 reviews the relevant literature on V2G and V2X, EV charging
impacts, bidirectional charging control, battery limitations, renewable-energy
integration, market participation, user acceptance, infrastructure requirements,
cybersecurity, communication standards and the Sundom Smart Grid context. Chapter 3
describes the HOPP-based techno-economic methodology, including data preparation,
scenario development, system modelling, optimization, LCOE calculation and sensitivity
analysis. Chapter 4 presents the techno-economic results, focusing on demand and
renewable-resource characteristics, LCOE performance, EV contribution, curtailment,
grid interaction and price-based dispatch. Chapter 5 presents the Simulink model of the
Sundom Smart Grid distribution branch and analyses the charging, discharging, PV and
wind output results. Chapter 6 concludes the thesis by summarizing the main findings,

outlining the limitations and proposing directions for future research.
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2 Literature Review

2.1 An Overview of V2G and V2X Concepts

Vehicle-to-Grid (V2G) refers to bidirectional power exchange between an electric vehicle
(EV) battery and the electricity grid. In grid to vehicle (G2V) mode the EV battery absorbs
electricity from the grid or from local renewable generation, while in V2G mode the
battery discharges electricity back to the grid or to a local load through a bidirectional
charger (Acharige et al., 2022). Such bidirectional functionality enables EV to transition
their electricity consumption from passive to flexible distributed storage resource (Wan
et al., 2024). Vehicle to X (V2X) applications involve Vehicle to Home (V2H), Vehicle to
Building (V2B), Vehicle-to-Load (V2L), Vehicle-to-Community (V2C) and Vehicle to
Vehicle applications (V2V) (Wang et al., 2024). These concepts are relevant for this thesis
because the technical simulation investigates the behaviour of EV for charging and
discharging and the techno-economic model investigates EV batteries as an extra storage

resource in wind-PV-storage scenarios.

The technical and economic potential of V2G relies on the capacity of EV to store
electricity during periods of low demand or fewer costs and to release it during periods
of high demand or high costs. This in Renewable Based systems implies that EV batteries
take excess PV or wind generation and release electricity when generation falls short.
Multiple research studies have demonstrated V2G's potential benefits in services such
as peak shaving, valley filling, frequency regulation, voltage support, renewable-energy
integration and provision of ancillary services (Mastoi et al., 2023; Sovacool et al., 2020).
These services clearly relate to the motivation of the present thesis, where a test is
performed to see if EV flexibility can reduce grid dependence, curtailment, stationary

battery requirement, or levelized cost of energy (LCOE) as compared to NoEV scenarios.

Applications to V2X are also significant as they demonstrate that the value offer of EV
batteries can be at different system levels. V2H can enhance household resilience during

Power Outages (Einolander et al., 2024) and V2B can help lower Building Peak Demand



17

and local PV Self-Consumption (AC et al., 2025). However, V2X can also help to increase
the energy self-sufficiency of communities by aggregating multiple EV as shared flexible
storage(Borchers et al., 2025). These studies argue for considering EV batteries as local

flexibility resources and not simply transport resources.

2.2 EV Charging Effects on Distribution Networks

Uncontrolled EV charging can pose technical challenges for distribution networks. This
significant demand for EV charging can lead to peak load, overload the distribution
transformers, cause feeder congestion, induce voltage deviation and cause distribution
losses (Ibrahim et al., 2024). Many EV accumulating in the neighbourhood and charging
at the same time can pose challenges in low voltage and medium voltage networks,
when charging happens at the same time the vehicles enter the parking lot, for example
after work (Unterluggauer et al., 2022). Additionally, fast charging may induce peak
stress of short duration and high magnitude locally due to the high-power consumption
of chargers (Lai et al., 2022). Both problems or issues warrant the examination of EV
integration beyond only as an energy resource but rather as a problem in the distribution

network's plan and operation.

Smart charging is a suggested first step to minimise the adverse effects of EV charging.
Smart charging involves modifying charging times to either avoid the peak period or take
advantage of periods when renewable generation is significant. Numerous large-scale
charging-management studies demonstrate that smart charging can lead to fewer costs
at the power grid and less curtailment of renewables than unmanaged charging (Szinai
etal., 2020). Electricity-pricing studies also indicate that dynamic, using hourly or specific
time of day pricing can have a greater effect than the use of fixed time of use tariffs
(Schwarz et al., 2020). This is relevant in the price-based dispatch portion of this thesis,
where EV charging is permitted when the price is below a certain threshold and EV

discharge/sell is allowed when the price is above a certain threshold.
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However, smart charging and V2G are not the same. Smart charging only changes the
timing of electricity consumption, while V2G allows EV batteries to inject electricity back
to the grid or local system. This implies that V2G not only aids in reducing energy demand
but also contributes to active energy supply in times of energy shortages or high
electricity pricing. This distinction is critical for the techno-economic results presented
in this thesis, since EV batteries are not generating energy, but are merely moving energy

around in time from when there is excess energy to when there is energy shortage.

The impact of EV on the distribution-network also relates to the technical simulation
result. EV charging and discharging shall not create unacceptable voltage distortion,
current distortion or instability into the connected grid and load. The impacts of EV in
distribution systems have demonstrated that EV, if not managed, can cause power-
quality problems and voltage unbalances and that coordinated V2G can help decrease
stress on the local distribution grid if well-controlled (Hassan et al., 2024; Ibrahim et al.,

2024).

2.3 Bidirectional Charger and Converter Control

The key element in V2G is the bidirectional charging of the battery, which requires a
bidirectional charger to facilitate controlled power flow between the EV battery and the
AC grid. The components of a typical bidirectional EV charger are an AC-DC converter,
DC-DC converter, DC-link capacitor, grid synchronization, pulse-width modulation (PWM)
and battery current control (Adhikary et al., 2023). During G2V operation the converter
functions as a rectifier and charges the battery via a regulated DC stage. During the V2G
mode, the energy from the battery is sent through the inverter and DC-link to the AC
grid (Acharige et al., 2022; Adhikary et al., 2023). This is in direct relation with the
technical simulation model studied in this thesis: to determine charging/discharging
based on current direction, battery voltage response, SOC trend and DC-link voltage

behaviour.
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One of the technical requirements of most import for the bidirectional charging is DC-
link voltage regulation. When the DC-link voltage is not stable the current of grid-side
inverter and battery-side current may also be unstable (Islam et al., 2025). In V2G
converter studies using power quality improvement techniques, it is emphasized that
the control in DC link, grid current tracking and harmonic reduction is crucial for safe
operation of V2G (Fu et al., 2025). Converter topology may also influence the voltage
ripple, the transient response and efficiency during charging and discharging (Mamidala
& Kumar, 2025). These findings further justify that usage of DC-link voltage as an
important technical result indicator in this thesis, as it is aimed for the power quality of

the DC bus to be closely followed the reference after the initial transients.

Safe V2G operation also requires the grid synchronization and current control. The V2G
converters need to synchronize with the AC grid and control the active and reactive
component of the current properly (Islam et al., 2025). Studies on a grid-forming V2G
charger indicate its ability to provide voltage and frequency support in situations where
the charger active power, reactive power and SOC are coordinated (Ordono et al., 2024).
Further, by designing the converter to provide grid-support functions, frequency/voltage
support from EV fleets during disturbances has been demonstrated via real-time V2G
simulation studies (Anany et al., 2024). These studies help the interpretation of the
behaviour of the voltage and current on the grid side, particularly in case of visibility of

the current phase and the possible exchange of reactive power.

2.4 Battery SOC, Degradation and Mobility Limitations

Technical or techno-economic V2G modelling requires a SOC management as a key
element. Not all EV batteries are suited to be used as stationary storage and there are
operating limits that must be kept within to ensure safe operation. The studies of V2G
scheduling determine the feasibility of the operation through arrival time, departure
time, minimum SOC, desired SOC and available discharge energy (Zheng et al., 2023).
The other studies (Singh et al., 2023) use SOC thresholds for deciding upon

charging/discharging and idle modes of EV for priority based V2G planning studies. They
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can directly support the methodology in this thesis operation with both EV and storage
between 50% and 85% and stationary battery between 20% and 90% .

Another significant constraint for the V2G operation is the degradation of batteries. The
combination of SOC range, charging/discharging currents, depth of discharge,
temperature and frequency of charging/discharging operations can contribute to the
accelerated ageing of the batteries (Sagaria et al.,, 2025). The results of the
electrothermal analysis of batteries indicate that voltage, temperature, impedance, heat
generation, SOC and capacity loss should be considered when considering V2G feasibility
in the long term (Arsalan et al., 2025). From the multi-objective V2G studies, increasing
V2G revenue can increase the battery ageing due to unmanaged charging and
discharging (M. Mosammam et al., 2024). This also justifies the limitation of present
thesis to not fully monetize the detailed battery degradation cost in the LCOE or dispatch

analysis.

On top of this, mobility creates an even bigger limitation on the real availability of EV
batteries. Existing V2G studies indicate that the amount of available flexibility is related
to parking time, accessibility of chargers, driving patterns and locations, as well as
departure SOC (F. Liu et al., 2025). Driver heterogeneity is also a concern for V2G
participation as different drivers have varying levels of willingness to connect, discharge

and to accept compensation (Yun et al., 2025).

2.5 V2G to Integrate Renewable Energy

V2G is emerging as especially significant in power systems with growing penetration
rates of wind and solar power. Renewables can fluctuate with the tides and aren't
necessarily always in alignment with electricity needs. Surplus and deficits of electricity
loading can occur at different times related to wind and PV generation. EV batteries can
be used to alleviate this imbalance by loading during times of renewables surplus and

unloading during high demand or low renewables output (Yang et al., 2024). Together,
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this enables EV storage to be a potentially useful flexibility resource in renewable-rich

distribution systems.

Multiple studies have been carried out demonstrating that the coordinated charging and
discharging of EV can lead to a better utilization of renewables. EV batteries can boost
the use of wind power by storing electricity during high wind generation and releasing it
during peak demand or renewable-deficit times, as demonstrated in wind-based V2G
scheduling studies (Shang et al., 2023). PV-focused studies also demonstrate that
coordinated operation of EV with PV influence on local energy use and voltage issues to
enhance PV penetration (Hassan et al., 2024). The results indicate that V2G can have a
positive impact on both wind and solar integration, but the net benefits are highly
dependent on renewable output time, demand and storage availability and network

conditions.

Wind-solar complementarity is also important in renewable-energy system design.
Wind and solar generation are temporally different and it is possible to decrease the
mismatch between renewable output and demand when mixing wind and solar
generation than just using one resource alone (Solomon et al., 2020). Nevertheless, as
both wind and solar are variable resources, complementarity will not eliminate the need
for storage or for grid service. Thus the high renewable systems must be flexible in terms
of the ability to move energy around in time and diminish the impact from the
generation-demand mismatch. This flexibility can be partly achieved with EV batteries,

particularly of short duration and daily balancing.

Another important issue of renewable integration is Curtailment. Renewable capacity
brings benefits of decreased external electricity reliance, but can also decrease the
ability to use, store, or export electricity production. These studies on systems with high
renewable share indicate that the variables of curtailment, storage capacity,
overbuilding on renewable and system cost are closely related (Al-Rasheedi et al., 2021;

Solomon et al., 2019). Some curtailment may be acceptable on an economic basis as it
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may be too much to invest in storage to prevent all curtailment. So, the planning for
renewable systems must consider the possible trade-offs between the installed capacity

of renewables, storage capacity, curtailment and cost.

From the literature investigated in the renewable-integration context, it was observed
that with adequate surplus energy, EV batteries could increase renewable energy
utilization, provided there is demand for discharging during times of energy shortages.
But EV batteries do not produce any new energy; these are merely moving available
energy by reshaping it. These then have battery size limitations and can only be charged
and discharged at a limited rate, only operate for a limited amount of times and the user
must participate and have a vehicle available. Therefore, it is more appropriate to think
of V2G as a flexibility mechanism, or one possible mechanism, when looking at the larger

potential of a renewables-based system.

2.6 V2G in Microgrids, Buildings and Communities

V2G has been well investigated in microgrids, buildings and community energy systems,
which also include likely local demand, renewable generation, storage, controllable loads.
A PV microgrid study demonstrated that with smart charging and V2G, PV self-
consumption could be increased and grid peaks could be reduced, compared to
uncontrolled charging (Van der Kam and van Sark, 2015). Studies on renewable microgrid
optimization further indicate the potential of EV parking, G2V/V2G operation, demand
response and storage to lower the operating costs and boost reliability (Yu et al., 2026).
As further studies show, EV batteries can be used to aid local energy management if their
charging and discharging operations coincide with local renewable energy generation

and demand, respectively.

V2B applications are specific as commercial or fleet EV may be more available than
private vehicles. Bidirectional charging studies reveal that it can lead to a decrease in

electricity costs, boost PV self-consumption, lower peak demand and in some cases,
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replace stationary battery capacity (Antretter et al.,, 2025). This indicates in some
situations, such as when vehicles are left plugged in for extended periods and a charging
station is provided, the need for separate stationary storage may be eliminated. The
amount of EV substitution varies, however, depending on the size of the EV fleet,

connection time, power rating, battery availability and the demand profile of the site.

V2X studies at the community level are also being used to demonstrate the use of EV
batteries as ‘aggregated flexibility resources. Based on residential community studies,
the storage capacity of EV can be shared as a community and thus higher institutional
self-sufficiency, if EV availability is sufficient (Borchers et al., 2025). In addition, an urban-
level study revealed a positive effect of having aggregated EV batteries to enhance load
matchability of wind and solar power in an urban power system (Fachrizal et al., 2024).
It is important because while EV batteries are small in themselves, an EV fleet, if large

enough, can be significant from a community or distribution-network perspective.

Another limitation of EV flexibility is discussed in the literature on micro grids and
communities. EV batteries can primarily enable short time shifts of energy when
renewables are available to charge and when there is a discharge requirement later in
the day. They may not be adequate to accommodate long duration or seasonal balancing.
Storage-portfolio studies have demonstrated that often, high-renewable storage
systems are best provided through a mix of short-duration storage, long-duration storage,
demand response, curtailment and grid support (Al-Rasheedi et al., 2021). Thus, V2G
should not be the sole storage solution, but considered as a flexible resource in a larger

energy-system design.

2.7 Aggregators, Virtual Power Plant and Energy Markets

V2G is significant due to the small size of EV batteries and their uncertainty. An
aggregator can coordinate the operation of many EV, thus turning them into a flexible
resource for energy markets, reserve markets or local flexibility markets (Sovacool et al.,

2020). When it comes to the coordination of distributed EV batteries, renewables and
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storage, virtual power plant (VPP) concepts enable this coordination of a controllable
portfolio (Sun & Jiao, 2014). This is a necessary aggregation method because generally,
the market will need some capacity, predictability and control which an EV could not

offer on its own.

There are several potential value streams for EV batteries, because of market
participation. V2G can have energy arbitrage revenues, ancillary services, demand
response, flexibility services and shifting of renewable energy (Wan et al., 2024). Based
on aggregator profit studies, the revenue from V2G is seen to be dependent on arrival
time, departure time, SOC of EV, desired SOC, service window and variation in market
price (De Caro et al., 2025). The above indicate that the economic value of V2G can be

influenced by any combination of battery availability and a variable price of electricity.

Nordic V2G studies can be especially mentioned in the context of Finland. Nordic
frequency containment reserve market research into EV aggregation reveals that EV
flexibility can lower electricity costs and generate value for EV owners if the reserve-
market profit is passed back to them (Lunde et al., 2025). Nordic modelling studies in
Norway and Denmark also indicate that large-scale V2G can helps to reduce renewable
curtailment and system operating cost, particularly when engaged in high renewable
penetration systems (Nagel et al., 2024). Based on these findings, Nordic electricity-
market structures could offer possibilities for EV flexibility, provided proper aggregation,

availability and market-rules are in place.

However, market-based V2G value is not guaranteed. The profitability of V2G is based
on the spread of price between charging and discharging periods, charging efficiency,
user compensation, battery degradation cost, the cost of the charger, market
accessibility and type of aggregator control strategy (De Caro et al., 2025; Zheng et al.,
2023). A low-price difference, or the lack of availability of cars in profitable times or a

high degradation compensation could result in a weaker economic promoting case for
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V2G. Hence, assessing the market participation of V2G Lightnings will need to consider

not only technical aspects, but also economic aspects.

The aggregator and the market literature indicates that on a vehicle level operation must
be coordinated for V2G. By aggregating EV Storage, value can be created by connecting
it to electricity prices, renewables, reserve markets or local flexibility needs. Meanwhile,
aggregator bidding, imbalances, user compensation, market settlement and regulation
all play a major role in influencing the practicality in a detailed way. Therefore, these
factors are crucial when analysing simplified V2G dispatch models based on price, as

they indicate an economic potential but do not reflect actual market operation.

2.8 User Acceptance and Behavioural Barriers

User acceptance is a very important requirement for the implementation of V2G
capabilities as EV owners must agree to keep the vehicle connected to the grid, accept
some external control and accept bidirectional battery cycling. Financial incentives are
found to have a positive impact on participation in V2G, with the potential of battery
degradation, loss of flexibility, privacy concerns and range anxiety during the usage as
reported factors that can be detrimental to participation in V2G (Bakhuis et al., 2025). In
addition to these, the Technology-acceptance reviews highlight that trust, contract
design, charging infrastructure, expected revenue and user control are crucial factors
that will influence V2G adoption (F. Liu et al., 2025). The results indicate that ensuring

V2G participation in practice goes beyond technical feasibility.

Mobility behaviour has a high influence on EV availability. The duration of parking, the
location of chargers, arrival and departure times, the kind of trips and SOC (Chance of
arrival) at the time of departure are found to have an impact on the V2G potential in
data-driven studies (C. Liu et al., 2025). Research on driver heterogeneous provides
evidence that compensation, connection duration, guaranteed SOC, flexibility

requirements are different for different drivers (Yun et al., 2025). This indicates that
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there may not be as much EV flexibility available to the power system as the total

number of batteries that all EV in an area hold.

User behaviour also affects the economic value of V2G. The theoretical capacity to store
electricity to discharge would not be available if EV are not connected during high price
or high demand times. The more guaranteed SOC users require, the less energy that can
be supplied to the grid. V2G may not be so profitable if the battery degradation
compensation is too high. The State of Charge (SOC) eligibility and willingness to
discharge for fast charging V2G depend on the V2G available discharge power based on
optimization studies of user willingness (G. Li et al., 2025). Hence, V2G analysis should
consider both technical constraints of batteries and behavioural constraints of

participation.

This user-acceptance literature suggests a guarded assessment of the potential of V2G.
There is no direct correlation between EV penetrations and flexibility on the grid as
flexibility relies on plug-in behaviour, connection duration, user willingness, battery
condition and access to chargers. Assumptions regarding EV capacity should thus not
assume a 100 per cent availability of the EV population. In techno-economic studies, this
is particularly relevant as the actual deployment of EV is assumed to be higher than it is,
leading to an overestimation of the potential relevance of V2G for integration of

renewables, storage change and cost reduction.

2.9 Charging-Infrastructure and Planning Requirements

Charging infrastructure determines where and when V2G can be used. Smart planning
of transport networks and distribution networks indicates that the location of charging
stations will have an impact on travel distances, waiting times, grid losses, voltage
deviations and grid reinforcement requirements (Unterluggauer et al., 2022). Further
studies on charging-station planning demonstrate that the uncertainty in charging

demand and renewable generation will impact annual costs, voltage stability and the
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utilization of renewables locally (C. Li et al., 2022). This research indicates that charging

infrastructure is not a transport issue but also a distribution-network-planning issue.

Bi-Directional charging structure is more complicated than the normal charging structure.
It must necessarily have bidirectional power-electronic capability, communication and
metering, control, protection and compliance to the grid-interconnection rules (Acharige
et al., 2022). V2G barrier studies highlight charger costs, limited number of V2G-capable
vehicles, lack of certainty in revenue recognition, market entry barriers and a scarcity of
large-scale demonstration projects (Goncearuc et al., 2024). These factors are important
as the economic worth of EV flexibility may be diminished if investment costs of the

charger are expensive or bidirectional chargers are not accessible.

The nature of charging stations has also a significant impact on the feasibility of V2G.
Fast charging stations might not work well for V2G due to the short charging time
favoured by users and potential reluctance to leave their cars plugged in for grid services
(Zheng et al., 2023). Typically, home, workplace and fleet as well as long stay parking
sites are better suited as vehicles are less frequently disconnected at these sites for
longer periods (Gschwendtner et al., 2021). V2G potential might also be offered by

public parking areas, where a long dwell time could enable potential savings.

Cost assessment is also impacted by charging-infrastructure planning. The economic
potential of V2G might be compromised if the bidirectional chargers are costly. If the
chargers are used by several users and/or for several services, the cost can be distributed
more optimally. Such techno-economic estimates should thus consider the expense of
chargers, which per the literature is not driven by the use case of V2G but still cost
estimates should be included in the techno-economic assessments. At the same time,
charger cost should be interpreted together with utilization rate, service value and

expected lifetime.
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2.10 Cybersecurity, Communication and Standards

V2G necessitates secure communication involving the EV, chargers, aggregators, grid
operators and market platforms. Reviews of the cybersecurity show that spoofing,
denial-of-service attacks, false data injection, weak authentication and insecure
communication protocols are the main risks in V2G systems (Razzaque et al., 2025).
These risks may impact technical operation, as well as financial settlement. When price
signals or a meter data is manipulated, V2G trading and grid-service delivery might lose

credibility (Chen et al., 2024). Thus, V2G feasibility includes cybersecurity.

The interoperability also requires the presence of communication standards. According
to the reviews of EV charging technology, ISO 15118, IEC 61851, IEC 62196, IEEE 1547
and other standards are important in terms of charging and grid interaction (Acharige et
al., 2022). Incomplete standards and charger-control protocols are also found as barriers
to extensive deployment by V2G barrier studies (Goncearuc et al., 2024). Devoid of
standardisation, V2G systems can only be restricted to charger models, vehicle classes

or pilot projects. Standards are hence required to take V2G out of demonstrations.

The idea of cybersecurity and privacy also affects user acceptance. The user studies
indicate that privacy and data security dispose decrease the willingness to engage in V2G
(Bakhuis et al., 2025). Trust and privacy constitute other crucial factors of adoption
through technology-acceptance reviews (C. Liu et al., 2025). This puts secure
communication not as a technical solution but as a social and business one. When the
interacting of energy transactions, battery control and personal data is carried out

transparently, the user is more likely to participate.

2.11 Finland and Sundom Smart Grid

Finland smart-grid environment is applicable to the thesis since the follow-up project is
a Vaasan renewable and EV system. The studies on Sundom Smart Grid describe a real

MV smart-grid environment in Vaasa that has wind generation, distributed resources,
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measurement infrastructure and microgrid management functional units (Sirvio et al.,
2020a). Such studies indicate the active distribution networks should have functions like
voltage control, reactive power management, demand response, protection and market
interaction (Sirvio et al., 2020a). This helps to justify the importance of research on V2G

as a future flexibility resource within the same type of distribution-network environment.

Reactive power control factor is significant in the Finnish context of distribution-grids.
Research on DSO TSO reactive power control in the Sundom Smart Grid demonstrates
that reactive power control based on converters can be managed to stay within the limits
of reactive power windows (Sirvio et al., 2019). Studies on active network management
demonstrate that, depending on their location in relation to an HV/MV interface, DERs
can have different reactive-power roles (Laaksonen et al., 2019). The concept of FlexZone,
as well, demonstrates that EV, storage, distributed generation and controllable loads can
contribute to local DSO services and system-wide TSO services (Laaksonen & Hovila,
2016). These observations reinforce the notion that the EV chargers of the future could

be involved in the active distribution-network flexibility.

The network evolution studies, which are of low voltage, also demonstrate the position
of EV in the future smart grids. The classic distribution networks have been passive and
primarily deliver unidirectional power to consumers (Sirvio et al., 2019). Further phases
of the microgrids and intelligent-networks are future outlooks incorporating the EV,
smart meter, demand response, local generation, storage as well as the aggregator-
based market participation (Sirvi6 et al., 2020b). This is directly related to V2G since EV
batteries can be turned into an active resource with the assistance of bidirectional
charging and control. Thus, the literature on Vaasa/Sundom offer a powerful local

context to the thesis model.

2.12 Research Gap from Literature

The literature indicates that V2G is technologically feasible but implementation is

challenging. Converter studies indicate bi-directional power transfer, DC-linking and
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currents monitoring (Adhikary et al., 2023). Studies on distribution-networks have
demonstrated that V2G can enhance the following aspects: voltage, hosting capacity and
management of peak loads (Hassan et al., 2024). Economic research indicates that V2G
can bring revenue opportunities by exploiting arbitrage, reserve services and flexibility
market opportunities (Wan et al., 2024). Nevertheless, studies of these areas typically
focus on each of them separately rather than in one combined technical and techno-

economic problem.

The first gap is the relationship between the short-term technical functioning on the one
hand and the annual techno-economic operation on the other hand. Voltage, current,
SOC and converter behaviour can be observed in seconds or even minutes in terms of
stable behaviour. A techno-economic model on cost, LCOE, curtailment, unmet demand
and value of storage in a year can be illustrated by annual models. Nonetheless, in many
studies there is no clear connection between these two levels. That gap is taken care of
in this thesis using a technical simulation of EV charging/discharging behaviour and an

annual techno-economic model (wind, PV, stationary battery and EV battery scenarios).

The other gap is the local distribution-network context. The use of standard test systems,
national energy-system models, or generic cases of microgrids are often used as general
V2G literature. The studies by Vaasa and Sundom offer local smart-grid expertise but
they do not directly assess the EV-to-grid simulation and techno-economic condition
that has been developed as a part of this thesis (Sirvio et al., 2020b). Thus, this thesis is
significant as it connects the operation of V2G with a renewable-built-in context of the
distribution-network, in the context of Vaasa. This renders the work helpful in the

awareness of technical behaviour, as well as of system-level feasibility.

Generally, literature encourages the need to use a combined V2G evaluation. V2G
presupposes stable operation of bidirectional chargers, SOC protection, grid-side,
power-quality control, renewable-conscious, dispatch, user intervention, coordination

among the aggregators and viable market structures. There is no one single factor that
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can be used to determine feasibility. Thus, this thesis appraises the results of both
technical simulation and techno-economic system to offer a more comprehensive

perspective of V2G in renewable rich distribution systems.
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3 Methodology

3.1 Techno-Economic Modelling Framework Using HOPP

The techno-economic analysis was performed using Hybrid Optimization and
Performance Platform (HOPP) in Python workflow. HOPP is an open-source modelling
and optimization tool, created by the National Renewable Energy Laboratory (NREL), for
analysing hybrid energy systems. It is designed to assess hybrid power plants consisting
of different technologies, including wind generation, PV generation, battery storage, grid
connection, site-resource data and economic inputs. In this thesis, HOPP was used to
model and compare wind—PV—storage configurations for the selected Vaasa/Sundom
case area. Electric vehicle (EV) battery participation, stationary battery storage,
electricity prices, renewable-resource inputs and local electricity demand were inputs
into the model, along with assumptions related to technology costs. Main outputs were
renewable generation, energy locally served, demand served by the grid, curtailment,
storage operation, annualised cost and levelized cost of energy (LCOE). HOPP is an
appropriate model for this analysis as it enables the assessment of hybrid wind and solar

and storage system configurations in the same modelling environment (NREL, 2024).

Techno-Economic Analysis Flowchart
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Figure 2. Techno-Economy analysis flow chart for decision making and scenario evaluation.
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HOPP was chosen as it used an integrated modelling tool instead of standalone
calculations for wind and PV generation, storage dispatch and economic performance.
The goal of the techno-economic analysis was to investigate impact of specific
contributions of renewable power generation, stationary battery storage and EV battery
storage on both local renewable energy consumption, the external grid dependency and
curtailment as well as the overall system cost. This was needed as the importance of EV
flexibility is not only related to how many renewables are installed but also related to
when the electricity is being used, the load demand, the availability of storage and the
variation of electricity prices. The model was set up to be an annual hourly simulation of
8760-time steps. The model calculated renewable generation, local demand, battery
charging and discharging, curtailment, grid demand fed, local demand served and
economic factors at every hour. The hourly approach was followed since, in high-
renewable electricity systems, annual average cannot fully capture the mismatch in

timings for renewable generation and electricity demand (Solomon et al., 2019).

Three EV participation cases were used in the modelling process: NoEV, BEV50 and
BEV80. Selected TargetUnmet cases were performed with various combinations of wind
capacity, PV capacity, stationary battery energy capacity and stationary battery power
capacity, for each EV case. A configuration was identified as feasible if the percentage of
total annual demand met by the grid was less than or equal to the chosen TargetUnmet
value. A model with the minimum LCOE was selected among the other configurations
that were feasible. The procedure enabled the study to determine whether EV battery
participation improved renewable utilization, reduced dependence on the grid, altered
stationary battery requirements, or had an impact on economic performance relative to

the NoEV reference case.

3.2 Study System, Data Sources and Input Preparation

The case study was taken from the Sundom Smart Grid area in Vaasa, Finland. Three
substations, JO6 Sulva, JO7 Sundom and JO9 Vaskiluoto, were used for the representation

of the local electricity demand. Figure 2 illustrates the schematic structure of the
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Sundom Smart Grid and the electrical background for the chosen demand model for the
substation. The figure also justifies the choice of the Vaasa/Sundom area as the study
system, as it represents the local distribution-network environment, where the
renewable generation, demand and flexibility resources can be considered and analysed

(Sirvio et al., 2020).
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Figure 3. Schematic presentation of the Sundom smart grid and chosen substation area (Sirvio
et al., 2020).

The reason for choosing the Sundom/Vaasa system is that substation load data was
available resulting from past time series and the area is interesting for studying the
integration of renewable-energy sources and distribution-level flexibility. Not all of the
physical elements of the Sundom Smart Grid were represented in the techno-economic
model. Rather, it relied on available substation level demand data and local renewable-
resource inputs to assess annual techno-economic performance of wind generation,
solar photovoltaic (PV) generation, stationary battery storage and electric vehicle (EV)

battery participation.
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The techno-economic model was prepared with the main input data mentioned in the
Table 1. Past electricity consumption was acquired from the Sundom Smart Grid data for
the year of 2018 and scaled to 2025 study year. Electricity spot-price data was provided
by Fingrid and the data covered the hours. Data on wind speed and solar resources was
collected from Finnish Meteorological Institute (FMI), while PV capacity factor data was
collected. The major sources for technology cost assumptions were those from the
International Renewable Energy Agency (IRENA) and the hybrid system analysis was

carried out by using the Hybrid Optimization and Performance Platform (HOPP).

Table 1. Main data sources used in the techno-economic model.

Data type Source Use in the model
Historical hourly load profiles for
JO6 Sulva, JO7 Sundom and J09
Vaskiluoto (Sirvio et al., 2020).
2025 substation peak- Rescaling 2018 load profiles to the
demand assumptions 2025 study year

Hourly price input for dispatch and
economic evaluation

Finnish Meteorological = Wind-speed input for wind

Sundom Smart Grid

Local electrici
ocal electricity demand 2018 data

Forecasted peak demand

Electricity spot price Fingrid

Wind resource

Institute generation estimation
Finnish Meteorological
Solar resource Institute and PV PV generation estimation

capacity-factor data

Capital expenditure, operational
Technology cost assumptions = [RINA expenditure and lifetime
assumptions
Wind-PV-storage techno-economic

Hybrid system modelling NREL HOPP modelling

Each input data was set up in the time series for hour basis before simulation. The
substation load was scaled to the forecasted peaks for 2025. Each wind speed data set
was converted to wind capacity factors and each PV data set into hourly PV capacity
factors. Electricity price data were sorted into an annual hourly price series and then
utilized in dispatch analysis using an electricity price. This preparation allowed to
evaluate the demand, renewable generation, storage operation and variation of

electricity price data at the same hourly level of detail.


https://data.fingrid.fi/en
https://en.ilmatieteenlaitos.fi/open-data-sets-available
https://en.ilmatieteenlaitos.fi/open-data-sets-available
https://en.ilmatieteenlaitos.fi/open-data-sets-available
https://en.ilmatieteenlaitos.fi/open-data-sets-available
https://en.ilmatieteenlaitos.fi/open-data-sets-available
https://www.irena.org/Publications/2025/Jun/Renewable-Power-Generation-Costs-in-2024
https://hopp.readthedocs.io/en/latest/intro.html
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3.3 Scenario Design and Main Assumptions

Three cases of EV participation were used: NoEV, BEV50 and BEV80. For the NoEV case
the system was analyzed for the reference case without EV battery participation. BEV50
and BEV80 represented two levels of available EV battery capacity and bidirectional
charging/discharging power. These cases were added on to consider if EV-Flexibility
would impact external grid dependence, renewable-energy utilization, levelized cost of

energy (LCOE) or stationary battery capacity.

The scenario framework can be separated into two dimensions: EV participation level
and TargetUnmet level. The EV participation cases determine if EV battery storage is
excluded or included at BEV50 and BEV8O0 levels, and the TargetUnmet cases determine
the maximum percentage of annual demand that can be met by the outside electrical
grid. Four cases of TargetUnmet were used here: Target80Unmet, Target60Unmet,
Target40Unmet, and Target20Unmet. The difference in local-supply requirement
impacts the wind and PV sizes, the stationary battery size, the amount of curtailment
and the system cost among these cases to be compared. The scenario logic and the

combined scenario names are provided in Tables 1 and 2.

Table 2. Scenario dimensions and assumptions used in the techno-economic model.

Scenario Scenario Meaning Main assumption
dimension option
£ . .
. .V . NoEV No EV battery support Only wind, I.DV and stationary
participation batteries are used
E i 9 E
B BEV50 Medium EV participation 01 third of 50% of EV users
participation participate
E i 9 E
B BEVS0 High EV participation N third of 80% of EV users
participation participate
r o 500 .
Grid-supply Target80Unmet Up to 80% of demanq At least about 20% supplied
target may be supplied by grid locally
oy o . o .
Grid-supply Target60Unmet Up to 60% s.upplled by At least about 40% supplied
target grid locally
oy o . o .
Grid-supply Target40Unmet Up to 40% s.upplled by At least about 60% supplied
target grid locally
Grid-supply Up to 20% supplied by At least about 80% supplied

T 2
target arget20Unmet grid locally
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Table 3. Combined TargetUnmet and EV participation scenarios used in the techno-economic

model.

EV case TargetUnmet level Combined scenario name
NoEV 80% Target80Unmet_NoEV
NoEV 60% Target60Unmet_NoEV
NoEV 40% Target40Unmet_NoEV
NoEV 20% Target20Unmet_NoEV
BEV50 80% Target80Unmet_BEV50
BEV50 60% Target60Unmet_BEV50
BEV50 40% Target40Unmet_BEV50
BEV50 20% Target20Unmet_BEV50
BEV80 80% Target80Unmet_BEV80
BEV80 60% Target60Unmet_BEV80
BEV80 40% Target40Unmet_BEV80
BEV80 20% Target20Unmet_BEV80

The TargetUnmet level and the EV participation case are the two dimensions used in the
scenario design. The TargetUnmet value represents the annual load demand that is
served by the external grid with remaining share being served by local resources. For
instance, "Target80Unmet_NoEV" indicates an 80/20 split between the contribution of
local renewables (e.g. wind generation and PV generation) and stationary battery
storage (no EV batteries) and the contribution of the grid. In contrast,
Target60Unmet_BEV50 means that 60% of the annual load demand is supplied by the
grid, while 40% is supplied by local resources, including wind generation, PV generation,

stationary battery storage and EV battery participation.

BEV 50 and BEV80 represent 50% and 80% of the passenger cars in the Sundom area,
respectively, being battery electric vehicles (BEV). The population of Sundom is
approximately 2,500 and based on the Finnish average of 492 passenger cars per 1,000
inhabitants, the total number of passenger cars in Sundom is estimated to be about
1,230. Therefore, the BEV50 scenario includes 615 BEV and the BEV80 scenario includes

984 BEV. Assuming that 1/3 of BEV are available for battery storage at any given time,
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the available BEV are estimated as 205 cars for BEV50 and 328 cars for BEV80. The total
available battery storage capacity is the number of available BEV's times the assumed

average battery capacity of one BEV.

Table 4. EV participation assumptions used in the techno-economic model (Electric
Vehicles Database, 2026).

EV case Available EV  Total EV battery capacity = Usable EV capacity EV power

NoEV 0 0 MWh 0 MWh 0 MW
BEV50 205 11.275 MWh 3.946 MWh 3.383 MW
BEV80 328 18.040 MWh 6.314 MWh 5.412 MW

The EV assumptions used in the model are presented below in the table 4. In this study,
BEV50 represents a scenario in which 50% of the passenger cars are BEV, while BEV80
represents a scenario in which 80% of the passenger cars are BEV. The storage capacity
of the EV batteries was calculated by assuming a total number of BEV, an average BEV
battery capacity of 55 kWh, and a charging/discharging capacity of 16.5 kW/battery. The
EV storage was operating within a 50% to 85% SOC range so it was determined that only
35% of the EV battery was usable. So, the EV usable capacity was estimated as 3.946
MWh for BEV50 and 6.314 MWh for BEV80 with EV power capacities of 3.383 MW and
5.412 MW, respectively. The BEV80 case delivers 60% more available EV, total EV battery
capacity, usable EV capacity, and available EV power when compared to BEV50. These
scenarios represent the EV flexibility level for charging during renewable energy surplus
and electricity price low periods, and discharging during renewable energy deficit and

electricity price high periods.

All batteries for EV batteries were operated in the range of 50% to 85% and stationary
batteries were operated in the range of 20% to 90% state of charge (SOC). This SOC range
was implemented to limit full depth cycling of the batteries and to maintain a well
defined battery storage SOC range. The SOC constraint plays a key role in vehicle-to-grid
(V2G) modelling as battery availability, user mobility needs and battery degradation
concerns limit EV flexibility (Sagaria et al., 2025; Zheng et al., 2023).
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The main economic assumptions used in the model are summarized in Table 5. The
discount rate was kept as 7% in all scenarios. Wind and PV capital costs were normalized
using the exchange-rate normalisation in the model (USD to EUR). The same cost
parameters, including uniform economic assumptions, were adopted for all the three
cases NoEV, BEV50 and BEV80 to compare the effect of EV participation in the

economical same conditions.

Table 5. Main economic assumptions used in the techno-economic model (IRINA, 2024).

Parameter Value used in the model
Wind CAPEX 1640 USD/kW x 0.92
PV CAPEX 767 USD/KW x 0.92
Stationary battery CAPEX 192 €/kWh
Fast-charger CAPEX 500 € per 22 kW charger port
Wind OPEX 40 €/kW-year
PV OPEX 15 €/kW-year
Battery OPEX 8 €/kWh-year
Fast-charger OPEX rate 3%
Discount rate 7%
Wind lifetime 25 years
PV lifetime 25 years
Stationary battery lifetime 20 years
Fast-charger lifetime 15 years

3.4 Renewable Generation and Load Modelling

The annual load profile was created from the three representative substation load
profiles. Each of the available load profile was scaled to match with the forecast peak
load of the respective substation for 2025 which is the year of the Techno-economic
analysis. This approach retained the hourly demand shape of the measured demand and

it updated the load magnitude for the chosen study year.
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2018
onzs(t) _ PL.i (®) x p2025
L ~ p2018 L,i,peak
L,i,peak

Where,

P.,2925(t) = scaled 2025 load of substation i at time t.

P.,?°18(t) = original 2018 load of substation i at time t.

018 _

P, peakz measured 2018 peak load of substation i.

025 _

P,y peakz forecasted 2025 peak load of substation i.

The total aggregated load was then calculated as:

N
PL(D) = ) PP (@)
i=1

Where,

P, (t) = aggregated load at time t.

N = number of substations included in the analysis.

Wind and PV generation were calculated from installed capacity and hourly capacity
factors. Wind and solar input data was provided by the Finnish Meteorological Institute
and has been used to reflect the local renewable resources. Wind generation was

calculated as:

Pyr(t) = Cyr X CFyr(t)
Where,

Py (t) = wind generation at time t.
Cwr = installed wind capacity.

CFyr(t) = wind capacity factor at time t.

Specific yield was also determined from the model and compared to reference specific
yields to validate that the specific yield value simulated was reasonable for the annual

specific yield.
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Solar PV generation was calculated as:

Ppy (t) = Cpy X CFpy(t)
Where,
Ppy (t) = PV generation at time t
Cpy = installed PV capacity

CFpy(t) = PV capacity factor at time't

Total renewable generation was calculated as:

Prps(t) = Pyr(t) + Ppy (¢)
Where,
Pres(t) = total renewable generation at time t.
Pyr(t) = wind generation at time t.

Ppy(t) = PV generation at time t.

An hourly renewable generation profile was compared to the hourly load profile and
periods of surplus and deficit were compared. This was a critical move as the PV and
wind power generation timing impacts storage operation, curtailment and utilization of
renewables. The wind-solar complementarity has also been observed to have an impact
on storage needs and balancing requirements for renewable-energy systems (Solomon

et al.,, 2020).

3.5 Storage Dispatch, SOC Control and Optimization Procedure

The storage dispatch was simulated on an hourly basis. Total renewable generation was
compared to local electricity demand at every time step. The hourly renewable surplus

or deficit was calculated as:

Ppec(t) = Pres(t) — PL(6)
Where,
Poetry = hourly renewable surplus or deficit.

Prps(t) = total renewable generation at time t.
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P, (t) = aggregated load at time t.

A positive value indicates surplus renewable generation, while a negative value indicates

that renewable generation is not sufficient to meet local demand.

EV storage was prioritised as the first flexibility resource in the EV participation scenarios.
Model on charging the EV battery during the surplus periods first, then added more
according to the EV power, usable capacity, SOC limit and efficiency. Additional energy
was absorbed by the stationary battery when there was surplus renewable generation
as part of the tested configuration that stationary battery capacity was considered.

Curtailment was any surplus after storage charged was recorded.

When the EV is being used in the deficit mode, the EV battery supplied first based on the
available EV energy, EV power, SOC and efficiency parameters. If the EV battery could
not fully cover the deficit and stationary battery capacity was available, the stationary
battery supplied the remaining deficit. If there was still a demand deficit upon departing
some of the electricity stored in EV and stationary batteries, it was grid demand. This
dispatch order is in line with the model implementation: EV flexibility was assumed as
the priority in the EV scenarios and stationary storage was assumed as an additional
storage alternative if EV flexibility was still insufficient. The SOC constraint for both EV
and stationary battery storage was implemented as:

SOCpin < SOC(t) < SOC,uy
Where,
SOCpmin = 50%, (For EV)
SOCax = 85%
SOCpin = 20%, (For Stationary Battery
S0Chax = 90%
Therefore, in the techno-economic model, EV storage was operated within an SOC range
of 50% to 85%, while stationary battery storage was operated within an SOC range of 20%
to 90%.
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The optimization objective was to identify the feasible configuration with the lowest
LCOE for each EV case and TargetUnmet level. The objective can be expressed as:
min LCOE

subject to:

Sgrid < Starget

where Sg.;4 is the annual share of demand supplied by the external grid after local wind,
PV, EV storage and stationary battery contributions are applied and Si4ge: is the
selected TargetUnmet level.

E .
Syria = __grid
Edemand
where S, is the annual share of demand supplied by the external grid after local wind,
Eg4riq is the annual electricity demand supplied by the external grid and Egepmang is the

annual electricity demand.

A grid-search procedure was performed to test fixed combinations of wind, PV,
stationary battery energy and stationary battery power. All combinations were simulated
for a 0-8760 hour year. A configuration was determined to be feasible only if the share
of demand supplied by the grid was equal or less to the selected TargetUnmet value. The
selected model was the model whose configuration had the lowest LCOE among all
feasible configurations. The model chose a fallback case for lack of adequate
configuration to meet the targeted case, minimising the grid supplied demand first and

the LCOE second.

3.6 Economic Evaluation and LCOE Calculation

Economic analysis compares the various system configurations using LCOE. Wind, PV,
stationary battery and EV charging-infrastructure costs are all included in the annual cost.

The annualization of capital costs is done in the capital recovery factor since every one
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of the technologies has a dissimilar lifetime. The result is then to add annual operation
and maintenance costs to get the annualized cost of the system.

The capital recovery factor:

1+rnr-1
Where:
CRF = capital recovery factor
r = discount rate

n =technology lifetime in years

Annualized cost of capital is calculated as:

Ceap,ann = CwrCRFyr + CpyCRFpy + CppssCRFppss + CrycnCRFgycn
Where:
Ceap,ann = annualized capital cost
Cwr = wind turbine capital cost
Cpy = solar PV capital cost
Cggss = Stationary battery capital cost
Cgyen = EV charging — infrastructure capital cost
CRFyr = capital recovery factor for wind turbines
CRFpy = capital recovery factor for solar PV
CRFggss = capital recovery factor for stationary battery storage

CRFgycn, = capital recovery factor for EV charging infrastructure

Annual operation and maintenance are calculated as:

Copex,ann = Copex,WT + Copex,PV + Copex,BESS + Copex,EVch
Where:
Copex, ann = annual operation and maintenance cost
Copexs WT = annual wind turbine operation and maintenance cost
Copex, PV = annual solar PV operation and maintenance cost

Copex, BESS = annual stationary battery operation and maintenance cost
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Copex: EVch = annual EV chargin infrastructure operation and maintenance cost

The total annualized system cost is then:

Cann,total = Ccap,ann + Copex,ann

Where:

Cann, total = total annualized system cost
Ceap)ann = annualized capital cost

Copex»ann = annual operation and maintenance cost

Lastly, the LCOE can be estimated as:

LCOE = Cann,total

Eserved

Where:

LCOE = levelized cost of energy
Coann, total = total annualized system cost

Eservea = annual served electricity demand

This expression is the same format as in the Python code, where the annualized capital
cost and annual operation and maintenance cost are added together, then divided by
the annual energy served. The denominator serves energy since the objective of the
system is to serve useful local demand. Curtailed renewable generation is left out since
it is not routed to the load. This sensitivity of LCOE to investment cost and system

operation.

In the cases of EV, the cost of EV charging-infrastructure is also a component of LCOE.
Thus, EV participation is considered not just as a technical resource of flexible use but an
economic investment. This is significant since BEV50 or BEV80 can decrease unmet
demand, or curtailment as compared to NoEV but the incremental cost of charging-

infrastructure can also influence the resultant LCOE. LCOE can then be used as an
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economic indicator to balance out the technical benefit and cost effect on V2G/G2V

participation.

3.7 Profit-Based Dispatch and Sensitivity Analysis

The price-based dispatch analysis is conducted once the main scenario is selected. This
step would assess the potential business worth of EV flexibility at hourly electricity spot
rates. The LCOE provides the average cost of beneficial supplied energy, whereas the
price-based dispatch demonstrates that EV batteries and renewable generation could

generate the value under the varying prices in the market.

The dispatch employs two thresholds depending on the chosen scenario LCOE:

cen = 0.90 X LCOE
Ceer1 = 1.10 X LCOE

Where:
c.n = charging price threshold

Csenn = selling price threshold

LCOE = levelized cost of energy of the selected scenario

When the spot price is lower than the charging level, charging of the EV occurs where
the energy is present. At the point where the spot price is higher than the selling
threshold, the renewable production and the available EV energy is sold to the grid. The
model considers local demand the most important thing between the two thresholds

and only sells when there is excess generation.

This discussion validates the business-model explanation of V2G. There must be
technical flexibility to support a viable V2G case, the value also requires price
differentials, the cost of charging, revenue derived on discharging, the cost of
infrastructure and the availability of EV. The price-based dispatch thus offers another

economic point of view on top of the LCOE comparison.
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3.8 Sensitivity Analysis

The sensitivity analysis will evaluate the impact of variations in important cost
assumptions on the LCOE. The parameters that were tested are the wind CAPEX, PV
CAPEX, stationary battery cost, EV charger cost and the level of EV participation. The
main cost parameters are determined by low, reference and high values, whereas NoEV,

BEV50 and BEV80 are contrasted with EV participation.

This discussion is needed as the results of techno-economics are subject to the future
cost assumptions. The costs of the batteries and chargers can reduce as days pass by and
the wind and PV costs can also fluctuate with market conditions and location of the
project. The studies of storage reveal that cost-effectiveness of storage varies depending

on renewable penetration, storage time and technology assumptions.

The sensitivity analysis assists in determining the most influential parameters in making
the final LCOE. It also explains whether EV participation is as attractive or not with
changes in charger or battery costs assumptions. Particularly when it comes to V2G,
since the technical value of EV flexibility might demand at least an economic value due

to energy arbitrage or grid support or evaded investment in stationary storage.

3.9 Methodological Summary

This methodology utilized a Python workflow using HOPP, local demand data,
renewable-resource inputs, assumptions for EV batteries, stationary battery options,
electricity price data and assumptions of technology costs. The aggregated Vaasa load
profile was prepared from the JO6 Sulva, J0O7 Sundom and J09 Vaskiluoto substations with
the model first. It was then used to calculate hourly wind and PV generation, dispatch
for EV-first storage, apply SOC constraints and calculate curtailment, grid-supplied

demand, locally served energy, LCOE.
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Four TargetUnmet levels were analysed for the scenario comparison, involving NoEV,
BEVS50 and BEVS80. In the EV scenarios EV battery storage was utilized first, followed by
stationary battery storage as an extra storage option if needed. Only those
configurations where a feasible was found for the selected TargetUnmet level were

considered. The lowest-LCOE case was chosen from amongst feasible configurations.

This approach enabled the thesis to analyse the impact of EV batteries on renewable
utilization, grid dependency, curtailment, stationary battery requirement, LCOE and

price-based dispatch value in the selected case for the distribution network in Vaasa.
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4 Results

4.1 Overview of Scenario Outputs

The techno-economic outcomes are calculated for three different electric vehicle (EV)
participation cases: NoEV, BEV50 and BEV80. There are four TargetUnmet levels for these
cases: Target80Unmet, Target60Unmet, Target4OUnmet and Target20Unmet. The
TargetUnmet name in the scenarios indicates the maximum percentage of annual
demand load that can be met by the external grid, with the remaining percentages met
by local resources like wind generation, photovoltaic (PV) generation and stationary
battery storage (EV battery storage applies, where applicable). For instance,
Target80Unmet_NoEV is a scenario where local resources supply at least some 20% of
local demand and the remaining 80% is supplied by the grid, without considering EV
storage. Target6OUnmet_BEV50, on the other hand, incorporates participation of EV

battery sources into local supply share.

The NoEV scenarios are important because they provide the zero-EV reference case for
the whole techno-economic comparison. They demonstrate the performance of the
wind—PV—stationary-battery configuration in absence of EV batteries as flexible storage.
This allows the potential added value of BEV50 and BEV80 to be determined for each EV,
separately from each NoEV case with the same TargetUnmet value. This is particularly
valuable comparison because results indicate that NoEV provides the lowest-cost
configuration in the most relaxed situation yet EV participation is increasingly favourable

when higher percentage of load needs to be locally supplied by the system.

The results are presented using the main output indicators from the HOPP-based techno-
economic model. These indicators consist of locally served energy, energy served by the
grid, renewable served share, wind and PV installed capacity, stationary battery demand,
dispatch revenue from price, EV battery contribution, LCOE sensitivity, energy curtailed.

This structure is consistent with the modelling logic applied in the methodology, with
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hourly references in each wind, PV, storage and EV configuration of these demand,

renewable generators, storage dispatch, TargetUnmet constraints and cost assumptions.

4.2 Annual Demand and Renewable Resource Characteristics

The annual electricity demand and the peak electricity demand of the chosen Sundom
distribution-network case were equal to 33,366.56 MWh and 9.53 MW, respectively. All
the load inputs for NoEV, BEV50 and BEV80 scenarios followed this demand profile. Fully
year hourly electricity price data, with an average spot price of 81.63 €/MWh and the
75th percentile of the spot price of 117.38 €/MWh, were also applied to the model.
These two price values are later to be used as reference levels in the LCOE comparison

and as a starting point to interpret the price-based dispatch results.

The wind and solar resource quality applied in the Sundom model is shown in Figure 5.
Its annual wind capacity factor data was around 0.227 with the PV capacity factor of
0.1071. Thus, it demonstrates that the production potential of the wind resource is
higher than PV in the input data selected. This may be explained by the higher wind
capacity factor and reflects the importance of wind capacity in many selected
configurations when high TargetUnmet cases require a higher local renewable

contribution.
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Figure 4. Quality of the wind resources and solar resources adopted in the Sundom techno-
economic model.
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Figure 5. Normalized Profiles of Renewable Generation and Reference Load.

However, the PV resource still affects the model due to its renewable daytime generation
profile and varying renewable mix when increasing PV sizes. For example,
Target20Unmet_BEV80 selected 25 MW of PV, compared with 15 MW in
Target20Unmet_NoEV and Target20Unmet_BEV50. This means PV can still be used in
certain arrangements, despite having a smaller annual capacity factor (ACF) compared

to wind.

4.3 LCOE Comparison Across Scenarios

The LCOE differences are shown between the TargetUnmet/EV participation scenarios in
Figure 6. There are also average spot price and 75 percentile spot price lines drawn as a
reference. The lowest LCOE was achieved in Target80Unmet_NoEV with an LCOE value
of just 89.32 €/MWh. This finding is significant as it means the zero-EV case is the most
cost effective when the local-supply requirement is the lowest. Target80Unmet_BEV50
was the best wind—PV-EV case: the LCOE was 89.53 €/MWh. These values fall close
together, suggesting that the cost increase for BEV50 participation is insignificant in the

case with the lowest Target for being undone.
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LCOE Comparison Across Scenarios with Spot Price Reference Lines

LCOE (e/MWh)

Figure 6. Comparison of LCOE with TargetUnmet and EV participation scenarios and electricity
price reference lines.

The LCOE increased as the TargetUnmet level became stricter. For the NoEV case, LCOE
at Target80Unmet was 89.32 €/MWh and at Target20Unmet was 337.11 €/MWh. In the
BEV50 case, LCOE increased from 89.53 €/MWh to 313.04 €/MWh. In the BEV80 case,
LCOE increased from 89.86 €/MWh to 302.83 €/MWh. This trend happens as lower
TargetUnmet values mean a higher proportion of the annual demand must be met
through local resources. This means that larger wind, PV and storage capacities are
needed for the selected configurations, which yields higher annualised costs of the

systems.

The comparison with the NoEV baseline shows where EV participation becomes useful.
NoEV was again the cheapest case at Target80Unmet. However, at Target40Unmet, LCOE
decreased from 178.84 €/MWh in NoEV to 161.06 €/MWh in BEV50 and 151.42 €/MWh
in BEV80. This equates to a reduction in LCOE of approximately 9.9% for BEV50 and 15.3%
for BEV80 compared to the zero-EV case. At Target20Unmet, LCOE decreased from
337.11 €/MWh in NoEV to 313.04 €/MWh in BEV50 and 302.83 €/MWh in BEV80. This
equates to one of the reductions being 7.1% and the other being 10.2%. These indicate
that EV storage isn't very economic when there's a small local-supply requirement, but

it becomes more helpful when there's a high flexibility requirement.

The spot-price reference lines provide an additional economic interpretation. The lowest
LCOE values are above the average spot price (81.63 €/MWh), but below the 75th

percentile price (117.38 €/MWh). This indicates that the lowest cost local renewables
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configuration is not competitive with the average market electricity rate, although may
be more relevant in periods of costly electricity. This is significant for the price-based
dispatch results because the amount of EV charging and discharging will rely on the

amount of low-price and high-price hours.

4.4 EV Role in Different Scenarios

Figure 7 shows the selected wind capacity, PV capacity, stationary battery capacity and
EV battery capacity across the scenario set. As it can be seen in the figure, the size of
system grows as the TargetUnmet value decreases. For the NoEV case, Target80Unmet
identified 3.6 MW of wind and 1 MW of PV without stationary battery storage.
Target20Unmet_NoEV opted for 40 MW of wind energy, 15 MW of PV and 50 MWh of
stationary battery storage. This Zero EV Progression demonstrates the necessary
capacity expansion in the presence of only wind, PV and stationary battery storage to

decrease dependence on the grid.

Systam Confi 1 G Across Scenarios

Figure 7. System configuration comparison across TargetUnmet and EV participation scenarios.

Table 5 indicates which system configurations were chosen for each of the TargetUnmet
and EV participation cases. The table provides the distribution of the selected wind, PV
and stationary battery capacities when EV participation is used. The effect of adding EV
battery flexibility to the same TargetUnmet levels is seen in cases BEV50 and BEV80,

respectively.
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Table 6. Effect of EV participation on selected wind, PV, stationary battery and EV battery
configurations under different TargetUnmet cases (HOPP).

EV
Wind PV Stationary
TargetUn EV battery
capacity | capacity battery Main observation
met case case capacity
(MW) (MW) (MWh)
(MWh)
Lowest-cost  zero-EV
Target80 configuration, no
NoEV 3.6 1 0 0
Unmet stationary battery
required
EV participation adds
Target80 flexibility without
BEV50 3.6 1 0 12.30
Unmet changing wind or PV
capacity
Higher EV participation
Target80
BEV80 3.6 3 0 19.68 is paired with higher PV
Unmet
capacity
Local supply increases
Target60
NoEV 7.2 3 0 0 without stationary
Unmet
battery storage
EV participation adds
Target60 flexibility without
BEV50 7.2 3 0 12.30
Unmet changing selected
wind/PV size
Higher EV participation
Target60 gives additional
BEV80 7.2 3 0 19.68
Unmet flexibility —with  the
same wind/PV capacity
Target40 Reference case without
NoEV 12 15 20 0
Unmet EV storage
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EV
Wind PV Stationary
TargetUn EV battery
capacity | capacity battery Main observation
met case case capacity
(Mw) (Mw) (MWh)
(MWh)
EV participation
Target40 reduces required PV
BEV50 12 10 20 12.30
Unmet capacity compared
with NoEV
Higher EV participation
Target40
BEV80 12 10 10 19.68 reduces the stationary
Unmet
battery requirement
Strict target requires
large renewable and
Target20
NoEV 40 15 50 0 stationary battery
Unmet
capacity without EV
support
EV participation
Target20 reduces required wind
BEV50 36 15 50 12.30
Unmet capacity compared
with NoEV
Higher EV participation
changes the renewable
Target20
BEV80 30 25 50 19.68 mix, but stationary
Unmet
battery  requirement
remains high

The table indicates low impact of EV participation for the least strict Target80Unmet and
Target60Unmet cases. In these cases, the choice of stationary battery becomes 0 MWh
for every EV participation level. This also implies that the local-supply requirement can
largely be fulfilled by wind and PV capacity alone without any explicit stationary storage.

However, without selecting stationary storage, BEV80 at Target80Unmet shows that 3
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MW PV is chosen along with 1 MW PV in NoEV and BEV50, indicating that higher EV

availability shifts the mix of renewables needed.

The effect of EV participation becomes clearer in the stricter Target40Unmet case. In the
absence of EV storage, the selected configuration is composed of 12 MW wind, 15 MW
PV and 20 MWh stationary battery storage. BEV50 involves a reduction of the PV
installed capacity from 15 MW to 10 MW and stationary battery storage capacity
remains at 20 MWh. By using BEV80, the stationary battery size can be reduced from 20
MWh to 10 MWHh, as wind power is still 12 MW and PV power is 10 MW. This means that

to the extent that there is EV storage capacity, stationary battery storage can be reduced.

The strictest Target20Unmet case shows that EV participation can reduce or reshape
renewable capacity, but it does not remove the need for large stationary battery storage.
For the NoEV case, 40 MW wind, 15 MW PV and 50 MWh stationary battery storage is
required. The BEV50 case's specifications are that wind is reduced to 36 MW, PV remains
at 15 MW and stationary battery storage is still 50 MWh. Wind so far gets virtually cut in
half in the BEV80 scenario (30 MW) and static batteries are still at 50 MWh, though PV
generation increases to 25 MW. Thus, EV batteries are providing flexibility, but cannot
fully substitute stationary battery storage when the local-supply condition is the most

stringent.

The configuration results demonstrate overall that the zero-EV scenarios are vital to the
understanding of the added value of EV participation. NoEV represents the baseline
system requirement while BEV50 and BEV80 demonstrate alternative reductions in PV
capacity, reductions in wind capacity, or reductions in stationary battery capacity for
different levels of TargetUnmet. The most noticeable is the storage-substitution effect
reflected in Target4dOUnmet_BEV80: The stationary battery capacity drops from 20 MWh
(NoEV) to 10 MWh (BEV80). This indicates that EV batteries can serve as a side-wind-PV-

storage flexibility resource, particularly under higher proportions of local supply.
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4.5 Curtailment, Grid-Supplied Demand and Renewable Overbuilding

This comparison of curtailment share and grid-supplied demand share between the
scenarios is shown in Figure 8. The figure makes it obvious that there will be a trade-off
between the grid supplied demand share and the curtailment. This is because the wind,
PV and storage requirements are greater at more restrictive TargetUnmet values. These
larger systems serve higher local demand, while generating higher levels of excess
energy during hours in which the local demand is satisfied and when storage is either

full or does not exist.

Curtailment and Unmet Demand Comparisen Across Scenarios
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Figure 8. Curtailment and comparison of the grid supplied demand for scenarios.

The NoEV cases represent the baseline case without EV flexibility. In the NoEV case, the
grid-supplied demand share decreased from 76.99% in Target80Unmet to 19.81% in
Target20Unmet. During this change curtailment went up from 5.19% to 71.16%. This
outcome demonstrates the high level of renewable overbuilding needed to achieve a
grid dependence reduction from approximately 77% to approximately 20% (excluding EV
batteries). While the additional renewable supply enhances local supply, a major portion

of the additional production cannot be consumed locally.

Curtailment was decreased in several similar cases involving EV participation. At
Target60Unmet, curtailment decreased from 20.36% in NoEV to 17.28% in BEV50 and
16.13% in BEV80. This corresponds to a curtailment reduction of about 15.1% for BEV50
and 20.8% for BEV80 compared with NoEV. At Target4OUnmet, curtailment decreased
from 46.46% in NoEV to 38.82% in BEV50 and 39.19% in BEV80. The numbers indicate



58

that part of the renewable oversupply can be stored in EV batteries and that the storage

can reduce unused renewable generation.

However, EV participation did not eliminate curtailment in the strictest cases. In all
scenarios the level of curtailment was high: 71.16% in NoEV, 68.52% in BEV50 and 67.44%
in BEV80 for curtailment. At this target, curtailment was reduced by BEV80 by only
approximately 5.2% as compared to NoEV. The finding indicates that the EV storage can
have a positive impact on increasing the utilization of renewables, but when the
renewable generator is strongly oversized the available storage power and size are not

sufficient to accommodate all surplus generation.

The demand values obtained from the grid show that in general the chosen
configurations provide the desired TargetUnmet values. Target80Unmet_NoEV was at
76.99% with Target60Unmet_NoEV in second at 59.11%, Target40Unmet_NoEV in third
at 39.50% and Target20Unmet_NoEV in fourth at 19.81%. These trends are seen for
BEV50 and BEV80. This indicates that the grid-search method found viable configuration

not far from the desired grid-supply constraints.

4.6 Annual Renewable Production and Local Demand Served

LCOE is compared to annual wind and PV production for all the scenarios in the scenario
set in Figure 9. The figure helps explain why LCOE increases when the TargetUnmet level
becomes stricter. Switching from Target80Unmet to Target20Unmet leads to higher
annual renewables productions as the wind and PV capacities are now much larger. But
not all extra generation is delivered to local demand because curtailment does go up as

well.
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LCOE by Scenario / Annual Wind vs PV Production
Highlighted: Best Economic Scenario and Best Wind + PV + EV Battery Scenario

LCOE by Scenario Annual Wind vs PV Production

Figure 9. LCOE and annual Wind/PV production between the different scenarios.

The NoEV cases include no EV storage and thus serve as a reference to understand how
much demand can be met without EV storage. In Target80Unmet_NoEV, the local system
served 7,676.61 MWh, equal to 23.01% of the annual demand. The energy supplied for
Target 60 Unmet_NoEV increased to 13,643.15 MWh, representing 40.89% of energy
demanded. In Target40Unmet_NoEV, 20,186.63 MWh was supplied, which was 60.50%
of demand. Served energy in Target20Unmet_NoEV was 26757.30 MWh, which is 80.19%
of the demand. This shows that the NoEV system can meet stricter local-supply targets,

but only by increasing renewable and stationary battery capacity.

In several cases, participation resulted in an increase in locally served energy. In
Target80Unmet, BEV50 served 7,818.09 MWh, equal to 23.43% of demand, while BEV80
served 9,566.58 MWh, equal to 28.67%. In Target60Unmet, NoEV served 13,643.15
MWh, BEV50 served 14,118.52 MWh and BEV80 served 14,295.36 MWh. This means the
local served share increased from 40.89% in NoEV to 42.31% in BEV50 and 42.84% in
BEV80. These values indicate that EV penetration could enhance local renewables

utilization if the supply of renewables for storage is sufficient.

Due to the similar local-supply requirement, served energy was similar across all EV cases
of the selected configurations at Target20Unmet. Target20Unmet_NoEV served
26,757.30 MWh, Target20Unmet_BEV50 served 26,694.62 MWh and
Target20Unmet_BEV80 served 26,760.13 MWh. These values represent around 80% of

the yearly demand. This means that the most significant difference in the most stringent
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target does not lie in the served share but rather in the system configuration and LCOE

needed to achieve that share.

This outcome helps to better understand role of EV batteries in techno-economic model.
There is no net increase in renewable generation from EV batteries. Rather, they allocate
some of the available renewable generation from surplus hours to deficit hours. This
effect will be most significant if there is adequate renewable oversupply to charge the

EV batteries and sufficient periods of renewable undersupply for discharging to reduce

grid supply.

4.7 Price-Based Dispatch Results

The price-based dispatch analysis was conducted following the main dispatch scenario
selection based on LCOE. It was done to investigate the effect of hourly electricity price
variation on selected configurations. The dispatch rule parameters were a charging
threshold of 90% of the selected scenario LCOE and selling threshold of 110% of the
selected scenario LCOE. This analysis is not a comprehensive optimization of the market
bidding. It is a simple dispatch test to illustrate the periods where system dispatching of
energy charges EV batteries, meets local demand, sells generation and/or extracts

energy from EV over selected 30-day periods.

Figure 10 shows the first 30 days dispatch result by price for Target80Unmet_BEV50
which is the best combination for wind-PV-EV case. This case had an LCOE of 89.53
€/MWh, a charging threshold of 80.58 €/MWh and a selling threshold of 98.49 €/MWh.
In this period, the EV battery was charged when the spot price was below the charging
threshold and EV battery was discharged/selling was supported when the spot price was

above the selling threshold.
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First 30 Days Hourly Profit-Based Dispatch — Best Wind + PV + EV Battery Scenario — Generation & Dispatch
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Figure 10. The amount of Target80Unmet_BEV50 that has been dispatched in the first 30 days
by price.

In the first 30-day period the BEV50 case charged 114.38 MWh, stored 108.51 MWh and
discharged 101.78 MWh in the EV battery. For any EV discharge, the contribution for
selling revenue is €15,541.91. Total selling revenue was €82,738.06, while charging cost
was €5,984.33. The amount of profit overall was €76,753.73. The average electrical
revenue for selling was 161.86 €/MWh and the average charging price was 52.32 €/MWh.
The rule-based dispatch demonstrates this impression of a distinct difference in pricing

for the charging hours versus selling hours within these values.

The final 30-day dispatch window for the same Target80Unmet_BEV50 case is provided
in figure 11. During the period, EV battery generated 145.90MWH and discharged
131.31MWH while 138.41MWh were charged. EV discharge helped in selling revenue to
the extent of €18,598.78. Total selling revenue was €56,043.47, while charging cost was
€6,747.93, giving a net profit of €49,295.54. The average price of charging was 46.25
€/MWh while the average price of selling was 144.73 €/MWh.
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Figure 11. The amount of Target80Unmet_BEV50 that has been dispatched in the last 30 days

by price.

While there was more discharge energy in the final 30-day window, than in the first 30-
day window, the overall net profit was lower. Lower total selling revenue is the reason
for this difference as well as the varying price hours for the selected period. As a result,

the initial and final 30-day periods should be viewed as illustrative examples of dispatch

for the selected time only only.

The NoEV dispatch results are helpful as a reference point as they represent excluding
renewable export but still show EV battery arbitrage. There are two NoEV periods in
place and in the initial 30-day period, 409.38 MWh were sold to the grid and the revenue
generated was €67,196.21. In the last 30-day NoEV window, it sold 255.91 MWh and
earned €37,444.70. The BEV50 case is compared to NoEV, which does not include the EV

flexibility service as an extra price responsive flexibility service.
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4.8 Sensitivity Analysis

The sensitivity analysis of the LCOE is shown in Figure 12. Several cost assumptions were
investigated to see the impact on LCOE. The parameters tested included battery cost,
wind CAPEX, PV CAPEX, charger cost and EV participation. The basic rate was 7%
throughout the discount. An individual sensitivity test was carried out with each

parameter at a time varying and the others maintained at their reference values.

Sensitivity Analysis of LCOE

e eruen

Figure 12. Selected techno-economic assumptions include sensitivity analysis of LCOE.

Wind CAPEX showed the highest impact among all the cases considered:
Target80Unmet_BEV50. LCOE was able to be reduced from 89.53 €/ MWh to 71.65
€/MWh when wind CAPEX was lowered by 30%. As one may have expected, the higher
the wind CAPEX, the greater the LCOE; when wind CAPEX rose by 30%, LCOE rose to
107.42 €/MWh. This result is in line with the chosen configuration: in the least-cost
wind—PV—EV case, the most significant part of the annual renewable produced was due

to wind generation.

In the same case, PV CAPEX resulted in a smaller effect. A 30% reduction in PV CAPEX
reduced LCOE from 89.53 €/MWh to 87.21 €/MWh, while a 30% increase raised it to
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91.86 €/MWh. The input assumptions to the reference input also had a not so strong
impact on Charger cost. The cost of charging when reduced from the reference cost
reduced LCOE to 88.98 €/MWh whilst increased cost of charging increases the LCOE to
90.08 €/MWh. That does not imply that changing cost is not significant in actual practice,
simply that it had less of an impact than wind Capex within the cost assumptions made

in this model.

Cost sensitivity of battery was tested with Target40Unmet_BEVS80. In this case, reducing
stationary battery cost from 192 €/kWh to 134.4 €/kWh decreased LCOE from 153.40
€/MWh to 150.68 €/MWHh. Raising the battery cost to 249.6 €/kWh lead to a LCOE of
156.11 €/MWh. This impact is moderated by the approach used: the case study employs
both EV storage and stationary battery storage, permitting the total cost to be split

between multiple system components.

Participation sensitivity of the EV indicates that more EV implies LCOE does not
necessarily be lowered in every case. In Target80Unmet, BEV50 had an LCOE of about
89.53 €/MWh, while BEV80 had 89.86 €/MWh. But the previous LCOE comparison
indicates that BEV80 helps in more severe Targets (Target40Unmet and Target20Unmet).
This means that the value of what EV participation can bring to the economy depends

on the local-supply requirement and the actual renewables surplus produced for storage.

4.9 Overall Techno-Economic Interpretation

The techno-economic results show a consistent trade-off between grid dependence,
local renewable supply, curtailment, storage requirement and LCOE. The zero-EV
baseline makes this trade-off clear. The lowest LCOE was 89.32 €/MWh for
LCOE_Target80_NoEV, although the external grid was still needed for 76.99% of the
annual demand. Target20Unmet_NoEV, on the other hand, provided approximately 80%
of local demand, but necessitated 40 MW wind, 15 MW PV and 50 MWh / 10 MW
stationary battery storage, which added up to a LCOE of 337.11 €/MWh.
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The techno-economic results were enhanced with EV participation, especially for the
high local-supply requirements. The LCOE was only slightly affected by BEV50 and BEV80
for the least strict Target80Unmet case. However, in the Target40Unmet and
Target20Unmet cases, EV participation led to a reduction in LCOE and a modification of
the chosen split between storage and renewables. The most obvious example is to look
at Target40Unmet_BEV80, where stationary battery size reduced from 20 MWh / 10 MW
in NoEV case to 10 MWh / 5 MW in BEVS80 case. This indicates that under certain

conditions, EV storage will be able to partially replace stationary battery storage.

Curtailment grew significantly as the model chose higher additions of renewable energy
to lower dependency on the grid. When it came to percentage of curtailment, this was
most pronounced in the Target20Unmet cases — with curtailment rate of more than 67%
in all EV cases. Compared with NoEV the reduced curtailment with EV batteries did not
result in the removal of curtailment. This shows that EV flexibility is valuable for short-
term shifting of energy, but it's not enough when renewable energy is massively

oversized.

The price-based dispatch results demonstrate that batteries can contribute value on the
level of a sufficient price differential between charging and selling hours for EV. The
Target80Unmet_BEV50 dispatch windows resulted in an EV battery energy source being
charged during the lower priced period and discharged when the price was higher
generating extra EV discharge revenue. But these results must be understood as giving a
simplified view of dispatch test based on profit, instead of a full market participation
model. In practice, EV dispatch value would also depend on battery degradation, user
participation, charging infrastructure cost, aggregator operation, market rules and grid

constraints.

Overall, the Sundom techno-economic results show that EV battery participation can
increase renewable utilization, increase dispatch value in some situations, decrease grid

dependence under certain circumstances, mitigate curtailment and lower LCOE where
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strict local-supply requirements are enforced. But local renewable supply will not be high
if just EV are storing the energy. If the share of demand from the grid is significantly
reduced, still a tremendous amount of renewable capacity and stationary battery
storage are needed. So don't consider V2G as a stand-alone solution, rather as part of a

whole-wind-PV-storage solution.



67

5 Simulink Model of the Sundom Smart Grid Distribution

Branch Using Optimal HOPP Data

5.1 MATLAB Simulink Model
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Figure 13. The simulated model.

MATLAB/Simulink was used to create the technical simulation of a distribution branch of
the Sundom Smart Grid. The model includes a 21 kV, 50 Hz AC source, a 3.6 MW wind
turbine connected at the medium-voltage side, a 21 kV/400 V transformer, a low-voltage
distribution load, a 1 MW PV plant, an EV bidirectional charging/discharging station and
stationary battery storage. The PV capacity, wind turbine rating, EV battery capacity and
stationary storage size were selected from the best-scenario output of the techno-
economic model. Therefore, the technical simulation is linked with the techno-economic
analysis by applying the selected optimal configuration in a detailed Simulink

distribution-network model.

The system involves a 3.6MW wind turbine connected to the 21kV side and a
transformer that reduces voltage to 400V on the low voltage distribution branch. The
low voltage side consists of the local load, PV plant, local EV charging station and
stationary battery storage. The load is based on an annual demand of 7808 MWh/year,

which corresponds to an average daily demand of approximately 21.39 MWh/day. The 1
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MW PV plant is installed with DC-DC boost converter, DC-AC inverter and LCL filter. The

PV DC bus voltage is approximately 600 V before conversion to AC power.

EV station and stationary battery are connected at the end side of the low-voltage
distribution branch. The total DC storage capacity is around 12.3MWh. The bidirectional
converter allows for operation in charging, discharging and idle modes for the storage
system with a battery-side DC bus voltage of 800 V and a charging or discharging current
reference of maximum 80 A. In charging, the power goes from the AC side to the DC
power storage system. In the discharge, the power goes from the storage system towards

the AC side. Idle mode is when no charging or discharging current is called for.

The charging and discharging decision are controlled by electricity spot price and battery
state of charge. The capital cost of production is 89,53 €/MWh. The high price threshold
is 110% of this value, the low-price threshold is 90% of this value. When the spot price
is high and the SOC is at least 55%, the battery discharges with a current reference of
-80 A. The battery charges with a current reference of +80 A when the spot price is low
with an SOC below 85%. The discharge is not allowed when SOC is below 55%. Charging
is blocked if the SOC is above 85%. In any other case, the battery is idle.

The implemented control logic is expressed as follows:

0, if Pspor = Ppign and SOC < 55
0, if Pspot < Phigh and SOC = 85
B ={—80, if Pspor = Phign and SOC = 55
80, if Pspor < Pioy and SOC < 85
0, otherwise

Where,

Beurrent = battery current reference.
Pspor = electricity spot price.

Ppign = high — price threshold.

Py, = low — price threshold.

SOC = battery state of charge.
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A discrete solver was used for modelling the model with the purpose of capturing the
transient behaviour within a short time horizon in the converter-based distribution
system. The response of PV converter, battery interface, inverter current, DC bus voltage,
grid voltage and battery SOC under charging and discharging operation were tensile

stress points.

5.2 Charging Mode Output Results

Figure 14. Battery SOC during charging mode.
During charging mode, the battery SOC curve increases slightly from approximately 80%.
Although the change is small because of the short simulation time, the upward trend

confirms that the battery is receiving energy and operating in charging mode.

T
| |

Figure 15. DC voltage and DC current during charging mode.
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The second figure shows the DC-side response of the battery/converter system during

charging operation.

The DC-side voltage and current response also verifies the charging operation. The
transient oscillating characteristics are observed on the DC bus voltage and eventually
settle near 800 V. The DC current is increased to about +80 A, corresponding to the
charging current reference to be used in the control logics. The result on the DC side

indicates that the storage system is charged on command current.

Figure 16. Grid voltage and inverter current during charging mode.

The AC-side behaviour during charging is demonstrated in the grid voltage and inverter
current curves. The 3-phase grid voltage maintains its sinusoidal shape with a shift
between phases of around 120°. Initially the current in the inverter has transients and
then during the steadystate, it is relatively stable with a three-phase sinusoidal form.
This means that the inverter is also actively handling the current during the battery

charging cycle.



71

5.3 Discharging Mode Output Results

Figure 17. Battery SOC during discharging mode.

The battery SOC curve drops down a little bit from approximately 80% when the battery
is in discharging mode. This is a small decrease because the simulation time is small, but

the tendency is downward, indicating the release of energy from the battery.
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Figure 18. DC voltage and DC current during discharging mode.

The discharging behaviour is seen in the response of the DC side voltage and current of
the figure 17. The transient oscillation is initially present in the DC bus voltage and then

settles near 800 V. The DC current tends to stabilize around -80 A, corresponding to the
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discharging current reference of the control logic. The negative current thus verifies that

in the defined sign convention the battery is in discharging mode.

Grid Voltage

Figure 19. Grid voltage and inverter current during discharging mode.

In this figure 18, the grid voltage and inverter current curves show the AC-side response
during discharging. Grid voltage is balanced and sinusoidal and consists of three phases
approximately 120 degrees apart. The inverter current contains transient oscillations at
the beginning and then becomes more stable. During the discharging time, however, the
current fed into the inverter and the voltage of the grid cannot be synchronized as same
as those in the charging time. This phase difference indicates the inverter current
response during discharging of the battery. The current curve thus reflects the behaviour
of the inverter current on the AC side and the negative current on the DC side verifies

the discharge state.
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5.4 PV Plant Output Results
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Figure 20. PV power, PV voltage and PV current.

Figure 19 shows the PV-side output of the 1 MW PV plant, including PV power, PV voltage
and PV current. The PV power curve changes with time due to the varying value of the
input of irradiance over the time of simulation. As irradiance increases PV output power
increases and when irradiance decreases PV output power decreases. Therefore, the
fluctuation in the PV power curve mainly represents the effect of time-varying irradiance

on the PV plant output.

The voltage curve of PV array and converter is illustrated in the same figure as PV voltage
curve. The voltage varies based on PV operating condition and the visible ripple is due
to power electronic conversion phase. There is also a change of PV current curve as
irradiance changes. The higher the irradiance, the higher the PV current and the lower
the irradiance, the lower the PV current. Therefore, the PV current variation supports

the changes observed in the PV power curve.
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Figure 21. Grid voltage, inverter current and DC bus voltage.

Figure 20 demonstrates the AC-side output of the PV inverter system, showing the grid
voltage, inverter current and DC bus voltage. The voltage to the grid appears balanced
and sinusoidal and the three phases are approximately 120 degrees apart. Inverter
current presents transient response, followed by the steady state three-phase sinusoidal
current. It is not constant as the PV power varies with time being dependent on solar
irradiance. The transient response of the DC bus voltage has also initially a high peak and
oscillation and then a DC bus voltage oscillating around its operating voltage range with

some ripples arising from converter and inverter operations.

5.5 Wind Turbine output

WT Actrie Powar

Figure 22. Wind turbine active and reactive power output during the simulation period.
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Wind Turbine active and reactive power output is shown in figure 21. The upper plot is
the active power of the WT which oscillates during the transient phase and remains
approximately steady with small oscillations afterwards. The lower plot is the reactive
power of the WT, which has a near zero level during the simulation period. This means
that mainly the wind-turbine produces active power and reactive power contribution is

negligible as its contribution is very low.
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6 Conclusion

This thesis assessed the participation of electric vehicle batteries in a renewable
integrated power system, the techno-economic case evaluation was performed on the
case of the distribution-network in Sundom Smart Grid. The analysis was conducted via
a Python workflow in the Hybrid Optimization and Performance Platform (HOPP) which
evaluated wind generation, PV generation, stationary battery storage, EV battery
participation, electricity demand, electricity prices and technology costs all in one. The
comparison was made between three cases of EV participation (NoEV, BEV50, BEV80)
and four TargetUnmet cases. The NoEV case was particularly meaningful as it enabled
the specificity of the value of EV participation to be judged against a NoEV baseline. This
allowed to explore and understand if the EV storage resulted in increased utilization of
renewables, less dependence on the power grid, reduced curtailment, altered stationary

battery needs, or decreased levelized cost of energy.

Results indicated that minimum cost configurations were not necessarily those with the
highest EV participation. The lowest LCOE was obtained in the Target80Unmet_NoEV
case, with an LCOE of 89.32 €/MWh. This finding indicates that, even with the least-
stringent local renewables supply requirement, the zero-EV case was the cheapest
because it involved limited supplies of renewables and no stationary battery storage.
However, as demand for locally provided supply increased, the participation of EV
increased in value. For the Target40Unmet and Target20Unmet scenarios, the decrease
in LCOE for BEV50 and BEV80 with respect to NoEV includes the benefit of flexibility
offered by the EV Battery.

The results also revealed a definite trade-off between grid dependence, renewable
overbuilding, renewable curtailment, renewable energy storage needs and system cost.
Overall, the model selected larger sizes for wind, PV and battery while removing energy
from the external grid, as the TargetUnmet lowered. This boosted local supply from

renewables but also led to higher levels of renewable generation curtailment, due to
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uneven generation and storage availability. In some cases, EV participation reduced
curtailment by using part of the renewable surplus and did not avoid curtailment in more
extreme cases. The results thus show that EV storage can help bring up renewables'
contribution, but it does not eliminate the need for proper renewables sizing, stationary

battery storage and support from the grid.

This was most noticeable in the selected system configurations, which highlighted the
role of EV batteries. Using both the stationary battery demands and EV storage physical
supply data, from the Target4OUnmet case, BEV80 found a reduction in the need for
stationary battery units compared with the NoEV case, indicating that EV storage
competitively can somewhat replace stationary battery storage if sufficiently large
volumes of EV storage are available. However, in the Target20Unmet scenario, even with
EV participation, a large stationary battery storage was still necessary. This implies that
EV batteries provide a valuable service for short duration energy shifting, but they are
not the only solution in such a system designed to provide a very high percentage of the
annual energy demand from a very short supply-line. The key finding is that V2G is a
flexibility resource in the broader context of a wind—PV—storage system than as a stand-

alone technology.

The dispatch analysis based on prices also indicated that due to the price spread
between charging and selling hours, there is a potential gain in additional economic
value if the EV batteries are used in the dispatch. The results here were that in the
Target80Unmet_BEVS50 dispatch case the EV battery was being charged during lower-
priced periods and discharged during higher priced periods with this creating additional
EV discharge revenue. This indicates that EV storage can not only help with shifting
renewables but can also help with price-responsive operation. But the dispatch analysis
was simplified and thus cannot be regarded as a comprehensive electricity-market
bidding model. The economic viability of the practical implementation of V2G would, in
addition, depend on battery degradation, user compensation, the cost of the chargers,

market access, the operation of aggregators and the availability of real electric vehicles.
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The main contribution of this analysis is the comparison between the NoEV, BEV50 and
BEV80 under the different levels of local-supply requirements. This comparison
demonstrates that accounting for the zero-EV case is critical since it exposes the
fundamental performance of the wind, PV and stationary-battery power system without
EV flexibility. Also, the results demonstrate that the more strongly the system needs to
be reduced dependence on the grid, the more valuable EV flexibility is. Consequently,
with more stringent scenarios, V2G can also contribute to achieving renewable
integration and supporting lower system costs but it must be designed in concert with
stationary storage systems, sizing of renewable power and electricity generation,
curtailment control and realistic EV participation assumptions. In summary, EV battery
participation can enhance renewable utilization, minimize curtailment, lower LCOE in
the presence of more stringent local-supply requirements and generate extra dispatch

value but must be viewed as part of a larger flexibility portfolio.

To assess the short-term feasibility of the proposed EV bidirectional charging and
discharging interface in the renewable-integrated distribution model, a technical
simulation was carried out. It is noted that the battery current direction and SOC can
easily indicate the charging and discharging modes: charging mode in which the battery
current followed the positive reference and discharging mode in which the battery
current followed the negative reference, with a small increase of SOC in the charging
mode and with a small decrease of SOC in the discharging mode. After the transient, the
DC bus voltage was close to the reference voltage of 800 V, which showed stable DC-side
operation by the converter interface in both G2V and V2G modes. The sinusoidal grid-
side voltage was well-preserved over the entire time, though the voltage level varied
accordingly based on the volume of EV charging and discharging. PV output fluctuated
with irradiance variability, while wind turbine contributed primarily active power with
negligible amount of reactive power. Overall, the technical results have proven that the

model can simulate the forward and reverse operation of EV under control and could
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serve as a reasonable technical basis to correlate with EV battery techno-economic

analysis.

6.1 Limitations

There are several limitations that need to be considered when interpreting the techno-
economic results of this study. The model was based on fixed participation cases for EV
and not on stochastic EV availability. Within the practical domain, the availability of EV
relies on the length of parking time, the plug-in behaviour, the daily mobility needs, the
access to chargers, the willingness to plug in and the desired departure SOC of the EV.
Therefore, the BEV50 and BEV80 scenarios are critical, technical potential cases and not
an absolute benchmark for participation. This implies that the estimated contribution of
EV to the distribution grid is not necessarily consistent with the actual V2G availability in

a real distribution-grid context.

The effects of battery degradation were not fully monetised in the LCOE and dispatch
calculation. Either EV batteries or stationary batteries were run between 50% SOC and
85% SOC, which was far short of unrealistic full-depth cycling, but not necessarily a full
representation of battery ageing. It is in real V2G operation that degradation cost could
impact user compensation, dispatch and profitability. The price-based dispatch analysis
was also simplified since it was not a market-optimization or an aggregator bidding
approach, but rather operating thresholds based on LCOE for charging and selling. The
outcomes in dispatch should thus be viewed as an indicative estimate of the potential
value of V2G responsive pricing and an approximation of a commercial V2G profitability

estimate.

A range of capacities and assumptions were selected within which the chosen
configurations were identified. The model was tested with a range of wind, PV and
stationary battery and EV configurations; however the result is not necessarily a global
optimum outside those tested ranges. The model also primarily concentrated on annual

energy balance, curtailment, grid-supplied demand and LCOE and detailed distribution-
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network constraints did not fully capture the annual techno-economic optimization. In
fact, factors such as feeder limits, transformer loading, voltage constraints, reactive
power flows and protection constraints were not considered in the annual assessment
based on HOPP. For this reason, the techno-economic findings should be taken as

planning indicators for a system, rather than definitive engineering design decisions.

The technical simulation only covered short time dynamical analysis and was not a full
day or full year of operation. The duration of simulation was not long enough, so the
battery SOC did not reach the lower 55% and upper 85% limits. The storage control was
also based only on electricity spot price and SOC, while real-time load demand, PV
generation, wind generation and grid import/export measurements were not yet
included in the control decision. Thus, the model is a basic converter and battery
response and do not represent a complete automatic operation energy-management
system. A drawback is that the wind turbine block was phasor-type compared with the
other system's solved using a discrete solver, meaning that transient parameters of the

wind turbine could not be solved in detail.

6.2 Future Work

Further studies should use a more realistic representation of EV availability. Instead of
using fixed BEV50 and BEV80 cases only, future models could include stochastic plug-in
and plug-out times, parking duration, daily driving demand, charger location and
required departure SOC. This would bring the calculated EV flexibility nearer to actual
driving conditions. Solely user willingness may be integrated as well, through a
connection with money, degradation of the battery and guaranteed mobility needs. This
would aid to ascertain the actual EV battery-based capacity that could be utilized for V2G

operation.

A more detailed battery degradation and compensation model should also be included
in future work. The SOC range, depth of discharge, charge/discharge power, cycling

frequency, energy throughput and battery lifetime assumptions could be considered to
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estimate battery ageing. This would make the dispatch results obtained by the LCOE and
the profit-based dispatch more feasible as there would be a cost to EV cycling. Finally,
fixed LCOE-based thresholds in the price-based dispatch model could be replaced by an
optimization-based approach. A more advanced dispatch model could consider future
price forecasts, renewable generation forecasts, storage availability, grid-export limits,

battery degradation cost and user SOC requirements together.

Electricity market and grid-export modelling could also be further enhanced in the
techno-economic assessment. A possible future extension would be electricity prices to
the consumer, grid tariff, taxes, as well as explicit revenue from selling excess electricity
generated by renewables to the grid. A second consideration is that excess export
revenues may provide a lower effective system costs in high export renewable scenarios
when large curtailments occur. To further investigate, the sensitivity analysis can be
extended to other cost scenarios, such as low wind cost and low battery cost, or high PV
cost and high charger cost, or other EV participation assumptions. This would broaden
the understanding of the sensitivity of the techno-economic conclusions when an

alternative technology cost and market condition are considered.

In the future, the Simulink model needs to be further improved by integrating real-time
load demand, PV generation, wind generation, grid exchange, electricity price and
battery SOC into a supervisory control system. This would provide flexibility to the
battery to choose either charging, discharging or idle mode, as per price and local system
conditions. The simulation period should also be extended so that the battery can reach
the defined SOC limits and the stopping logic at 55% and 85% can be fully verified. If
such a model exists, it should be used so a fully discrete model of the wind turbine can
be created, allowing the transient behaviour of the wind turbine to be checked in a more
consistent manner to the converter-based system. Future work should also involve
power factor analysis, Active Reactive Power and Harmonic Analysis, which can play an
important role in a proper, detailed, evaluation of the phase shift of the current observed

at the inverter during a discharging mode.
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