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Abstract
The increasing electrification of the transport sector presents both challenges and
opportunities for modern power systems. While uncontrolled electric vehicle (EV)
charging may increase peak demand and place additional stress on electricity net-
works, coordinated EV charging and vehicle-to-grid (V2G) operation offer potential
flexibility services that can support grid stability and create economic value. This
thesis evaluates the economic potential of aggregated EV-based flexibility in Swedish
electricity markets from an aggregator perspective.
A deterministic optimization framework was developed in Python using Pyomo and
solved with Gurobi to model individual EV charging and discharging behavior under
real-world mobility constraints. The analysis is based on event-level charging and
state-of-charge (SOC) data from 152 EVs, of which 149 were successfully optimized,
covering approximately 2.5 years of observed operation. Vehicle mobility behav-
ior was converted from event-based data into hourly availability profiles through
a preprocessing pipeline including event merging, SOC anchor reconstruction, and
validation against the original dataset.
Three market participation strategies were evaluated relative to a smart charging
(V1G) reference: spot-market arbitrage, frequency containment reserve (FCR) par-
ticipation, and co-optimized participation in both markets. Economic performance
was assessed under Swedish SE3 day-ahead and FCR market conditions, while ac-
counting for operational constraints including charging power limits, charging effi-
ciency, home availability, grid fees, and simplified battery degradation costs.
The results show that pure spot-market arbitrage generated a limited fleet-level ben-
efit of 125 kSEK relative to the V1G reference case. In contrast, reserve-market par-
ticipation created substantially higher value, with the FCR-only strategy generating
12.44 MSEK and the co-optimized strategy 12.56 MSEK in fleet value. Sensitivity
analyzes demonstrate that spot-market profitability is highly dependent on price
volatility and other operational varieties, whereas reserve-driven strategies remain
comparatively more robust than pure spot-market arbitrage to changes in grid fees,
availability perturbations, and conservative market assumptions for the analyzed
time period.
The findings suggest that under the modeled assumptions, the economic value of
aggregated EV flexibility in Sweden is primarily driven by ancillary service partici-
pation rather than energy arbitrage.
Keywords: electric vehicles, vehicle-to-grid, smart charging, EV aggregation, fre-
quency containment reserve, electricity markets, optimization, energy flexibility, an-
cillary services, flexibility markets
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1
Introduction

This chapter introduces the overall context and motivation of the thesis. It presents
the background for the study through a brief review of relevant literature, formulates
the research questions, and defines the scope and delimitations.

1.1 Introduction
The energy transition towards a low-carbon electricity system is increasing the need
for flexibility in the Swedish power system. In 2025, total electricity production in
Sweden was approximately 160 TWh, reflecting the scale of the national electricity
system [1]. As shown in Figure 1.1, the majority of this production is already
low-carbon, dominated by hydropower, nuclear power, and an increasing share of
variable renewable energy sources (RES) such as wind and solar power.

Figure 1.1: Distribution of electricity produced in Sweden 2025 [1]

Unlike conventional dispatchable generation, wind and solar power are weather-
dependent and cannot be controlled according to system demand, making it more
challenging to maintain the balance between electricity supply and demand. In ad-
dition, the growing share of RES also changes the dynamic behavior of the power
system, since many renewable technologies are connected to the grid through power-
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1. Introduction

electronic converters rather than directly through synchronous generators. Conse-
quently, increasing challenges related to frequency stability and real-time system
balancing, thereby increasing the need for flexibility resources and ancillary ser-
vices [2].
At the same time, electricity demand is expected to increase in the coming years. Ac-
cording to the Swedish Energy Agency, electricity production is expected to increase
by around 15% by 2028, driven by fast expansion of wind and solar power, while
industrial electricity demand is expected to grow substantially due to electrification
and hydrogen production [3].
Achieving climate neutrality requires emissions reductions across all major sectors
including electricity generation, industry, buildings, and transport. However, the
contribution of these sectors differs depending on the structure of the energy system.
The transport sector remains the largest source of greenhouse gas (GHG) emissions
in Sweden. In 2024, domestic transport accounted for approximately 16.9 million
tonnes of CO2 equivalents, corresponding to slightly more than one-third of Sweden’s
total GHG emissions. Approximately 94% of these emissions originated from road
transport, with passenger cars being the dominant source [4].
The transport sector remains challenging to decarbonize due to its historical depen-
dence on oil-based fuels, especially in road transport. Therefore, the electrification
of transport, and particularly the fast deployment of electric vehicles (EVs) has
emerged as a central strategy in the energy transition [5]. In Sweden, EV adoption
has accelerated rapidly in recent years. In early 2025, rechargeable vehicles ac-
counted for approximately 61% of all new passenger car registrations in Sweden, of
which battery electric vehicles (BEVs) represented about 35% [6]. At the same time,
Sweden had approximately 45 000 publicly accessible charging points at the end of
2024, corresponding to almost eight EVs per public charging point, indicating both
rapid expansion of charging infrastructure and continued growth in EV deployment
[7].
The continued adoption of EVs is expected to increase electricity demand in many
regions. If EV charging occurs uncontrolled, it could lead to increased peak demand
and additional stress on electricity networks. However, EVs also represent a promis-
ing source of flexibility due to the storage capacity of their batteries especially since
private passenger vehicles are parked the majority of the time, often estimated at
around 90% [8]. This allows charging demand to be shifted in time without affect-
ing user mobility needs. When coordinated, EV charging can therefore be scheduled
to respond to electricity price signals or system conditions, a concept referred to as
unidirectional smart charging (V1G). V1G has been identified as an important strat-
egy for reducing peak loads and improving the integration of renewable electricity
in modern power systems [9].
Beyond flexible charging, EVs can also contribute additional system value through
vehicle-to-grid (V2G) operation. V2G technology enables bidirectional power ex-
change between EV batteries and the electricity grid, allowing vehicle to consume
electricity but also to supply stored energy back to the grid [10]. Through this
bidirectional interaction, EV fleets can function as distributed energy storage re-
sources capable of managing peak demand and supporting grid stability by provid-
ing ancillary services such as frequency regulation. Several studies highlight that
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V2G-enabled EV fleets can significantly improve grid flexibility and facilitate the
integration of renewable energy by utilizing the aggregated storage capacity of EV
batteries [10, 11].
A key challenge in evaluating the economic potential of V2G systems is that sim-
plified assumptions may overestimate the practically available flexibility [12]. In
practice, V2G operation is constrained by battery capacity, charging and discharg-
ing power limits, conversion efficiencies, and vehicle availability. V2G operation is
further constrained by practical factors such as when vehicles are connected to charg-
ers, willingness of participation and minimum state of charge (SOC) requirements
at departure to satisfy user mobility needs. These constraints play a dominant role
in determining how much flexibility can actually be realized and monetized, and
neglecting them could lead to optimistic estimates of V2G profitability.
Several pilot projects in Sweden are already exploring the technical and economic
feasibility of V2G technology and EV fleet aggregation as flexible grid resources. In
Gothenburg, a V2G demonstration project coordinated by Polestar, together with
the distribution system operators (DSOs) Göteborg Energi Nät and Vattenfall Eld-
istribution, the transmission system operator (TSO) Svenska kraftnät, and research
partners including Chalmers University of Technology, is evaluating the deployment
of bidirectional charging services in Sweden. The project focuses on real-world vehi-
cle availability and charging behaviour to assess operational strategies and business
models for commercial V2G aggregation. The initiative is funded by Vinnova and
started in 2023 [13, 14]. According to Göteborg Energi, the local DSO in Gothen-
burg, 20% of future flexibility can be derived from V2G [15].
In parallel, Volvo Cars and Göteborg Energi have conducted a pilot project in which
four bidirectional Volvo electric vehicles delivered a total of 111 kWh back to the local
grid during a flexibility market demonstration in March 2025. The vehicles exported
electricity during peak demand periods, illustrating how EV fleets can provide grid
support services in a real distribution network context [16].
These developments highlight the need for optimization-based models that quantify
the economic potential of EV aggregation and V2G under realistic operational condi-
tions. By accounting for vehicle availability, SOC requirements, and efficiency losses,
such models can identify the key constraints that limit flexibility and determine when
EV aggregation becomes economically viable from an aggregator perspective.
To address these challenges, this thesis develops an optimization framework for
EV fleet aggregation using real vehicle availability data. The study evaluates the
economic potential of EV aggregation under a deterministic perfect-foresight frame-
work, providing a theoretical upper-bound estimate of aggregator value under dif-
ferent market scenarios.
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1.1.1 Research Questions
Based on the challenges identified above, this thesis aims to answer the following
research questions:

• RQ1: What is the economic potential of aggregated EV-based V2G flexibility
in Swedish electricity markets from an aggregator perspective?

• RQ2: How is the economic potential of aggregated EV-based V2G flexibility
influenced by technical, operational, and market-related assumptions?

1.2 Delimitations
Several delimitations were applied in this study to maintain a manageable scope and
focus on the main research objectives:

• The analysis is limited to the Swedish electricity market, specifically bidding
zone SE3, and considers participation only in the day-ahead spot market and
the FCR markets. Other ancillary services, such as aFRR, mFRR, and local
flexibility markets, were excluded due to their additional operational complex-
ity and differing market structures.

• Only home-connected EV charging events are considered eligible for flexibility
provision. Public charging, workplace charging, and fast-charging infrastruc-
ture are outside the scope of the analysis.

• The study evaluates V2G from an aggregator economic perspective. Explicit
modeling of customer participation behavior, incentive design, and consumer
adoption responses is outside the scope.

• Battery degradation is represented using a simplified economic throughput-
based formulation. Detailed electrochemical battery-aging mechanisms are
not modeled.

• The study focuses on the technical and economic performance of aggregated
EV flexibility rather than wider power-system impacts. Detailed transmission
constraints, distribution-grid congestion, and power-flow modeling are there-
fore excluded.

• Practical deployment aspects, including V2G hardware availability, communi-
cation infrastructure, market qualification procedures, and regulatory imple-
mentation barriers, are not explicitly evaluated.

1.3 Literature Review
To position the present study, selected representative studies relevant to EV flexibil-
ity optimization, V2G aggregation, and electricity market participation are reviewed.

1.3.1 Residential energy system optimization with EV, PV
and BESS

Several studies have investigated the integration of electric vehicles (EVs), photo-
voltaic (PV) systems, and battery energy storage systems (BESS) in residential
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energy management. Gómez-Quiles et al. [17] developed optimization models for
prosumer households equipped with rooftop PV, BESS, and EVs, aiming to bal-
ance electricity cost minimization with user convenience. Using real-world data and
linear and mixed-integer linear programming formulations, the study demonstrated
how coordinated scheduling of EV charging can reduce household electricity costs
while maintaining acceptable vehicle availability.
Similarly, Einolander et al. [18] evaluated the economic benefits of vehicle-to-home
(V2H) technology for detached households using mixed-integer linear programming
(MILP) and real-world EV charging event data. By optimizing bidirectional charg-
ing during periods when vehicles would otherwise remain idle, the study showed
that V2H operation can significantly reduce household electricity costs regardless of
the primary heating technology used in the building.
Recent work by Troyee et al. [19] further expanded residential energy management
frameworks by investigating the optimal sizing of PV systems and BESS in house-
holds equipped with EVs capable of V2H operation. The study incorporated battery
degradation, stochastic EV availability, dynamic electricity pricing, and sensitivity
analyses within a rule-based local energy management system. The results indicated
that V2H functionality can increase system flexibility and, in some cases, reduce or
even eliminate the need for stationary battery storage while maintaining comparable
economic performance.

1.3.2 Battery and Vehicle Flexibility Optimization
In contrast to residential prosumer models, Martini et al. [9] develop a MILP frame-
work for optimizing charging and discharging schedules of an electric bus fleet while
considering electricity prices, battery degradation, charger constraints, and limited
grid capacity. The results show that V1G reduces total energy costs by approxi-
mately 35% compared to uncontrolled charging. However, the additional value of
bidirectional V2G operation remains relatively limited, providing only 3–8% addi-
tional savings under current market conditions. The study further shows that V2G
profitability strongly depends on electricity price volatility and battery degradation
costs. In scenarios with large price spreads, reaching up to 160 €/MWh, V2G ar-
bitrage becomes significantly more attractive. However, the authors conclude that
battery degradation costs and infrastructure complexity substantially reduce the
economic benefits of bidirectional operation.
A related fleet-oriented perspective is presented by Leippi et al. [12], where em-
ployee EVs are modeled as distributed storage resources within an industrial smart
grid. The authors formulate a deterministic multi-objective MILP framework that
minimizes both company electricity costs and EV battery degradation costs, using
real-time electricity prices, industrial load flexibility, and individual EV character-
istics. By explicitly analyzing compensation schemes for EV owners, the study
identifies economically beneficial trade-offs between company profitability and bat-
tery wear, demonstrating that V2G can create mutually beneficial outcomes for both
stakeholders under suitable operational conditions
Another relevant fleet-level contribution is presented by Nespoli et al. [20], who use
real operational data from a large Swiss car-sharing fleet to develop a scalable V2G
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control framework for ancillary service participation. However, the study focuses
on fleet flexibility characterization and bidding capability rather than long-term
economic profitability across multiple market participation strategies
Recent work by Mirzaei Alavije et al. [21] developed a MILP framework for co-
optimizing participation in the Swedish day-ahead and Frequency Containment Re-
sponse (FCR) markets, including Frequency Containment Response Normal (FCR-
N), Frequency Containment Response Disturbance up (FCR-D), and FCR-D down
for BESS. The study demonstrates that stacked participation across multiple mar-
kets provides the highest potential profitability, particularly through simultaneous
participation in FCR-D up and FCR-D down.
A broader system-level perspective is presented by Yuvaraj et al. [22], who develop a
multi-objective optimization framework for coordinated scheduling of V2G-enabled
EV charging together with renewable distributed generation in an IEEE 85-bus dis-
tribution network. The model incorporates stochastic EV arrivals, departures, SOC
uncertainty, and user-priority-based charging constraints. The results show signifi-
cant reductions in peak demand, voltage deviations, power losses, and operational
costs compared to uncoordinated charging.
Overall, prior fleet-level studies demonstrate that V2G can create economic value un-
der certain technical and market conditions, but several limitations remain. Vehicle
availability is frequently represented using scheduled operations, assumed workplace
charging patterns, or probabilistic mobility models rather than observed real-world
private EV behavior. In addition, many studies focus on internal fleet optimiza-
tion, industrial demand response, system operation, or flexibility characterization
instead of explicit long-term aggregator profitability in electricity markets. While
some studies consider ancillary service participation, explicit benchmarking of V2G
against an optimized V1G baseline under combined spot and Swedish FCR market
participation remains limited.

1.3.3 Market and aggregator-based V2G optimization
Recent research has increasingly investigated V2G from an aggregator and market
perspective. A study performed by Signer et al. [23], an agent-based electricity
market model is used to analyze interactions between EV aggregators and the Ger-
man wholesale electricity market under different tariff structures. The results show
that current taxation and grid-fee structures significantly reduce the profitability
of V2G arbitrage, requiring large electricity price spreads for profitable operation.
The study further demonstrates that reducing taxes and grid fees could substantially
increase V2G participation and renewable energy integration. However, as EV pene-
tration increases, competition between flexible resources reduces price volatility and
thereby limits long-term arbitrage profitability.
Pradana et al. [24] present a more operational aggregator framework, where an EV
aggregator participates in electricity arbitrage using real-time market data from Aus-
tralia. The study combines probabilistic EV availability modeling with MILP-based
charging optimization and reports a daily positive revenue per EV. The results fur-
ther show that coordinated participation is important, as excessive EV participation
can reduce grid benefits and lower system performance.
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Another aggregator framework is presented by De Caro et al. [25], who develop a
stochastic scheduling framework for EV aggregator participation in day-ahead and
ancillary service markets under uncertain EV availability and SOC requirements.
The study shows that aggregator profitability depends strongly on EV availabil-
ity, reserve windows, and imbalance penalties. However, EV behavior is generated
from statistical distributions rather than observed real-world mobility data, and the
focus is on uncertainty-aware bidding rather than benchmarking V2G against an
optimized V1G baseline.
Malik et al. [11] proposed a dynamic-based optimization framework for EV partici-
pation in Sweden’s day-ahead and FCR-D markets. The study incorporated battery
degradation costs, power tariffs, and EV arrival and departure times, while analyz-
ing simultaneous participation in day-ahead, FCR-D up, and FCR-D down markets
using historical SE3 market data. The results showed that combined participation
in day-ahead and FCR-D markets yielded the highest profitability, while inclusion
of battery degradation significantly reduced the achievable economic benefits. How-
ever, the study focused on a representative individual EV with assumed mobility
behavior rather than aggregated EV fleets based on observed real-world charging
and availability patterns.
Geng et al. [26] present a techno-economic assessment of V2G operation from a
vehicle-side perspective, evaluating both the costs and profitability under different
operational strategies. The study develops a detailed technology-oriented framework
including battery degradation, charging/discharging behavior, and economic metrics
such as levelized cost of storage (LCOS) and net present value (NPV). The results
indicate that V2G can become economically attractive under favorable technological
and operational conditions, particularly as battery technologies improve. However,
the study focuses primarily on economic assessment rather than optimization of
real-world aggregated EV fleets or explicit ancillary-service participation.

1.3.4 Positioning of this study
Table 1.1 summarizes selected studies related to EV smart charging and V2G oper-
ation and compares them with the present work. The comparison focuses on several
key characteristics relevant to the scope of this thesis, including the use of real EV
mobility data, fleet aggregation, participation in ancillary-service markets such as
FCR, spot-market optimization, and the consideration of V2G operation. Although
previous studies have investigated several of these aspects individually, relatively
few studies combine real-world EV mobility data with aggregator-based fleet op-
timization and co-optimization of spot and reserve markets within a unified V2G
framework.
Existing literature has demonstrated the technical and economic potential of EV
charging optimization, V2G arbitrage, and ancillary service participation under a
variety of system configurations. However, many previous studies rely on scheduled
fleet operation, travel-survey-derived mobility profiles, or stationary battery models
rather than event-level EV with observed arrival times, departure times, locations,
and SOC trajectories. As a result, the practical commercial feasibility of EV flexi-
bility under realistic operational constraints remains to be explored.
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Table 1.1: Comparison of existing literature and the present study. ✓indicates that
a feature is explicitly considered, while (✓) indicates partial or limited consideration.
Similarly, × indicates that a feature is not considered.

Study Real EV data Fleet aggregation FCR/AS Spot V2G
Gómez-Quiles et al. × × × ✓ ×
Einolander et al. ✓ × × ✓ ×
Troyee et al. × × × ✓ ×
Martini et al. (✓) ✓ × ✓ ✓
Leippi et al. (✓) ✓ × ✓ ✓
Nespoli et al. ✓ ✓ ✓ × ✓
Mirzaei Alavijeh et al. × × ✓ ✓ ×
Yuvaraj et al. × ✓ × × ✓
Signer et al. × ✓ × ✓ ✓
Pradana et al. (✓) ✓ (✓) ✓ ✓
De Caro et al. × ✓ ✓ ✓ ✓
Malik et al. × × ✓ ✓ ✓
Geng et al. × ✓ × ✓ ✓
This study ✓ ✓ ✓ ✓ ✓

The present study addresses this gap through an aggregator-oriented optimization
framework based on event-level data of real electric vehicles. Each vehicle is op-
timized individually according to its observed arrival times, departure times, and
mobility-related SOC requirements, while economic performance is evaluated at ag-
gregated fleet level. This enables a data-driven representation of EV flexibility
grounded in actual vehicle usage behavior rather than assumed availability profiles.
A central contribution of the study is the explicit comparison between V1G and
V2G, enabling quantification the economic value of bidirectional flexibility under
realistic operating constraints. Beyond simple energy arbitrage, the framework fur-
ther evaluates simultaneous participation in both the day-ahead electricity market
and Swedish FCR markets, including FCR-N, FCR-D up, and FCR-D down. This
allows both energy market optimization and ancillary service provision to be cap-
tured within a unified optimization framework.
The framework incorporates battery degradation costs and realistic operational con-
straints, including home availability, charging power limitations, departure energy
requirements, and grid fees. Robustness is further evaluated through sensitivity
analyses across key technical and economic parameters.
Taken together, the study combines real-world event-based EV behavior, explicit
V1G-V2G benchmarking, co-optimized multi-market participation, and robustness
analysis within a unified fleet-level framework, providing a more realistic assessment
of the commercial feasibility of large-scale EV flexibility provision.
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Theory

This chapter presents the theoretical concepts relevant to the thesis. It introduces
EVs and their interaction with the power system, the concept of V2G, electricity
market structures such as the day-ahead market and FCR, and the role of EV
aggregators.

2.1 Electric Vehicles and Charging Infrastructure

2.1.1 EV Battery Technology and State of Charge
The energy stored in an EV battery is often described using SOC, which represents
the current energy level relative to the maximum usable battery capacity. SOC is
therefore a dimensionless quantity, typically expressed either as a value between 0
and 1 or as a percentage. The relationship between battery energy and SOC can be
expressed as:

SOCt = Et

Emax
(2.1)

where Et [kWh] is the battery energy at time step t, and Emax [kWh] denotes the
maximum usable battery capacity.
Modern passenger EVs commonly have battery capacities on the order of tens
of kWh, although the capacity varies depending on vehicle type and application.
Smaller BEVs typically operate with battery capacities in the range of approxi-
mately 40–60 kWh, while larger BEVs commonly exceed 70 kWh. In comparison,
plug-in hybrid electrical vehichles (PHEVs) generally use substantially smaller bat-
tery systems, commonly below 25 kWh [27]. In practice, however, the full nominal
battery capacity is rarely utilized during normal operation. Instead, EV batteries
are commonly operated within predefined SOC limits in order to reduce battery
degradation, improve battery lifetime, and maintain safe operating conditions [28].
Consequently, the available SOC not only determines the driving capability of the
vehicle, but also the flexibility that can be provided to the power system through
V2G operation.
In V2G operation, SOC plays a central role in determining the operational flexibility
that can be provided to the power system. The available battery energy directly
influences the amount of charging or discharging power that can be sustained, while
insufficient SOC levels may limit the ability to provide grid-support services or
satisfy future mobility requirements. Kempton and Tomić [29] emphasize that the
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operational needs of the driver and the grid operator must therefore be balanced in
practical V2G operation, where sufficient stored energy must remain available for
transportation while enabling power-system support. Consequently, SOC-related
constraints are commonly incorporated into optimization-based V2G frameworks in
order to maintain physically feasible battery operation and ensure that mobility
requirements can be satisfied. Since the available SOC determines the amount of
energy that can be exchanged with the power system, it also directly affects the
flexibility available for charging optimization, discharging operation, and ancillary-
service provision.
Real-world EV charging behavior additionally demonstrates that practical SOC op-
eration is commonly constrained within preferred operating ranges. Kobayashi et
al. [30] analyzed GPS-logged charging and driving data from 334 EVs in Sweden
and observed that EVs frequently arrive home with relatively high SOC levels, where
more than half of the overnight parking events occurred with SOC values above 60%.
The study additionally observed charging behavior where some EV owners intention-
ally stopped charging at SOC levels around 80–90%, particularly for larger-battery
EVs, likely in order to reduce degradation-related battery stress. These findings
suggest that practical EV operation often avoids both very low and very high SOC
levels, while simultaneously maintaining sufficient operational flexibility for smart
charging and potential V2G services.

2.1.2 Charging Infrastructure and V2G Operation
EV charging infrastructure is based on the interaction between the alternating cur-
rent (AC) electricity grid and the direct current (DC) battery system used in EVs. In
Sweden, the low-voltage electricity grid typically operates at 230 V for single-phase
systems and 400 V for three-phase systems, which influences the available charging
power in residential and commercial charging applications [31]. In AC charging sys-
tems, the power conversion between AC and DC is handled by the vehicle’s onboard
charger (OBC), which constrains the charging and discharging capability of the ve-
hicle. Common AC charging power levels for passenger EVs include approximately
3.7 kW for single-phase charging and 11–22 kW for three-phase charging [16]. In
practice, the achievable charging power is additionally influenced by the electrical
capacity of the household connection and the simultaneous electricity demand of
other appliances within the building.
Conventional EV charging is typically unidirectional, where electrical energy is
transferred from the grid to the vehicle battery. In V2G operation, however, bidirec-
tional charging enables stored battery energy to be supplied back to the grid when
required. This requires bidirectional power electronics capable of converting battery
DC power into grid-compatible AC power during discharging. In AC-based V2G
systems, this conversion is performed by a bidirectional onboard charger, while DC-
based V2G systems instead rely on external power conversion within the charging
station [16, 32]. Since DC-based systems bypass the onboard charger limitations,
they can generally provide higher charging and discharging power and currently dom-
inate many early commercial V2G implementations [32]. Charging and discharging
processes are furthermore associated with conversion losses originating from both
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the battery system and the power electronics, which reduces the amount of energy
that can be exchanged between the vehicle and the grid during V2G operation [33].

2.1.3 Battery Degradation
Battery degradation is an important consideration in V2G operation since repeated
charging and discharging could accelerate battery aging and reduce battery lifetime.
Battery aging is commonly divided into two main degradation mechanisms: calendar
aging and cycling aging.
Calendar aging refers to battery degradation occurring over time regardless of bat-
tery usage. This degradation mechanism is strongly influenced by factors such as
storage temperature, average SOC, battery chemistry, and the duration for which
the battery remains at elevated SOC levels. Even when a battery is not actively
cycled, chemical side reactions within the cell gradually reduce the available bat-
tery capacity and increase internal resistance over time. Lehtola [34] identifies time,
temperature, and SOC as some of the dominant factors influencing calendar aging
in lithium-ion batteries.
Cycling aging, in contrast, is associated with active charging and discharging opera-
tion and is therefore closely connected to V2G participation. Cycling degradation is
primarily affected by factors such as energy throughput, depth of discharge, charg-
ing and discharging rates (C-rates), operating temperature, and the total number
of charge-discharge cycles. Frequent bidirectional energy transfer during V2G op-
eration may therefore accelerate battery wear compared to conventional charging
operation. Lehtola [34] further highlights that intensive charge/discharge cycling,
wide SOC variations, and high current rates may significantly increase electrochem-
ical and thermal aging effects within lithium-ion batteries.
In optimization-based V2G studies, degradation modeling is often primarily focused
on cycling-related degradation since charging and discharging behaviour can be di-
rectly influenced by the optimization framework. Calendar aging is generally more
difficult to represent dynamically within operational optimization models because it
depends on long-term environmental and storage conditions rather than short-term
dispatch decisions.
To account for battery wear within optimization frameworks, degradation costs are
commonly incorporated directly into the optimization objective function in order to
economically penalize excessive battery cycling and energy throughput. By assigning
a degradation-related cost to charging and discharging activity, the optimization
can balance short-term market revenues against long-term battery wear, thereby
discouraging economically inefficient battery operation.
A common simplified approach is the linear throughput-based degradation formula-
tion:

Cdeg = cdeg

∑
t

(Pch,t∆t + Pdis,t∆t) (2.2)

where cdeg denotes the assumed degradation cost per transferred energy unit [SEK/kWh].
This formulation should primarily be interpreted as an economic approximation of
cycling-related battery wear rather than a physically exact electrochemical degra-
dation model.
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Despite its simplified representation, throughput-based degradation modeling is
widely used in optimization studies due to its computational manageability to cap-
ture the economic trade-off between battery utilization and degradation. Increasing
degradation costs within the optimization objective generally causes the optimiza-
tion framework to adopt more conservative charging and discharging behaviour,
thereby reducing unnecessary cycling activity and limiting economically inefficient
operation.
Reported degradation-related cost estimates in the literature vary substantially de-
pending on modelling assumptions and system boundaries. Martini et al. [9] evaluate
battery wear prices ranging from 0.03–0.31 SEK/kWh.1 In contrast, studies incor-
porating broader lifecycle and system-level economic considerations often report
substantially larger cost estimates associated with V2G operation. For example,
Geng et al. [26] report LCOS values of 0.89–2.55 SEK/kWh.2 However, these esti-
mates include broader vehicle-side costs and are therefore not directly comparable
to pure degradation costs. Similarly, Sagaria et al. [35] estimate V2G compensa-
tion requirements of 0.77–1.45 SEK/kWh. These variations shows the uncertainty
associated with degradation modelling and highlight the importance of sensitivity
analyses when evaluating the economic viability of V2G operation.

2.2 Sweden’s electricity infrastructure & electric-
ity markets

2.2.1 Sweden’s electricity distribution
The Swedish electricity system consists of electricity generation, transmission, distri-
bution, and consumption operating within the Nordic and European interconnected
power market, as seen in Figure 2.1. Electricity is generated from sources such
as hydropower, nuclear power, wind power, and solar power, and is transported
through three main grid levels: the transmission grid, the regional grid, and the
local distribution grid[36].
The transmission grid, also referred to as the national grid, operates at high voltage
levels of 400 or 220 kV and is owned and operated by Svenska kraftnät, the Swedish
Transmission System Operator (TSO)[37]. The transmission grid transports electric-
ity over long distances, and maintains the real-time balance and frequency stability
of the national electricity system. Svenska kraftnät is also responsible for operat-
ing ancillary service markets such as FCR, which are used to stabilize the system
frequency at 50 Hz[38].
Electricity is then transferred from the transmission grid to regional and local distri-
bution grids operated by Distribution System Operators (DSOs), such as Göteborg
Energi Elnät, Vattenfall Eldistribution, and Ellevio [39]. The regional grid typi-
cally operates at voltage levels around 130 kV and connects the transmission grid to
cities, industries, and larger consumption areas. The local distribution grid operates
at voltage levels of 40 kV and below. Through successive voltage transformations,

1Converted from 3–28 EUR/MWh using an exchange rate of 1 EUR = 11 SEK.
2Converted from 0.085–0.243 USD/kWh using an exchange rate of 1 USD = 10.5 SEK.
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electricity is delivered to households, businesses, and electric vehicle charging infras-
tructure. Before reaching ordinary consumers, the voltage is transformed down to
230–400 V [36].
Like the transmission grid, local distribution grids operate as natural monopolies,
meaning that only one DSO is responsible for electricity distribution within a given
geographical area. Consumers therefore pay grid tariffs to their local DSO for using
the distribution network [36].
In Sweden, electricity consumers typically pay separately for electricity supply and
network services. Electricity is purchased from an electricity retailer, while network
charges are paid to the local DSO. In addition to fixed subscription fees, DSOs apply
variable network tariffs based on the amount of electricity transferred (SEK/kWh).
For example, Vattenfall Eldistribution applies a variable network tariff of approxi-
mately 44.5 öre/kWh for residential customers under its 2026 simple tariff structure
[40].
For bidirectional EV operation, treatment of exported electricity is less straightfor-
ward. In some market designs, electricity exported from distributed resources could
be subjected to grid-related charges, reduced compensation schemes, or asymmetric
import/export tariff structures. Previous V2G literature have therefore suggested
different assumptions regarding export network charges, with some explicitly apply-
ing grid-related costs to discharged electricity as part of the economic assessment
[41].
In the Swedish residential context, no clear and uniformly applicable framework
was identified for assigning household-level distribution grid charges to bidirectional
V2G exports within the scope of this study. The present analysis therefore applies
grid-related charges only to imported charging energy, while exported electricity is
treated as compensated through the relevant market mechanisms.

Figure 2.1: Illustration of the Swedish electricity system generated using OpenAI
ChatGPT image generation tools.
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2.2.2 Peak-demand tariffs

An additional real-world factor relevant to EV flexibility economics is the power-
based network tariffs, where customer charges depend partly on peak electricity
demand. Such tariff structures may affect both smart charging and V2G operation,
since concentrated charging could increase household peak demand, while bidirec-
tional flexibility could potentially reduce it [42, 43].
Peak-demand tariff effects were not explicitly modeled in this study, since the avail-
able dataset only captures EV charging behavior and does not include total house-
hold load. Although the EV fleet itself can be considered an aggregated flexible
load, the interaction between EV charging schedules and household peak demand
was not evaluated. Such effects may become increasingly important when assessing
the impact of large-scale EV adoption on distribution grid peak loads and demand-
based network tariffs, as information on the total household load profile would be
required to accurately estimate customer demand charges. In addition, the regula-
tory implementation of mandatory peak-based tariffs in Sweden remains uncertain.
Following the Swedish government’s announcement in March 2026 regarding a pause
in the rollout requirement, several distribution system operators, including Vatten-
fall Eldistribution, also paused their implementation plans [43].

2.2.3 The Spot Market

The day-ahead market is one of the largest marketplace for electricity trading in
Sweden and across the Nordic and European power system. In the Nordic region, the
day-ahead electricity market is operated by NordPool, one of the largest electricity
market operators in Europe, where electricity is traded one day in advance using a
centralized auction. Historically, market participants submitted hourly supply and
demand bids, after which market-clearing prices were determined for each bidding
zone and hour of the following day. From 2025, the historical day-ahead price data
obtained from ENTSO-E [44] were provided at a 15-minute resolution following the
market transition to 15-minute market time units (MTUs). [45].
Electricity prices in the day-ahead market vary depending on factors such as elec-
tricity demand, fuel prices, transmission constraints, weather conditions, and the
availability of generation resources.
This variability became especially pronounced during the European energy crisis
in 2022. Following Russia’s invasion of Ukraine, European energy markets experi-
enced severe supply disruptions, particularly in natural gas markets, as Russian gas
deliveries were reduced and Europe became increasingly exposed to volatile LNG
markets. Since marginal electricity prices in many European electricity markets are
strongly influenced by gas-fired generation, these developments led to exceptionally
high electricity prices and extreme short-term volatility [46, 47]. The day-ahead
price data for SE3 used in this study reflects this clearly, with 2022 showing higher
volatility and more extreme price excursions than the comparatively more stable
market conditions observed in 2024 Figure 2.2.
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2. Theory

(a) Hourly day-ahead electricity prices in SE3 during 2022.

(b) Hourly day-ahead electricity prices in SE3 during 2024.

Figure 2.2: Comparison of hourly day-ahead electricity prices in SE3 for 2022 and
2024.

2.2.4 FCR Market
FCR is an ancillary service used to maintain system frequency at 50 Hz by correcting
real-time imbalances between electricity supply and demand. In Sweden, FCR is
divided into three products: FCR-N, FCR-D up, and FCR-D down. All three
products are automatically activated and provide a linear response within their
respective frequency ranges.
As shown in Table 2.1, the three products differ in activation range, symmetry
requirements, and activation duration. FCR-N is a symmetric product requiring
both upward and downward response capability, while FCR-D up and FCR-D down
are asymmetric disturbance reserve products.
Since 1 February 2024, all Swedish FCR markets have applied marginal pricing
(pay-as-cleared), meaning that all accepted bids are paid at the market-clearing
price determined by the highest accepted bid. Prior to this change, FCR markets
used pay-as-bid pricing, where each accepted provider was paid according to its
submitted bid price. [48] Only accepted bids receive capacity compensation, while
rejected bids receive no compensation. The transition between pay-as-bid and pay-
as-cleared was not modelled explicitly, since the optimization does not represent
real-time bidding strategies.
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FCR-N includes both capacity payment and compensation for activated energy,
where net activated energy is settled using mFRR up- and downregulation prices.
In contrast, FCR-D up and FCR-D down are only compensated through capacity
payments [49, 50, 51].

Table 2.1: Summary of FCR products in Sweden and key participation require-
ments.

Service Freq. range (Hz) Response Symmetry Duration Min bid
FCR-N 49.9–50.1 ∼30 s Symmetric 1 h 0.1 MW
FCR-D Up 49.5–49.9 ≤ 7.5 s Upward ≥ 20 min 0.1 MW
FCR-D Down 50.1–50.5 ≤ 7.5 s Downward ≥ 20 min 0.1 MW

2.2.5 FCR Activation

Figure 2.3 shows the droop-control characteristics used for FCR in the Nordic power
system. The horizontal axis represents the system frequency in Hz, while the vertical
axis represents the activated reserve power as a percentage of the committed reserve
capacity.

The activation follows a proportional droop-control principle, meaning that the ac-
tivated power increases gradually as the frequency deviation becomes larger. Small
frequency deviations therefore result in partial activation, while larger deviations
lead to full activation of the offered reserve capacity [21].

For FCR-N, shown in Figure 2.3(a) [21], activation occurs symmetrically around the
nominal system frequency of 50 Hz within the normal operating range of approx-
imately 49.9-50.1 Hz. At exactly 50 Hz, no reserve activation occurs because the
system is balanced. If the frequency decreases below 50 Hz, the reserve provider
gradually injects power into the grid or reduces consumption. The activation in-
creases linearly until full upward activation is reached at 49.9 Hz. If the frequency
increases above 50 Hz, the reserve provider gradually absorbs power from the grid by
increasing consumption or reducing generation, reaching full downward activation
at 50.1 Hz.

Figure 2.3(b) [21] illustrates the activation behavior of FCR-D, which is intended
for larger disturbances in the power system. FCR-D up is activated only during
under frequency conditions, below 49.9 Hz. As the frequency decreases further, the
activated reserve power increases linearly until full activation is reached around 49.5
Hz. Similarly, FCR-D down is activated only during over frequency conditions above
approximately 50.1 Hz, with full activation reached around 50.5 Hz.
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2. Theory

Figure 2.3: Droop-control activation.

2.2.6 Participation of Aggregated EV Fleets in Electricity
Markets

Aggregators have emerged as important market actors by coordinating distributed
flexibility resources in order to enable participation in electricity markets. Depend-
ing on the flexibility resource, aggregators may operate industrial demand-response
portfolios, stationary battery storage systems, or distributed energy resource (DER)
portfolios. A broader category of aggregators consists of virtual power plant (VPP)
operators, which combine multiple distributed assets such as solar generation, bat-
tery storage, flexible demand, and electric vehicles into a coordinated market re-
source capable of participating in energy and ancillary service markets [52].
Aggregators can operate under different organizational models. Fåregård and Miletic
[53] describe a distinction between technical aggregators, which primarily provide
the technical flexibility resource, market aggregators, which coordinate market par-
ticipation and balancing responsibilities, and integrated independent aggregators,
which combine both technical and commercial functions. Also, ongoing regulatory
developments in European electricity markets aim to clarify market access condi-
tions for independent aggregators and facilitate increased participation of distributed
flexibility providers [54].
EV aggregators act as intermediaries between distributed EV users and electricity
markets, coordinating charging, discharging, and market participation [41]. Com-
pared with stationary battery aggregation, EV aggregation introduces greater com-
plexity due to uncertain vehicle availability, mobility constraints, and user-dependent
participation [55]. Consequently, the economic viability of EV aggregation depends
not only on technical flexibility, but also on market design and the aggregator’s abil-
ity to reliably coordinate distributed resources under uncertainty [41, 55]. Accord-
ingly, this study adopts an aggregator-centered perspective to evaluate EV flexibility
as a coordinated commercial resource rather than from the perspective of individual
vehicle owners.
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Methods

This chapter presents the methodological framework used to evaluate the economic
potential of V2G aggregation from an aggregator perspective. The methodology
combines real-world EV data, deterministic optimization, scenario analysis, and
uncertainty availiability.

3.1 The methodological framework
The methodological framework consists of six main steps, as illustrated in Figure 3.1.
The figure provides an overview of the complete workflow and shows how the indi-
vidual stages of the analysis are connected, from raw EV event data to the fleet-level
economic evaluation.

Figure 3.1: Overview of the methodological workflow used to evaluate EV flexibil-
ity from an aggregator perspective. Visualization generated using OpenAI ChatGPT
image generation tools based on the methodology developed by the authors.

The full methodological workflow, including data preprocessing, availability mod-
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elling, scenario generation, and optimization, is implemented in Python. The opti-
mization models are formulated using the Pyomo optimization framework and solved
with Gurobi solver.
First, a data-driven availability model is constructed using real-world EV parking
and charging behavior. These data are used to infer vehicle availability, home con-
nection status, arrival and departure events, trip energy requirements, and battery
capacities.
Second, the event-based data are transformed into hourly input time series suitable
for optimization. In this step, historical day-ahead electricity prices and FCR market
prices from the Swedish bidding zone SE3 are merged with the vehicle-level data.
Third, deterministic optimization models for V1G and V2G are developed to deter-
mine the economically optimal charging, discharging, and reserve bidding strategies
for individual vehicles. Separate formulations are used for spot market arbitrage,
FCR provision, and combined participation in both markets.
Fourth, structured sensitivity analysis is performed to study how profitability and
technical feasibility depend on key assumptions, such as charging power limits, bat-
tery degradation cost, bid acceptance assumptions, price volatility, and grid fees.
Fifth, a stochastic perturbation evaluation is conducted to analyze availability un-
certainty.
Sixth, best-case and worst-case scenarios are constructed to estimate the upper
and lower economic bounds of V2G profitability under optimistic and conservative
market and technical assumptions.
The final model outputs are aggregated from vehicle level to fleet level and inter-
preted from the perspective of a commercial aggregator, making it possible to assess
the business relevance of V2G-based flexibility provision.

3.2 Input Data

3.2.1 EV Event Data
The EV driving and charging data used in this thesis are based on the same data-
collection campaign described by Kobayashi et al. [30]. However, the dataset em-
ployed in this work differs from that analysed in the original study, both in the
number of included vehicles and in its temporal coverage. The original dataset
consists of real-world EV data collected from 334 privately owned vehicles in Swe-
den using Geotab devices connected to the onboard diagnostics (OBD) port. The
vehicles had battery capacities ranging from 16–100 kWh and were selected using
national registry data from Statistics Sweden (SCB) to provide a representative dis-
tribution of EV users across different geographic regions, residential categories, and
housing types.
The raw data were provided as event-based records, where each event was classified
as either a parking event or a charging event. For each event, information such as
start time, end time, location (e.g., home, work, or other), state of charge (SOC),
and charged energy was available. According to Kobayashi et al. [30], the data
were collected from October 2022 to September 2024 using Geotab logging equip-
ment, although the version of the dataset used in this thesis was extended until
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March 2025. Some missing values were present due to communication interruptions,
software-related issues, temporary loss of connectivity, or the logging device being
disconnected.
While the original dataset contains 334 vehicles, the dataset employed in this thesis
consists of 152 vehicles. The participating vehicles were not continuously available
throughout the entire study period and the duration of the recorded data varied
between individual EVs. The resulting temporal variation in fleet participation is
illustrated in Figures B.2–B.5.
Before estimating vehicle-specific parameters, the raw event data were standardized
and the original column names were renamed according to Table A.1.

3.3 Event-Based Preprocessing

3.3.1 Treatment of Missing and Lower SOC Values
Before constructing the hourly dataset, missing SOC observations were determined
to be 3.95%. Missing SOC values were repaired for parking events prior to the
hourly transformation. Before the SOC reconstruction procedure, a small number
of parking events associated with home charging sessions were removed from the
dataset due to physically unrealistic charging behavior. In total, seven parking-event
rows associated with five vehicles were excluded, since the corresponding charging
and parking observations were considered inconsistent with physically realistic home-
charging operation. If both the arrival and departure SOC of a parking event were
missing, the event was removed, since no physically grounded reconstruction was
possible.
If only one SOC value was missing, the missing value was estimated based on whether
overlapping home charging events occurred during the same parking interval, defined
as

tcharge,start < tpark,end and tcharge,end > tpark,start. (3.1)

The following equations throughout the model are applied independently for each
vehicle v.
If no overlapping charging event existed, the SOC was assumed constant during the
parking period:

SOCpark,start
i = SOCpark,end

i (3.2)

or

SOCpark,end
i = SOCpark,start

i . (3.3)

If overlapping charging events existed, the missing SOC was reconstructed from
directly observed charge-event SOC values. Missing arrival SOC was set equal to
the start SOC of the first overlapping charging event:

SOCpark,start
i = SOCcharge,start

first (3.4)
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while missing departure SOC was set equal to the end SOC of the last overlapping
charging event:

SOCpark,end
i = SOCcharge,end

last . (3.5)

Finally, for home parking events, cases where the departure SOC was lower than
the arrival SOC were corrected by enforcing

SOCpark,end
i = SOCpark,start

i if SOCpark,end
i < SOCpark,start

i . (3.6)

3.3.2 Fragment Merging
Some parking events appeared as fragmented park events instead of continuous
parking period. To avoid treating these as separate independent parking episodes,
consecutive park events were merged if they satisfied the following criteria:

1. The time gap between the previous event end and the next event start was
non-negative and at most 15 minutes.

2. The absolute SOC difference between the previous end SOC and the next start
SOC was at most 0.02.

3. The two events occurred at the same location.
Let event i be followed by event i + 1. The time gap was calculated as

∆tgap
i = tstart

i+1 − tend
i . (3.7)

The SOC gap was calculated as

∆SOCgap
i =

∣∣∣SOCstart
i+1 − SOCend

i

∣∣∣ . (3.8)

Two park events were merged if

0 ≤ ∆tgap
i ≤ 0.25h, (3.9)

∆SOCgap
i ≤ 0.02, (3.10)

and the location was identical.
When events were merged, the start time and start SOC of the first event were
retained, while the end time and end SOC were taken from the final event in the
merged sequence. The merged event was then treated as a single continuous parking
interval in the hourly mapping, keeping the observed SOC path while avoiding
artificial fragmentation of parking behaviour.
The selected thresholds were chosen as conservative heuristics intended to reconnect
likely artificially fragmented parking events while minimizing the risk of merging
genuinely separate trips. A maximum time gap of 15 minutes was considered suffi-
ciently short to represent a temporary logging interruption rather than actual vehicle
movement, while the SOC threshold of 0.02 limited merging to events with only mi-
nor state-of-charge deviations consistent with measurement uncertainty, auxiliary
battery use, preconditioning, or short charging-related fluctuations.
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3.3.3 Hourly Mapping of Parking Availability
For each vehicle v, an hourly time grid was constructed as

Tv = {t0, t0 + 1, . . . , tN} (3.11)

where the first timestamp was rounded down to the nearest hour and the final
timestamp rounded upward.
Each parking event was mapped to the hourly grid through arrival and departure
anchors:

tarr
i =

⌊
tstart
i

⌋
(3.12)

tdep
i =

⌈
tend
i

⌉
(3.13)

Home availability was defined as

at_homev,t =

1, tarr
i ≤ t ≤ tdep

i , location = home

0, otherwise
(3.14)

Frequency reserve availability was restricted to home parking:

fcr_available_homev,t = at_homev,t (3.15)

3.3.4 Anchor Construction & Consistency Repairs
If a departure anchor overlapped or crossed the next arrival anchor,

tdep
i ≥ tarr

i+1 (3.16)

the departure anchor was repaired according to

tdep,∗
i = tarr

i+1 − 1 (3.17)

Segments that remained infeasible after this repair, for example zero-length or in-
verted intervals,

tdep,∗
i ≤ tarr

i (3.18)

were removed from the anchor set.
Each valid parking segment generated one arrival anchor and one departure anchor.
Arrival anchors were assigned as

is_arrivalv,t = 1 (3.19)

with associated energy anchor

Earr
v,t = SOCstart

i,v Emax
v . (3.20)

Departure anchors were similarly assigned as
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is_departurev,t = 1 (3.21)
with

Edep
v,t = SOCend

i,v Emax
v . (3.22)

These anchor values were later used in the optimization model to enforce the ob-
served SOC trajectory.
Diagnostic outputs were retained to quantify merged fragments, repaired bound-
ary conflicts, dropped segments, and post-processing collision checks. No arrival-
departure hourly collisions remained in the final dataset.

3.3.5 Validation of Preprocessing Pipeline
To evaluate the impact of the preprocessing pipeline, a validation analysis was con-
ducted to assess both the accuracy of the retained SOC anchors and the information
loss associated with dropped segments.
The validation was therefore divided into two components: (i) accuracy of retained
anchors and (ii) impact of dropped anchors.
For all retained anchor segments, the SOC values at arrival and departure were
compared to the corresponding original SOC values from the event-based dataset.
The mean absolute error (MAE) was computed as

MAE = 1
N

N∑
i=1

∣∣∣SOCmodel
i − SOCoriginal

i

∣∣∣ , (3.23)

where N denotes the number of matched anchor points. Only retained and success-
fully matched anchors were included in this calculation. MAE measures the average
magnitude of the error without considering its direction.
In addition, the root mean square error (RMSE) is used, defined as:

RMSE =

√√√√ 1
N

N∑
i=1

(xi − x̂i)2 (3.24)

RMSE penalizes larger errors more strongly due to the squared term.
Dropped anchor segments were not included in the MAE calculation, since no consis-
tent hourly mapping could be constructed for these segments. Instead, their impact
was quantified by comparing their contribution to the total SOC variation in the
dataset.
For each anchor segment, the absolute SOC change was computed as

∆SOCi =
∣∣∣SOCend

i − SOCstart
i

∣∣∣ . (3.25)
The relative contribution of dropped segments was then defined as

Sharedropped =
∑

i∈dropped ∆SOCi∑
i∈all ∆SOCi

. (3.26)

This metric captures the fraction of total SOC variation that is excluded due to
preprocessing.
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3.4 Vehicle Parameters Estimation

3.4.1 Battery Capacity Estimation
The battery capacity was not directly available in the dataset. It was therefore
estimated from charging events where both charged energy and SOC change were
available. For each charging event i, the SOC increase was first calculated as

∆SOCi = SOCend
i − SOCstart

i . (3.27)

The event-level battery capacity estimate was then calculated as

Êmax
i = Ech

i ηch

∆SOCi

, (3.28)

where Êmax
i is the estimated battery capacity from event i, Ech

i is the charged energy
reported in the dataset, and ηch is the charging efficiency used in the estimation. In
this preprocessing step, ηch = 1 was used. This means that the reported charged en-
ergy was treated as the energy corresponding directly to the observed SOC increase.
Operational charging losses were instead handled later in the optimization model.
Not all charging events were considered reliable for capacity estimation. Therefore
it was applied a set of filtering criteria. A charging event was only retained if

Ech
i > 2.0 kWh, (3.29)

∆ti ≥ 0.25 h, (3.30)
∆SOCi ≥ 0.10, (3.31)

0 ≤ SOCstart
i ≤ 1, (3.32)

0 ≤ SOCend
i ≤ 1. (3.33)

After the event-level capacity estimate had been calculated, an additional filter was
applied:

15 ≤ Êmax
i ≤ 120 kWh. (3.34)

These thresholds were used to remove events with smaller SOC changes, very short
durations, missing or invalid values, or physically unrealistic implied battery capac-
ities.
For each vehicle v, the final battery capacity estimate was calculated as the median
of all valid event-level estimates:

Êmax
v = median

(
Êmax

i

)
, i ∈ Cvalid

v , (3.35)

where Cvalid
v denotes the set of valid charging events for vehicle v. The median was

used instead of the mean because it is less sensitive to outliers in the event data.
If no valid charging event was available, the vehicle received a missing capacity
estimate at this stage. In the final summary file, a cleaned battery capacity variable
was then created as
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Emax
v,clean =

50 kWh, if Êmax
v is missing, below 10 kWh, or above 120 kWh,

Êmax
v , otherwise.

(3.36)
A fallback battery capacity of 50 kWh was used when no reliable vehicle-specific
estimate could be obtained. This value was chosen as it was within the range of
battery capacities represented in the dataset, avoiding unrealistic assumptions.

3.4.2 Home Charging Power Estimation
In addition to the battery capacity, the observed home charging power from charging
events located at home were gathered. Only rows where the event type was classified
as charge or charging, and where the location was equal to home, were used for
this step.
For each valid home charging event, the average charging power was calculated as

P̂ ch
i = Ech

i

∆ti

, (3.37)

where P̂ ch
i is the estimated average charging power during event i, Ech

i is the charged
energy, and ∆ti is the event duration in hours.
Only data was retained from home charging events satisfying

Ech
i > 0, (3.38)

∆ti ≥ 0.01 h. (3.39)

To remove invalid or unrealistic power estimates, the following filter was applied:

0.1 ≤ P̂ ch
i ≤ 22 kW. (3.40)

For each vehicle, stored the number of home charging events, the number of valid
home charging power observations, and summary statistics of the estimated charging
power:

{
median(P̂ ch

i ), mean(P̂ ch
i ), std(P̂ ch

i ), min(P̂ ch
i ), max(P̂ ch

i )
}

. (3.41)

The estimated home charging power was primarily used to characterize observed
charging behaviour in the raw data and to inform realistic charging-power assump-
tions for the optimization model. Rather than directly using observed event-level
charging powers, standardized charging and discharging power limits were imposed
as explicit model assumptions, with alternative power levels later evaluated through
sensitivity analysis.
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3.5 Market Data Preprocessing

3.5.1 Market Price Data
Hourly day-ahead spot prices were merged with each vehicle time series. The spot
price files were obtained from ENTSO-E [44]. The timestamps were processed and
resampled to hourly resolution using the arithmetic mean:

π
spot,EUR/MWh
t = 1

nt

nt∑
q=1

π
spot,EUR/MWh
t,q , (3.42)

where nt denotes the number of observations within hour t.
Spot prices were converted from EUR/MWh to SEK/kWh using a daily EUR/SEK
exchange rate:

π
spot,SEK/kWh
t = π

spot,EUR/MWh
t · x

EUR/SEK
d

1000 , (3.43)

where x
EUR/SEK
d denotes the EUR/SEK exchange rate for each day d throughout the

study period.
Reserve-market price data for FCR-N, FCR-D up, FCR-D down, and mFRR up-
/down were obtained from Mimer[56]. FCR and mFRR prices were provided in
EUR/MW and converted to SEK/kW using the same daily EUR/SEK exchange-
rate methodology.
The daily exchange-rate data were merged with the spot-price and reserve-market
price time series by date. The final processed market-price dataframe contained
hourly values for spot prices, FCR-N, FCR-D up, FCR-D down, mFRR up, and
mFRR down, together with the associated exchange-rate variables. This hourly
market dataset was then joined to each vehicle’s processed time series using times-
tamp matching.
Remaining missing market-price values were filled using forward-fill and backward-
fill. Missing reserve-market prices were set to zero where no corresponding market
data were available.

3.5.2 Frequency Data
To quantify the energy activation associated with FCR, measured frequency data
from Fingrid were processed from 3-minute resolution into hourly activation factors
[57]. The purpose of this preprocessing step was to construct a time series that
could be directly integrated into the hourly optimization model while preserving the
relationship between grid frequency deviations and reserve activation.
The preprocessing assumes that the measured frequency at each 3-minute timestamp
is representative of the corresponding interval and that reserve activation follows a
linear droop relationship within each reserve band. Missing or invalid frequency
observations were removed before aggregation.
The measured frequency fk was translated into normalized activation factors for
FCR-N up, FCR-N down, FCR-D up, and FCR-D down. The activation factors
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were dimensionless values in the interval [0, 1], where 0 corresponds to no activation
and 1 corresponds to full activation.
For FCR-N, upward activation was defined as

αN,↑
k = max

(
min

(
50.0 − fk

0.1 , 1
)

, 0
)

(3.44)

and downward activation as

αN,↓
k = max

(
min

(
fk − 50.0

0.1 , 1
)

, 0
)

(3.45)

For FCR-D, activation was assumed to occur outside the normal FCR-N band.
Upward FCR-D activation was defined as

αD,↑
k = max

(
min

(
49.9 − fk

0.4 , 1
)

, 0
)

(3.46)

while downward activation was defined as

αD,↓
k = max

(
min

(
fk − 50.1

0.4 , 1
)

, 0
)

(3.47)

where x ∈ {N, up; N, down; D, up; D, down} and Nt denotes the number of 3-
minute observations within hour t.
The resulting hourly activation factors represent the average share of reserved reserve
capacity activated during the corresponding optimization hour.
If reserve capacity Pt is cleared in hour t, the corresponding activated energy is
computed as

Eact
t = Ptαt. (3.48)

3.6 Model Assumptions
The optimization framework relies on several simplifying assumptions that define
the scope of the analysis:

• Home-only controllability: EV flexibility is assumed to be controllable
only when vehicles are parked at home. Charging behavior outside the home
is treated as exogenous.

• Continuous home connection: Vehicles are assumed to remain physically
connected throughout observed home parking intervals.

• Hourly discretization: Vehicle availability, market prices, and reserve acti-
vation are represented at hourly resolution.

• Anchor-based temporal approximation: Event-based arrival and depar-
ture timestamps are mapped to the hourly optimization grid using rounded
SOC anchor constraints.

• Perfect market foresight: The deterministic baseline assumes full knowl-
edge of future spot prices, reserve prices, and activation outcomes.
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• Fixed technical limits: Charging/discharging power limits and battery pa-
rameters are treated as fixed model inputs.

• Linear degradation model: Battery degradation is represented using a
constant marginal throughput cost.

• No local grid constraints: Household connection limits, transformer con-
gestion, and feeder constraints are not explicitly modeled.

• Energy-based network tariff assumption: Charging network costs are
represented using volumetric import tariffs only.

• Uniform market environment: All vehicles are evaluated under the same
electricity market-price assumptions.

• Minimum reserve-capacity assumption: Minimum bid size constraints
were not explicitly enforced in the optimization model, implying an assump-
tion that the aggregator can participate in the FCR market without bid-size
limitations. Practical compliance with 0.1 MW threshold is assessed separately
through ex-post analysis.

3.7 Deterministic Optimization Framework for EV
Flexibility

This section presents the deterministic optimization framework used to evaluate the
economic potential of EV flexibility from an aggregator perspective. Vehicle oper-
ation is optimized at the individual vehicle level using preprocessed hourly event-
based data, while economic performance is aggregated to fleet level.
To isolate the cost value of different flexibility services, four market configurations
are evaluated:

1. V1G reference
2. Spot-market V2G arbitrage
3. FCR-only V2G participation
4. Co-optimized spot and FCR V2G participation

All four configurations rely on the same underlying SOC-constrained vehicle model,
while market access, decision variables, and objective functions differ depending on
the flexibility strategy.
To enable direct comparison between strategies, the difference in total economic
outcome relative to the V1G reference case is used as the primary performance
metric:

∆Π = ΠV 2G − ΠV 1G (3.49)

where ΠV 2G represents the total economic outcome of the evaluated V2G strategy
and ΠV 1G the corresponding V1G reference case. where ΠV 2G and ΠV 1G denote the
total fleet profit under bidirectional and unidirectional operation, respectively.
A complete overview of the input variables and parameters used in the determinis-
tic optimization framework is provided in Appendix A.2. Table A.3 summarizes the
baseline parameters used across the four deterministic market optimization mod-
els. These parameters define the battery operating limits, charging and discharging
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efficiencies, maximum charging and reserve power constraints, degradation cost as-
sumptions, and the variable grid-fee structure applied throughout the optimization.

3.7.1 Decision Variables
For each vehicle and hour, the following decision variables are defined:

P ch
t ≥ 0, (3.50)

P dis
t ≥ 0, (3.51)

P N
t ≥ 0, (3.52)

P D,up
t ≥ 0, (3.53)

P D,down
t ≥ 0, (3.54)

Et ≥ 0. (3.55)

Here, P ch
t is spot charging power, P dis

t is spot discharging power, P N
t is the FCR-

N capacity bid, P D,up
t is the FCR-D up capacity bid, P D,down

t is the FCR-D down
capacity bid, and Et is battery energy at the beginning of hour t.
Binary mode variables are introduced to prevent simultaneous charging and dis-
charging:

bch
t , bdis

t ∈ {0, 1}. (3.56)

3.7.2 Battery Energy Dynamics
Battery energy after the hourly decision is defined as

Eafter
t = Et + ηchP ch

t ∆t − P dis
t ∆t

ηdis

+ ηch
(
αN,down

t P N
t + αD,down

t P D,down
t

)
− αN,up

t P N
t + αD,up

t P D,up
t

ηdis
. (3.57)

The first term represents the battery energy at the beginning of the time step, while
the second and third terms represent charging and discharging. The charging and
discharging efficiencies are denoted by ηch and ηdis, respectively, both assumed to
be 93%. The remaining terms represent activated FCR energy. Downward acti-
vation increases battery energy, while upward activation decreases battery energy.
Throughout the baseline cases 100% bid acceptance is assumed.
For time steps not followed by an observed arrival event, battery energy is modelled
according to

Et+1 = Eafter
t , ∀t : δarr

t+1 = 0. (3.58)
If the next time step is an arrival event, this transition is skipped and the battery
state is reset to the observed arrival energy.
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3.7.3 SOC Anchoring
At arrival events, battery energy is fixed to the observed arrival energy:

Et = Earr
t , ∀t : δarr

t = 1. (3.59)

The treatment of departure events differs between the V1G baseline and the V2G
models.
In the V1G baseline, departure energy is imposed as a minimum mobility require-
ment:

Eafter
t ≥ Edep

t , ∀t : δdep
t = 1. (3.60)

This formulation ensures that the observed mobility requirement is satisfied while
avoiding artificial infeasibilities introduced by preprocessing approximations, such as
hourly time anchoring and event merging, which may create minor inconsistencies in
the reconstructed SOC trajectories. As a result, vehicles are allowed to depart with
a slightly higher SOC than observed, while still preserving the required minimum
departure energy.
In the V2G models, departure energy is enforced as an exact SOC anchor:

Eafter
t = Edep

t , ∀t : δdep
t = 1. (3.61)

This prevents the optimizer from creating artificial value by ending parking intervals
with more or less energy than observed in the original event data.
The first modelled time step is fixed to the first observed arrival energy:

E0 = Earr
0 . (3.62)

3.7.4 Battery Bounds
Battery energy is constrained before and after each hourly decision:

0 ≤ Et ≤ Emax, (3.63)
0 ≤ Eafter

t ≤ Emax. (3.64)

3.7.5 Charging and Discharging Constraints
Charging and discharging are only allowed when the vehicle is connected at home:

P ch
t ≤ htP

ch,max, (3.65)
P dis

t ≤ htP
dis,max. (3.66)

The binary mode variables enforce mutually exclusive baseline charging and dis-
charging:
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P ch
t ≤ bch

t P ch,max, (3.67)
P dis

t ≤ bdis
t P dis,max, (3.68)

bch
t + bdis

t ≤ 1. (3.69)

When the vehicle is not at home, bch
t and bdis

t are fixed to zero, thereby forcing P ch
t

and P dis
t to zero through the binary power constraints.

In the FCR-only implementation, discharging is restricted to a separate balancing-
discharge limit:

P bal,dis
t ≤ htP

bal,dis,max, (3.70)

This variable is introduced to maintain SOC feasibility following reserve activation,
which may alter the battery state independently of planned charging decisions. Since
the FCR-only formulation does not include explicit spot-market arbitrage, this con-
strained discharge mechanism is used solely to preserve internal SOC consistency
and satisfy mobility requirements.

3.7.6 FCR Availability and Headroom Constraints
FCR bids are only allowed when the vehicle is available for FCR provision at home:

P N
t ≤ ftP

F CR,max, (3.71)
P D,up

t ≤ ftP
F CR,max, (3.72)

P D,down
t ≤ ftP

ch,max. (3.73)

If the vehicle is not available for FCR provision, all FCR bid variables are fixed to
zero.
Upward reserve provision and baseline discharging share the upward power limit:

P dis
t + P N

t + P D,up
t ≤ P F CR,max. (3.74)

Downward reserve provision and baseline charging share the charging power limit:

P ch
t + P N

t + P D,down
t ≤ P ch,max. (3.75)

FCR-D up cannot be offered while spot charging:

P D,up
t ≤ (1 − bch

t )P F CR,max. (3.76)

FCR-D down cannot be offered while spot discharging:

P D,down
t ≤ (1 − bdis

t )P ch,max. (3.77)
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3.7.7 SOC Feasibility for Reserve Provision
The battery must contain enough energy to sustain spot discharging and upward
reserve activation:

Et ≥ Emin + P dis
t ∆t + P N

t τN + P D,up
t τD

ηdis
. (3.78)

The battery must also have enough headroom to absorb spot charging and downward
reserve activation:

Et ≤ Emax − ηch
(
P ch

t ∆t + P N
t τN + P D,down

t τD
)

. (3.79)
In the implementation, the reserve duration requirements are defined as

τN = 1 h, τD = 1
3 h. (3.80)

3.7.8 Cost and Revenue Components
The general objective minimizes net operating cost:

min
(
Cspot + Cgrid + Cdeg − RF CR − Ract

)
. (3.81)

The spot charging cost is

Cspot =
∑
t∈T

πtP
ch
t ∆t. (3.82)

When baseline discharging is remunerated through the spot market, the net spot
cost is

Cspot,net =
∑
t∈T

πt

(
P ch

t − P dis
t

)
∆t. (3.83)

The grid fee is applied only to imported electricity:

Cgrid =
∑
t∈T

cgrid
(
P ch

t ∆t + αN,down
t P N

t + αD,down
t P D,down

t

)
. (3.84)

Electricity tax is excluded, as the analysis adopts a wholesale-market aggregator
perspective rather than that of an individual household end-user. Including elec-
tricity tax in both charging and subsequent V2G discharge cycles could also lead
to distorted double taxation of the same energy throughput, while electricity tax
does not represent a market-based marginal cost that influences aggregator dispatch
decisions.
The degradation cost is represented by a linear throughput cost:

Cdeg =
∑
t∈T

cdeg

(
P ch

t ∆t + P dis
t ∆t + αN,up

t P N
t + αN,down

t P N
t

+ αD,up
t P D,up

t + αD,down
t P D,down

t

)
. (3.85)
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The degradation cost is included as an internal operational cost to discourage ex-
cessive battery cycling and reflect the economic trade-off associated with battery
throughput, rather than as a detailed electrochemical aging model.
FCR capacity revenue is given by

RF CR = γFCR ∑
t∈T

(
λN

t P N
t + λD,up

t P D,up
t + λD,down

t P D,down
t

)
. (3.86)

Activation-related revenue from FCR-N is valued using activation prices:

Ract = γFCR ∑
t∈T

(
µup

t αN,up
t P N

t + µdown
t αN,down

t P N
t

)
. (3.87)

FCR-D activation affects the SOC trajectory, degradation cost, and grid fee, but is
not assigned a separate activation revenue in the implementation.

3.7.9 Model 1: V1G Reference
The V1G reference represents coordinated smart charging without bidirectional ex-
port. Only charging flexibility is allowed, while discharging and reserve participation
are disabled:

P dis
t = 0, (3.88)

P N
t = 0, (3.89)

P D,up
t = 0, (3.90)

P D,down
t = 0. (3.91)

The objective minimizes charging-related operating cost:

min
(
Cspot + Cgrid

)
(3.92)

This configuration represents conventional smart charging, where charging is shifted
in time to reduce electricity cost while satisfying observed mobility requirements.

3.7.10 Model 2: Spot-Market V2G Arbitrage
The spot-market V2G model extends the V1G baseline by allowing bidirectional
energy exchange with the spot market. Reserve participation is disabled:

P dis
t ≥ 0, (3.93)

P N
t = 0, (3.94)

P D,up
t = 0, (3.95)

P D,down
t = 0. (3.96)

The objective minimizes net spot-market cost:
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min
(
Cspot,net + Cgrid + Cdeg

)
(3.97)

This configuration captures pure spot-market energy arbitrage, where the EV bat-
tery can charge during low-price hours and discharge during high-price hours, while
still following the observed SOC trajectory.

3.7.11 Model 3: FCR-Only V2G Participation
The FCR-only model evaluates reserve-market participation without spot-market ar-
bitrage. In this configuration, reserve provision may alter the battery SOC through
activated upward and downward reserve energy. To preserve consistency with the
observed empirical SOC trajectory under exact departure constraints, a limited
balancing-discharge variable is retained, capped at 0.5 kW:

P dis
t ≤ ht · 0.5 (3.98)

The objective becomes

min
(
Cspot + Cgrid + Cdeg − RF CR − Ract

)
, (3.99)

This configuration isolates the economic contribution of reserve-market participation
while preserving empirical mobility constraints.

3.7.12 Model 4: Co-Optimized Spot and FCR V2G
The co-optimization model represents the full flexibility case. Charging, discharging,
and reserve provision are all simultaneously allowed, subject to shared power, SOC,
and availability constraints.
In this configuration, baseline discharging is compensated through the spot market,
and the vehicle may dynamically allocate flexibility between spot arbitrage and FCR
provision.
The objective becomes

min
(
Cspot,coopt + Cgrid,coopt + Cdeg − RF CR − Ract

)
. (3.100)

The model represents the most flexible aggregator case, where EV flexibility can be
allocated across both energy arbitrage and reserve-market provision.

3.7.13 Fleet aggregation
After solving each individual vehicle, hourly results are aggregated across all success-
fully optimized vehicles. For any fleet-level quantity Xt, aggregation is performed
as

Xfleet
t =

∑
i∈V

Xi,t, (3.101)

where V is the set of successfully optimized vehicles.
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The aggregated fleet time series includes total charging power, total discharging
power, total FCR-N bids, total FCR-D up and down bids, total battery energy,
activated FCR energy, costs, revenues, and cumulative profit.

3.7.14 Solver settings and solution procedure
The optimization framework was implemented in Pyomo and solved using Gurobi.
Since the study involves a large number of individual vehicle optimization prob-
lems across multiple market configurations and sensitivity scenarios, solver settings
were adjusted between model runs to balance computational efficiency and solution
quality.
Typical solver settings included modifications to parameters such as Threads, Presolve,
MIPFocus, MIPGap, Heuristics, and DualReductions, depending on model com-
plexity and scenario requirements.
For the most computationally demanding formulations, particularly the co-optimized
spot and FCR models and selected sensitivity analyses, slightly relaxed convergence
tolerances were used to ensure manageable runtimes. Across all cases, the accepted
optimality gaps remained sufficiently small such that differences were not considered
to affect the economic conclusions.

3.8 Scenario & Sensitivity Design
To evaluate the robustness of the deterministic baseline results, a sensitivity and
scenario analysis was conducted across key technical and economic assumptions
affecting EV flexibility value.
The purpose of this analysis was to assess how the profitability of V1G and V2G
operation changes under different market and operational conditions, including vari-
ations in electricity price conditions, grid fees, battery degradation costs, and other
key model assumptions.
For each scenario, the corresponding optimization model was re-solved using the
modified parameter set rather than comparing against a single fixed baseline case.
This includes recalculating the V1G baseline dynamically under each scenario. This
approach was chosen to ensure a fair comparison between V1G and V2G under
identical external conditions.

3.8.1 Charging Power Sensitivity
A charging power sensitivity analysis was conducted to evaluate how different charg-
ing and discharging power assumptions influence the economic potential of EV flex-
ibility. To ensure a consistent comparison between charging-power scenarios, the
same common fleet of 114 feasible vehicles was used in all cases.
Three different charging-power assumptions were evaluated. In the base case, all
vehicles were assigned uniform charging and discharging power limits of

P max
ch = P max

dis = 11 kW, (3.102)
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representing standard residential AC charging conditions. An additional scenario
with

P max
ch = P max

dis = 22 kW (3.103)
was included to investigate the impact of increased charging-power availability on
V2G operation.
In addition, a realistic charging-power scenario was considered in which each vehicle
was assigned an individual maximum charging power estimated from observed home-
charging behavior, as described in Section 3.4.2. In this case, the vehicle-specific
charging and discharging power limits were defined as

P max
ch,v = P max

dis,v = P̂ max
v , (3.104)

where P̂ max
v denotes the estimated maximum home-charging power for vehicle v.

The sensitivity analysis was evaluated for the spot-only, FCR-only, and co-optimized
market configurations. For each charging-power assumption, the resulting V2G
configurations were compared against their corresponding V1G baseline in order to
evaluate the economic value of bidirectional charging. The resulting profitability,
reserve provision, battery throughput, and fleet-level flexibility were then compared
across the different charging-power scenarios.

3.8.2 Battery Degradation Sensitivity
The battery degradation sensitivity evaluates how the assumed degradation cost
affects the profitability of V2G-based market participation. Since bidirectional op-
eration increases battery throughput, degradation cost is an important uncertainty
when assessing the economic feasibility of V2G. In this thesis, degradation is repre-
sented using a simplified throughput-based cost applied to charged and discharged
energy. The degradation cost coefficient is varied from 0.00 to 1.00 SEK/kWh in
steps of 0.20 SEK/kWh

cdeg ∈ {0.0, 0.2, 0.4, 0.6, 0.8, 1.0} SEK/kWh. (3.105)
This range is used to represent different assumptions regarding the economic impact
of battery wear, from no degradation penalty to a relatively high degradation cost.
This sensitivity is applied to the spot-only, FCR-only, and co-optimized market
configurations, since these involve different levels of battery utilization and market
participation. For each degradation-cost level, the optimization model is solved and
the resulting economic value of V2G participation is compared across the different
market configurations. This makes it possible to evaluate how strongly the eco-
nomic value of different V2G participation strategies depends on the assumed cost
of battery degradation and to assess the robustness of the results under different
degradation-cost assumptions.

3.8.3 Accepted FCR Bid Sensitivity
The accepted FCR bid sensitivity investigates how the economic results are affected
by the assumed share of FCR bids that are accepted in the market. In practice,
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reserve-market revenues depend not only on available reserve capacity and market
prices, but also on whether submitted bids are accepted by the market operator.
To account for this uncertainty, an accepted-bid factor is introduced to represent
different levels of successful market participation. The accepted-bid factor is varied
from 0.1 to 0.9 in steps of 0.2, while the base case assumes full bid acceptance:

γFCR ∈ {0.1, 0.3, 0.5, 0.7, 0.9, 1.0}. (3.106)

where γ of 0.1 represents a low level of accepted reserve bids and γ of 1.0 represents
full acceptance of all submitted FCR bids. A lower acceptance factor reduces the
realized reserve-market revenue, while a higher acceptance factor represents a more
favorable market-participation outcome.
This sensitivity is applied to the FCR-only and co-optimized market configurations,
since these rely on reserve-market participation for a substantial share of their rev-
enue generation. For each accepted-bid factor, the corresponding reserve-market
revenue is scaled according to the assumed acceptance level and the resulting eco-
nomic value is evaluated. This makes it possible to assess how strongly the ob-
tainable value of EV-based FCR participation depends on successful reserve-market
acceptance and to evaluate the robustness of the different market strategies under
more conservative bid-acceptance assumptions.

3.8.4 Intra-month spot-price volatility sensitivity
To evaluate the sensitivity of spot arbitrage profitability to electricity price volatility,
transformed spot price scenarios were generated by scaling hourly deviations from
the corresponding monthly mean while preserving the average price level within each
month. For each hourly spot price observation, the transformed price was calculated
as:

pα
t = p̄m + α (pt − p̄m) (3.107)

where pt is the original hourly spot price at time step t, p̄m is the mean spot price
for the corresponding month m, and α is the volatility scaling factor.
A value of α = 1 reproduces the original price series. Values α < 1 compress hourly
price deviations around the monthly mean, reducing the spread between low and
high prices, while values α > 1 amplify deviations from the monthly mean, increasing
price dispersion while preserving the monthly average price. The following values
were evaluated:

α ∈ {0.2, 0.4, 0.6, 0.8, 1.0, 1.25, 1.5, 1.75, 2.0} (3.108)

.

3.8.5 Grid fee Sensitivity
An additional sensitivity analysis was performed to evaluate the impact of grid fees
on the economic performance of the optimized charging strategies. In the base case,
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a constant grid fee was added to the electricity purchase price for all charging energy
imported from the grid.
To analyse the sensitivity to this assumption, the grid fee level was varied between

cgrid ∈ {0.0, 0.1, 0.2, 0.3, 0.445, 0.7, 1.0} SEK/kWh. (3.109)
The lower bound represents an idealized case without any grid-related energy fees,
while the higher values represent increasingly expensive electricity delivery condi-
tions. The tested range was selected to cover typical Swedish residential electricity
transfer fees and related variable network charges.
This sensitivity analysis was conducted to investigate how grid-dependent electricity
costs influence the profitability of spot arbitrage, reserve market participation, and
combined vehicle-to-grid operation.

3.8.6 Home availability robustness analysis
To assess the sensitivity of the estimated economic value to uncertainty in vehicle
home availability, a conservative robustness analysis was performed by perturbing
the original event-based home parking data prior to optimization. The purpose of
this analysis was to evaluate whether the results were robust to representative reduc-
tions in home availability. Fragment merging was performed before the availability
perturbation in order to keep the underlying event structure consistent with the
deterministic baseline.
For each home parking event i, the observed arrival and departure times were mod-
ified as:

t̃arr
i = tarr

i + ϵarr
i (3.110)

t̃dep
i = tdep

i − ϵdep
i (3.111)

where tarr
i and tdep

i denote the observed arrival and departure times, while ϵarr
i and

ϵdep
i represent conservative temporal perturbations that reduce the effective home

parking duration.
The perturbations were sampled independently from bounded discrete uniform dis-
tributions:

ϵarr
i , ϵdep

i ∼ U{0, 1, . . . , H}, (3.112)
where H denotes the maximum perturbation magnitude in hours. Two representa-
tive robustness cases were evaluated, H = 1 and H = 2, corresponding to conser-
vative one-hour and two-hour availability uncertainty cases. For each perturbation
level, a single randomized realization of the perturbed event dataset was generated
and used throughout the analysis.
The resulting perturbed parking duration is given by:

∆̃ti = t̃dep
i − t̃arr

i . (3.113)
Since arrivals are only delayed and departures are only shifted earlier, the pertur-
bation can only reduce or preserve the original parking duration:
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∆̃ti ≤ ∆ti. (3.114)

If the sampled perturbation resulted in an invalid parking interval,

t̃dep
i ≤ t̃arr

i , (3.115)

the original unperturbed timing was retained for that specific event. This made
sure that the perturbed event dataset did not contain physically impossible park-
ing intervals. The event dataset was then processed using the same preprocessing
pipeline as the deterministic baseline. To avoid infeasibility caused by conservative
availability reductions, the exact departure SOC constraint was softened using non-
negative slack variables. For each departure time step, the departure condition was
formulated as

Eafter
t + s+

t − s−
t = Edep

t , (3.116)

where s+
t represents an energy shortfall relative to the observed departure target

and s−
t represents surplus energy relative to the same target.

Slack was penalized in the objective function using a large penalty coefficient:

Cslack =
∑
t∈T

cslack
(
s+

t + s−
t

)
, (3.117)

where cslack was set sufficiently high to ensure that slack was used only when the
perturbed availability assumptions made exact departure matching infeasible. The
slack variables therefore do not represent an economic flexibility mechanism, but
only a feasibility-preserving diagnostic used to quantify unmet departure-energy
requirements under conservative stochastic perturbations availability assumptions.

3.8.7 Scenario Cases

To complement the one-at-a-time sensitivity analysis, a combined scenario analysis
was performed using two bounding cases representing pessimistic and optimistic
operating conditions, in addition to the baseline case.
The scenario assumptions are summarized in Table 3.1. The worst-case scenario
reflects a conservative operating environment characterized by reduced market par-
ticipation, low price volatility, high network costs, elevated battery degradation
assumptions, and stochastic perturbations home availability pert uncertainty. In
contrast, the best-case scenario represents highly favorable conditions with full bid
acceptance, increased price volatility, reduced network costs, no degradation penalty,
and deterministic vehicle availability.
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Table 3.1: Combined assumptions used in the scenario analysis.

Scenario Strategy Bid α Grid Deg. Availability
[%] [-] [SEK/kWh] [SEK/kWh]

Worst-case Spot – 0.2 1.00 1.00 Stoch. (H = 2)
Co-opt 10 0.2 1.00 1.00 Stoch. (H = 2)

Baseline Spot – 1.0 0.445 0.50 Determ.
Co-opt 100 1.0 0.445 0.50 Determ.

Best-case Spot – 2.0 0.00 0.00 Determ.
Co-opt 100 2.0 0.00 0.00 Determ.
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Results

This section presents the results of the developed EV flexibility optimization frame-
work. It includes validation of the pre-processing methodology, evaluation of the
economic performance of the considered market participation strategies, and sce-
nario and sensitivity analyses to assess the robustness of the results.

4.1 Validation of preprocessing and anchor map-
ping

To assess whether the conversion from event-based vehicle data to an hourly model
representation introduced distortions, the preprocessing pipeline was validated in
three steps: fragment merging, anchor filtering, and consistency validation against
the original event-level data.

4.1.1 Fragment merging of split parking events
Table 4.1 summarizes the effect of this preprocessing step. The procedure reduced
the number of fragmented home parking segments while preserving close SOC con-
tinuity, indicating that the merging primarily repaired data fragmentation rather
than introducing artificial battery-state distortions.

Table 4.1: Summary of fragment merging results for the event preprocessing
pipeline.

Metric Value
Raw home parking segments 77 346
Fragment merge operations 13 358
Post-merge anchor segments 63 988
Reduction through merging [%] 17.3
Median merge gap [min] 1.16
Mean SOC gap [-] 0.0028
Maximum SOC gap [-] 0.02

4.1.2 Anchor filtering and retained segments
Following fragment merging, a small number of anchor segments were excluded be-
cause they became too short or temporally inconsistent after preprocessing adjust-
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ments. Table 4.2 summarizes the filtering outcome. While some anchor segments
were removed, the discarded portion represented only a negligible share of the to-
tal SOC signal, indicating that the retained dataset preserved the majority of the
underlying behavioral information.

Table 4.2: Summary of anchor filtering results for the preprocessing pipeline.

Metric Value
Post-merge anchor segments 63 988
Dropped anchor segments 3 430
Retained anchor segments 60 558
Drop share of post-merge anchors [%] 5.36
Retained share of raw segments [%] 78.3
Dropped share of total SOC signal [%] 0.42

4.1.3 Consistency of retained hourly anchors
To validate consistency between the retained hourly anchors and the original event-
based vehicle data, original home parking-event anchors were matched to processed
hourly anchors using a one-to-one nearest-neighbour matching procedure with a
maximum tolerance of two hours.
Table 4.3 summarizes the fleet-wide validation metrics. The very high match rate,
low error levels, and strong correlation indicate that the preprocessing pipeline pre-
served the original SOC signal with minimal distortion. This consistency is further
illustrated in Figure 4.1, where most observations lie close to the 1:1 agreement line.

Table 4.3: Fleet-wide validation metrics for consistency between original event-
based anchors and processed hourly anchors.

Metric Value
Unique matched processed anchors 120 747
Match rate of processed anchors [%] 99.7
MAE [percentage points] 0.40
RMSE [percentage points] 2.32
Correlation [-] 0.995
Median absolute error [pp] 0.0
95th percentile error [pp] 2.0
Share of errors > 5 pp [%] 2.58
Share of errors > 10 pp [%] 1.15
Median absolute time shift [h] 0.53
95th percentile time shift [h] 1.16
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Figure 4.1: Comparison between original and processed home-anchor SOC values.
The dashed line indicates perfect agreement (1:1)

4.2 Validation of V1G and V2G operation
To evaluate the validity of the implemented charging-optimization framework, the
optimized charging schedules for both V1G smart charging and spot-optimized V2G
operation were compared with the observed charging behavior for the same individ-
ual vehicle during a representative period with varying spot prices.
Figure 4.2 presents the observed charging behavior extracted from the processed
vehicle dataset together with the corresponding spot prices and periods when the
vehicle is available at home. The observed charging profile reflects real user charging
behavior and already exhibits a tendency to align charging with relatively lower-price
periods, indicating partially price-aware charging behavior even without optimiza-
tion.
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Figure 4.2: Observed charging behavior, spot prices, and vehicle availability at
home for an individual vehicle.

Figure 4.3 illustrates the optimized V1G charging schedule for the same vehicle us-
ing an individually estimated maximum charging power of 8.4 kW. Compared with
the observed charging behavior, the optimization model shifts charging more con-
sistently toward economically favorable periods while simultaneously satisfying the
imposed mobility and physical availability constraints. Charging only occurs during
periods when the vehicle is connected at home, confirming that the optimization
remains physically feasible. Notably, charging is not always deferred to the lowest
price hours. For example, the charging event around 17 December occurs despite
higher spot prices, reflecting the need to satisfy an upcoming mobility requirement.

Figure 4.3: Optimized V1G charging behavior, spot prices, and vehicle availability
at home for an individual vehicle.

Figure 4.4 presents the spot-optimized V2G charging behavior for the same vehicle.
Unlike the V1G framework, the V2G optimization allows bidirectional power flows,
enabling the vehicle battery to both charge and discharge in response to market
conditions. The resulting schedule exhibits economically motivated arbitrage be-
havior, where charging is concentrated in relatively low-price periods and discharg-
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ing occurs during the highest-price hours observed at the beginning of the analysis
period. As spot-price variability decreases during the remainder of the week, the
economic incentive for discharging is reduced and no further discharge events occur.
Both charging and discharging take place exclusively when the vehicle is available
at home, demonstrating that the optimization respects the imposed mobility and
physical constraints while producing operationally realistic charging schedules.

Figure 4.4: Optimized V2G charging and discharging behavior, spot prices, and
vehicle availability at home for an individual vehicle.

4.3 Deterministic Market Results

4.3.1 V1G reference case
Over the approximately 2.5-year study period, the V1G reference case establishes
the baseline operational charging behavior of the fleet under the observed mobility
constraints. The corresponding cost and energy performance metrics are summa-
rized in Table 4.4.

Table 4.4: Operational metrics for the V1G reference case.

Case V1G
Total charging cost [kSEK] 290.7
Total degradation [kSEK] 190.6
Charging cost [kSEK/kWh] 0.76
Total charged energy[MWh] 381.1
Connected hours [h] 1,094,944
Charging cost per at-home hour[SEK/at-home hour] 0.26
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4.3.2 Baseline Cases

Under baseline assumptions, this establishes the reference economic outcome against
which the relative performance of alternative flexibility strategies is evaluated through
∆Π and excluding degradation costs.
The analysis treats the available EV population as a single aggregated fleet over the
same study period as V1G. Table 4.5 presents the aggregated baseline results.

Table 4.5: Baseline economic performance metrics for the three ∆Π.

Case Spot FCR Co-opt
∆Π [kSEK] 125.0 12,441.7 12,555.6
Degradation cost [kSEK] 267.1 495.7 529.8
Charged energy increase vs. V1G [%] 19.0 85.5 94.2
Fleet value intensity [SEK/at-home hour] 0.11 11.32 11.42

The baseline results show a clear difference between pure spot-market arbitrage and
FCR-based V2G strategies. The Spot V2G strategy achieved a modest positive
economic improvement relative to the V1G reference case.
This behavior is further illustrated in Figure 4.5. V2G reduced net spot-market
costs relative to the V1G baseline, but part of this benefit was offset by higher
grid-related and degradation costs associated with increased battery cycling. As a
result, the overall economic improvement remained limited, indicating that while
available spot-price spreads enabled profitable arbitrage opportunities, the value
capture from spot-market participation alone was relatively constrained under the
studied conditions.
Figure 4.6 illustrates both the operational cost structure and revenue composition
of the reserve-based V2G strategies.
Figure 4.6a shows that reserve-market participation increases total operational costs
relative to the V1G reference case. The most clear increase arises from grid-related
costs, while baseline charging energy procurement remains of similar magnitude
across the cases. This reflects the fact that reserve participation, particularly down-
ward activation, increases total energy throughput and imported electricity even
when the primary charging requirement remains comparable.
Figure 4.6b shows that these higher operational costs are more than offset by reserve-
market revenues. For both the FCR-only and co-optimized strategies, FCR capacity
payments are the dominant revenue stream, while activation revenues provide a
smaller contribution. The majority of the reserve-market revenue originates from
participation in the FCR-D down and FCR-D up markets, which together account
for more than 80% of the total revenue, whereas FCR-N contributes a smaller share.
In the co-optimized case, spot arbitrage contributes only a minor fraction of the
total revenue, indicating that the economic value is driven almost completely by
reserve-market participation rather than spot arbitrage.
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Figure 4.5: Economic breakdown of the Spot V2G strategy relative to the V1G
reference case.

(a) Operational cost components before
reserve-market revenues.

(b) Revenue composition for FCR and co-
optimized V2G strategies.

Figure 4.6: Comparison of operational cost and revenue composition across the
evaluated V2G strategies.

The yearly normalized results in Figure 4.7 show substantial annual variation in
∆Π value density for the different cases. While 2022 and 2025 represent partial
observation periods and should therefore be interpreted cautiously, the comparison
between 2023 and 2024 indicates a clear decline in normalized profitability.
The normalized ∆Π value decreased substantially between years. This is consistent
with the yearly average market prices shown in Figure B.1, where substantial annual
variation is observed, particularly in the FCR markets, indicating that the economic
value of V2G flexibility is strongly influenced by reserve market conditions.
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Figure 4.7: ∆Π, normalized by at-home availability for each observed year.

Further, to assess the practical market relevance of the optimized reserve bids, the
bid trajectories were evaluated ex-post against the representative minimum FCR
bid threshold of 0.1 MW, as illustrated in Figures 4.8– 4.10. The aggregated fleet
exceeded this threshold for at least one reserve product during 90.7% of all modeled
hours. Product-specific threshold exceedance was 39.7% for FCR-N (Figure 4.8),
66.0% for FCR-D up (Figure 4.9), and 64.8% for FCR-D down (Figure 4.10). The
maximum optimized reserve bids reached 1.149 MW for FCR-N, 1.188 MW for
FCR-D up, and 1.186 MW for FCR-D down.

Figure 4.8: Optimized FCR-N bid capacity over the study horizon. The dashed
red line indicates the representative minimum FCR bid threshold of 0.1 MW.
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Figure 4.9: Optimized FCR-D up bid capacity over the study horizon. The dashed
red line indicates the representative minimum FCR bid threshold of 0.1 MW.

Figure 4.10: Optimized FCR-D down bid capacity over the study horizon. The
dashed red line indicates the representative minimum FCR bid threshold of 0.1 MW.

4.4 Sensitivity & Scenario Cases
For the main parameter sensitivities, all three strategies are evaluated for grid fee,
degradation cost, and charging/discharging power limit. However, for the bid ac-
ceptance, stochastic perturbation availability, spot price volatility and combined
scenario analyses, only the spot-only and co-optimized strategies are reported. This
is because the FCR-only and co-optimized cases showed nearly identical economic
behavior across the main results, indicating that reserve-market revenues dominate
the co-optimized value. The co-optimized case is therefore used as the representa-
tive reserve-market strategy in these robustness analyses, while the spot-only case
is retained to illustrate the different behavior of pure energy arbitrage.

4.4.1 Charger Power Rating
The estimated individual charger capacities for the analyzed EV fleet are illustrated
in Figure B.6. Vehicles without observed home-charging events could not be assigned
a charger-capacity estimate and are therefore not represented in the figure. This
corresponds to seven vehicles in total. The estimated charger capacities exhibit a
mean value of 6.6 kW and a median value of 6.8 kW.
The charger power sensitivity analysis evaluates how different charging-power as-
sumptions influence the economic value ∆Π. The results are presented for spot-
market participation separately from reserve-market participation in order to illus-
trate how charging power affects the different market configurations.
Figure 4.11 and Table 4.6 present ∆Π for spot market participation only. The results
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are calculated using the common feasible vehicle set across all charger-rating cases
to isolate the influence of charging power from changes in fleet composition. The
fleet is therefore composed of 114 cars and the amount of connected hours is reduced
from 1,098,944 to 820,368 hours for this sensitivity case.
The results show that higher charger ratings improve the economic potential of spot-
market arbitrage, although the overall value remains relatively limited compared to
reserve-market participation.

Figure 4.11: ∆Π for spot market participation under different charger ratings.

Table 4.6: ∆Π for spot-market participation under different charger ratings.

Charger rating [kW] Value [kSEK] Value/home hour [SEK/h] Relative change [%]
P̂ max

v 69.21 0.084 -26.13
11 93.69 0.114 0.00
22 135.82 0.166 45.02

Figure 4.12 and Table 4.7 present the corresponding results for FCR-only and co-
optimized participation. In contrast to the spot-only case, the value increases sub-
stantially with higher charging power.
The results indicate that charger power has a considerably larger impact on reserve-
market profitability than on spot market arbitrage. This behaviour is physically
reasonable since reserve provision is directly constrained by the available charging
and discharging power, whereas spot-market arbitrage is more strongly influenced by
energy capacity and electricity-price variation. Furthermore, the relatively small dif-
ference between the FCR-only and co-optimized cases suggests that most of the eco-
nomic value originates from FCR participation rather than additional spot-market
optimization.
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Figure 4.12: ∆Π for FCR and Co-optimized participation under different charger
ratings.

Table 4.7: Fleet-level value excluding degradation cost for FCR and Co-optimized
V2G participation under different charger ratings.

FCR V2G Co-optimized V2G
Charger rating

[kW]
Value

[MSEK]
Value/home hour

[SEK/h]
Relative change

[%]
Value

[MSEK]
Value/home hour

[SEK/h]
Relative change

[%]

P̂ max
v 6.10 7.43 -35.69 6.14 7.48 -35.82

11 9.48 11.55 0.00 9.56 11.66 0.00
22 18.54 22.60 95.59 18.87 23.01 97.32

4.4.2 Degradation Cost
The degradation cost sensitivity analysis evaluates how the assumed battery degra-
dation cost influences the economic value of V2G participation. The results are
presented for the Spot, FCR, and co-optimized market configurations relative to the
baseline degradation cost assumption of 0.5 SEK/kWh used in the main analysis.
Figure 4.13 illustrates the relative change in ∆Π for the different degradation cost
assumptions. Lower degradation costs increase the obtainable V2G value relative
to the baseline case, while higher costs reduce profitability. The Spot configuration
shows the strongest relative sensitivity to degradation assumptions, whereas the
FCR and Co-optimized configurations remain comparatively robust due to their
substantially higher reserve-market revenues.
Tables 4.8–4.10 summarize the corresponding value metrics and degradation related
costs for the three market configurations. As expected, increasing degradation costs
lead to reduced profitability and higher total degradation related costs across all
strategies.
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Figure 4.13: Relative change in ∆Π for different battery degradation costs com-
pared to the baseline degradation cost of 0.5 SEK/kWh.

Table 4.8: Spot arbitrage sensitivity to degradation cost.

cdeg [SEK/kWh] Value [kSEK] Value/home hour [SEK/h] Degradation cost [kSEK]
0.00 309.7 0.282 0.0
0.20 245.8 0.224 182.0
0.40 162.3 0.148 246.9
0.50 125.0 0.114 267.1
0.60 98.5 0.090 291.5
0.80 61.7 0.056 346.0
1.00 39.1 0.036 407.2

Table 4.9: FCR-only V2G sensitivity to degradation cost.

cdeg [SEK/kWh] Value [MSEK] Value/home hour [SEK/h] Degradation cost [kSEK]
0.00 12.63 11.49 0.0
0.20 12.61 11.47 251.5
0.40 12.55 11.43 433.9
0.50 12.52 11.39 503.6
0.60 12.48 11.36 560.8
0.80 12.39 11.28 644.4
1.00 12.30 11.19 705.0
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Table 4.10: Co-optimized V2G sensitivity to degradation cost.

cdeg [SEK/kWh] Value [MSEK] Value/home hour [SEK/h] Degradation cost [kSEK]
0.00 12.68 11.54 0.0
0.20 12.71 11.57 273.1
0.40 12.66 11.52 468.4
0.50 12.61 11.48 539.3
0.60 12.57 11.44 597.8
0.80 12.47 11.34 678.4
1.00 12.31 11.20 726.7

4.4.3 FCR bid acceptance
The accepted FCR bid-factor sensitivity analysis evaluates how the profitability of
reserve market participation is affected by different assumptions regarding the share
of submitted FCR bids that are accepted in the market. The results are presented
for both FCR-only and co-optimized market configurations.
Figure 4.14 illustrates ∆Π for different accepted FCR bid factors. The results show
that the value increases linearly with increasing accepted bid factor for both market
configurations. The highest profitability is obtained for an accepted bid factor of
1.0, corresponding to full acceptance of submitted reserve bids. The co-optimized
configuration consistently achieves slightly higher profitability than the FCR-only
case, although the difference between the two strategies remains limited across all
sensitivity cases.

Figure 4.14: V2G value for different accepted FCR bid factors for FCR-only and
co-optimized market configurations.

Table 4.11 summarizes the corresponding value metrics for the different accepted
FCR bid assumptions. As expected, lower accepted bid factors substantially reduce
the obtainable reserve-market value, reflecting the strong dependence of reserve-
market profitability on successful bid acceptance.
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Table 4.11: Sensitivity to the accepted FCR bid factor for different market partic-
ipation strategies.

FCR V2G Co-optimized V2G
γFCR Value Value/home hour Value Value/home hour

[MSEK] [SEK/h] [MSEK] [SEK/h]
0.1 1.12 1.02 1.33 1.21
0.3 3.62 3.29 3.77 3.43
0.5 6.15 5.59 6.27 5.71
0.7 8.68 7.90 8.80 8.01
0.9 11.22 10.21 11.34 10.32
1.0 12.50 11.37 12.61 11.48

4.4.4 Price Volatility
Figure 4.15 illustrates the spot-price volatility scaling methodology used in the sen-
sitivity analysis. The transformation preserves the monthly average price level while
compressing or amplifying hourly deviations around the monthly mean according to
the volatility factor α.

Figure 4.15: Illustration of the hourly spot price volatility scaling methodology
for a representative day.

Figure 4.16 and Table 4.12 show the sensitivity of V2G profitability to changes in
spot-price volatility. Panel A presents the raw profits of the Spot V2G, co-optimized
V2G, and V1G baseline cases. Since the charging cost of the V1G reference is also
affected by the volatility scaling, Panel B instead shows the ∆Π value, relative to
the volatility-specific V1G reference point. In other words, for each volatility level,
the V1G result was re-evaluated and subtracted from the corresponding V2G result.
Finally, Panel C shows the change in ∆Π relative to the deterministic baseline case
at α = 1.0.
The pure Spot V2G strategy shows a clear positive sensitivity to increasing spot-
price volatility, consistent with the expected arbitrage mechanism whereby larger
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spreads between low- and high-price hours increase the economic potential of charge–
discharge shifting. The relationship is nonlinear, with profitability accelerating as
volatility increases.
In contrast, the co-optimized strategy remains comparatively stable across the full
volatility range, indicating that its overall economic performance is primarily driven
by reserve-market revenues rather than spot-market arbitrage.
Although the co-optimized strategy captures increasing spot-market value at higher
volatility levels, the limited impact on total profitability indicates that spot arbi-
trage remains only a minor supplementary value stream relative to reserve-market
participation.

Figure 4.16: Sensitivity of spot-only and co-optimized V2G profitability to spot-
price volatility.
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Table 4.12: Sensitivity of ∆Π value metrics to spot-price volatility relative to the
corresponding volatility-specific V1G benchmark.

Volatility Spot V2G Co-optimized V2G

α Value Value/discharge Value/home hour Value Net spot/discharge Value/home hour
[kSEK] [SEK/kWh] [SEK/h] [kSEK] [SEK/kWh] [SEK/h]

0.20 15.0 0.77 0.014 12,541.5 -6.84 11.41
0.40 19.6 0.88 0.018 12,525.9 -5.15 11.40
0.60 30.2 1.11 0.027 12,514.9 -3.42 11.39
0.80 65.5 1.36 0.060 12,511.9 -1.90 11.39
1.00 125.0 1.55 0.114 12,509.2 -0.76 11.38
1.25 243.1 1.70 0.221 12,517.0 0.40 11.39
1.50 397.8 1.82 0.362 12,535.5 1.33 11.41
1.75 564.0 1.95 0.513 12,569.8 2.03 11.44
2.00 753.8 2.03 0.686 12,604.2 2.60 11.47

4.4.5 Grid fee sensitivity

Figure 4.17 and Tables 4.13–4.14 show the sensitivity of ∆Π profitability to increas-
ing volumetric grid fees. Across all three strategies, profitability decreases as grid
fees increase, reflecting the direct cost impact of additional imported electricity. The
spot-only strategy shows the strongest relative sensitivity, since its comparatively
small arbitrage margins are more easily reduced by increasing charging costs.
Although the reserve-driven strategies exhibit larger absolute changes in profitabil-
ity in kSEK, their relative sensitivity remains comparatively limited because the
dominant reserve-market revenues remain substantially larger than the additional
grid-related costs across the evaluated grid-fee range.
Normalized profitability per at-home hour follows the same overall trend across all
strategies. The value intensity metrics in Table 4.14 further show that spot arbitrage
value per discharged kWh remains relatively stable across grid-fee scenarios, while
profitability per imported electricity declines as grid costs increase. This reflects
the shifting balance between revenue generation and energy-related operating costs
under higher grid-fee assumptions.

Table 4.13: Grid fee sensitivity of ∆Π value metrics relative to the corresponding
V1G benchmark.

Grid fee Value [kSEK] Value/home hour [SEK/h]
[SEK/kWh] Spot FCR Co-opt Spot FCR Co-opt
0.000 307.3 12698.7 12789.0 0.28 11.56 11.64
0.100 248.6 12639.6 12724.5 0.23 11.50 11.58
0.200 203.7 12577.8 12656.4 0.19 11.44 11.52
0.300 167.2 12521.6 12594.7 0.15 11.39 11.46
0.445 125.0 12441.8 12509.2 0.11 11.32 11.38
0.700 80.5 12316.7 12373.6 0.07 11.21 11.26
1.000 53.4 12193.1 12239.1 0.05 11.10 11.14
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Figure 4.17: Sensitivity of ∆Π profitability to volumetric grid fee assumptions
relative to the baseline grid fee case (cgrid = 0.445 SEK/kWh).

Table 4.14: Grid fee sensitivity of ∆Π intensity metrics.

Grid fee Spot value/ Spot value/ FCR value/ Co-opt value/
[SEK/kWh] discharge grid import grid import grid import

[SEK/kWh] [SEK/kWh] [SEK/kWh] [SEK/kWh]

0.000 1.54 0.52 15.75 15.15
0.100 1.56 0.46 16.14 15.54
0.200 1.55 0.40 16.55 15.98
0.300 1.55 0.34 16.97 16.41
0.445 1.55 0.28 17.60 17.05
0.700 1.53 0.19 18.78 18.25
1.000 1.47 0.13 20.21 19.73

4.4.6 Stochastic perturbations of home availability Uncer-
tainty

Figure 4.18 and Tables 4.15 summarize the impact of stochastic availability assump-
tions on V2G profitability.
Introducing stochastic perturbations reduces profitability across all strategies, with
the strongest relative impact observed for the pure Spot V2G strategy. This reflects
the higher dependence of spot arbitrage on precise timing and predictable vehi-
cle availability, making it more vulnerable to uncertainty in arrival and departure
behavior.
In contrast, the co-optimized strategy remains comparatively robust under both
stochastic assumptions, with only modest reductions in overall economic perfor-
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mance. When normalized by total home availability, the impact becomes even
smaller, indicating that much of the absolute reduction is explained by reduced
aggregate vehicle availability rather than a reduction in value capture efficiency.
The stochastic perturbations also alter the underlying dataset structure by reducing
total home availability and increasing the number of arrival-departure anchor pairs,
reflecting the fragmentation introduced by random temporal shifts.
Despite these perturbations, service feasibility remains high in both stochastic cases,
with only a very small share of departures requiring slack. The corresponding slack
distributions are shown in Appendix Figure B.8, indicating that unmet departure
energy requirements remain limited even under conservative uncertainty assump-
tions. This suggests that the optimization framework remains operationally robust
under stochastic availability perturbations.

Figure 4.18: Change in ∆Π value under 1h and 2h stochastic perturbation avail-
ability assumptions relative to the deterministic base case.
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Table 4.15: Robustness analysis under conservative stochastic home availability
assumptions.

Case Base case 1h stochastic 2h stochastic

∆Π relative to V1G

Spot value [kSEK] 125.0 114.6 (-8.3%) 103.8 (-17.0%)
Co-opt value [kSEK] 12,555.5 12,188.0 (-2.9%) 11,734.2 (-6.5%)

Normalized by home availability

Home hours [h] 1,098,944 1,062,871 (-3.3%) 1,024,119 (-6.8%)
Spot value/home hour [SEK/h] 0.114 0.108 (-5.2%) 0.101 (-10.9%)
Co-opt value/home hour [SEK/h] 11.43 11.47 (+0.4%) 11.46 (+0.3%)

Dataset and service reliability

Arrival–departure pairs [-] 59,068 59,893 (+1.4%) 60,307 (+2.1%)
Anchor pair difference [-] – +825 +1,239
Departure slack [kWh] 0.0 27.3 166.2
Departures with slack [-] 0 12 26
Departures with slack [%] 0.0 0.02 0.04
Maximum departure slack [kWh] 0.0 7.12 27.58

4.4.7 Worst vs Best Scenario

Figure 4.17 and Tables 4.16–4.17 summarize the combined pessimistic, baseline, and
optimistic scenario outcomes for the spot-only and co-optimized V2G strategies.
The spot-only strategy shows substantial sensitivity to the combined scenario as-
sumptions, with profitability varying dramatically across the evaluated cases. Eco-
nomic performance improves strongly under more favorable assumptions, indicating
that pure spot-market arbitrage is highly dependent on market conditions, technical
assumptions, and operational constraints. This reflects the relatively thin economic
margins of spot arbitrage, where profitability is strongly affected by factors such
as price volatility, charging costs, degradation assumptions, and availability uncer-
tainty.
In contrast, the co-optimized strategy remains substantially more profitable across
all evaluated scenarios and shows considerably greater robustness to changing as-
sumptions. While profitability improves under more favorable conditions, the rela-
tive variation is much smaller than for the spot-only strategy, indicating that reserve-
market participation provides a more stable and resilient revenue stream than pure
energy arbitrage.
The same overall pattern is observed when normalizing results by total home avail-
ability, confirming that the observed differences are not solely driven by variations
in aggregate fleet size, but also reflect genuine differences in value capture efficiency.
The scenario assumptions also affect the V1G reference, since changes in market
prices, tariff assumptions, and technical constraints directly influence baseline charg-
ing costs. Consequently, the reported ∆Π values should be interpreted relative to the
corresponding scenario-specific V1G benchmark rather than as absolute standalone
profitability measures.
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Figure 4.19: Combined pessimistic, baseline, and optimistic scenario outcomes for
spot-only and co-optimized V2G strategies, showing ∆Π relative to the correspond-
ing V1G benchmark.

Table 4.16: Scenario analysis for spot-only V2G under pessimistic, baseline, and
optimistic assumptions.

Case Worst-case Baseline Best-case
Spot price volatility factor α [-] 0.2 1.0 2.0
Grid fee [SEK/kWh] 1.00 0.445 0.00
Degradation cost [SEK/kWh] 1.00 0.50 0.00
Availability assumption Stochastic (H = 2h) Deterministic Deterministic
Home availability [h] 1,024,119 1,098,944 1,098,944
V1G baseline cost [kSEK] -581.4 -290.7 -90.9
∆Π [kSEK] 2.1 125.0 2,139.7
Value per at-home hour [SEK/h] 0.002 0.11 1.95

Table 4.17: Scenario analysis for co-optimized V2G under pessimistic, baseline,
and optimistic assumptions.

Case Worst-case Baseline Best-case
Spot price volatility factor α [-] 0.2 1.0 2.0
Grid fee [SEK/kWh] 1.00 0.445 0.00
Degradation cost [SEK/kWh] 1.00 0.50 0.00
Availability assumption Stochastic (H = 2h) Deterministic Deterministic
Home availability [h] 1,024,119 1,098,944 1,098,944
V1G baseline cost [kSEK] -581.4 -290.7 -90.9
∆Π [kSEK] 1,136.0 12,555.6 13,371.9
Value per at-home hour [SEK/h] 1.11 11.42 12.17

60



5
Discussion

This section presents the key findings of the developed EV flexibility optimization
framework, including the economic performance of the evaluated market partici-
pation strategies and the robustness of the obtained results. It further reflects on
methodological limitations, practical implementation considerations, and potential
directions for future research

5.1 Preprocessing limitations and assumptions

5.1.1 Excluded infeasible vehicle profiles
Out of 152 processed EV profiles, 149 were successfully solved, corresponding to a
model success rate of 98.0%. Three vehicles were excluded due to infeasible opti-
mization conditions.
The infeasibility arose in cases where the required increase in SOC between ar-
rival and departure exceeded what could physically be achieved within the available
parking duration under the assumed charging power limit of 11 kW. Since the op-
timization framework enforces exact departure SOC requirements, these vehicles
became infeasible.
This should be interpreted as a modelling limitation rather than a numerical solver
failure. In practice, such cases may reflect situations where charging occurred at
higher power than assumed, where part of the charging took place outside the
modeled home charging window, or where preprocessing compressed the effective
charging duration.
Because only three vehicles, corresponding to 2.0% of the fleet, were excluded, the
quantitative impact on aggregate fleet-level results is expected to be limited.

5.1.2 Preprocessing assumptions and hourly discretization
A key modeling assumption is the conversion of event-based arrival and departure
timestamps into fixed hourly anchors using floor and ceiling operations. This as-
sumption may introduce an optimistic bias in estimated flexibility availability, since
vehicles become available immediately at the start of the arrival hour and remain
available until the end of the departure hour. This effect is likely most relevant
for shorter parking intervals where rounding errors represent a larger share of the
parking duration. At fleet level, however, the validation values suggest that the
aggregate impact remains relatively limited. The chosen approach was necessary to

61



5. Discussion

create operationally feasible hourly optimization framework compatible with hourly
market-price and reserve datasets. Alternative formulations based on partial-hour
overlap modeling could possibly reduce this approximation but would also increase
model complexity. The achieved anchor match rate of 99.7%, together with a mean
absolute SOC error of only 0.40 %, suggests that the adopted preprocessing method-
ology provides a robust representation of the original dataset. Furthermore, the
dropped anchor segments represented only 0.42% of total SOC variation, indicating
limited information loss. These results support the suitability of the preprocessing
methodology for fleet-level techno-economic analysis.
Another limitation to the preprocessing was across 59,068 paired home parking in-
tervals, 2,516 intervals (4.26%) showed a lower departure SOC than arrival SOC.
However, the magnitude of these deviations was generally small. Of the affected in-
tervals, 94.8% (2,385 cases) had SOC decreases of 0.02 or less, while only 131 inter-
vals (0.22% of all paired intervals) exceeded 0.02 SOC. Only three intervals (0.005%)
exceeded 0.05 SOC, and the maximum observed decrease was 0.07 SOC. The mean
SOC decrease among affected intervals was 0.0094, corresponding to approximately
0.53 kWh, while the maximum observed energy difference was 4.18 kWh. These
SOC decreases are results from preprocessing the data caused by hourly anchoring
and event merging, particularly when multiple short parking events are effectively
represented as a longer aggregated interval. However, some cases may also reflect
genuine parked energy consumption not explicitly captured in the event structure,
such as cabin preconditioning, thermal management, standby consumption, or aux-
iliary loads. The consequence of this creates two related modelling asymmetries
between the V1G baseline and the V2G formulations.
First, the V1G baseline is a charging-only model and cannot reduce battery energy
during a parking interval. Therefore, when the processed operational data implies
a lower departure SOC than arrival SOC, exact departure SOC matching becomes
infeasible unless artificial discharge is introduced. For this reason, the V1G baseline
was formulated using a minimum departure SOC constraint rather than exact de-
parture matching. This lead to a small amount of surplus charging relative to the
processed departure requirement. However, the quantified impact was negligible: to-
tal V1G departure surplus amounted to 2.36 MWh, corresponding to an estimated
charging cost of approximately 1.58 kSEK, representing only 0.54% of total V1G
charging cost.
Second, the V2G formulations can exactly satisfy lower departure SOC targets
through bidirectional discharge. In intervals where departure SOC is lower than
arrival SOC, this creates exogenously embedded discharge potential that is not nec-
essarily caused by market-driven arbitrage, but instead originates from the processed
operational data itself. This may introduce a slight upward bias in estimated V2G
discharge volumes and spot-market value. However, the extent of this effect was also
limited. The total energy represented by all departure below-arrival intervals was
1.32 MWh, compared with 80.9 MWh of total Spot V2G discharge. This result in
approximately 1.6% of total Spot V2G discharge could theoretically be attributed
to this embedded SOC-decrease effect.
Overall, while these preprocessing assumptions introduce minor modelling imperfec-
tions, their quantified magnitudes are too small to alter the main fleet-level techno-
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economic conclusions.

5.2 Interpretation of economic results
The economic outcomes of the three baseline V2G strategies differ substantially
because the underlying market mechanisms reward different forms of flexibility.
The spot-only V2G strategy generated a modest ∆Π fleet value of 125.0 kSEK,
corresponding to 0.11 SEK per at-home hour. Profitability could be explained by
the economic structure of spot-market arbitrage. In the day-ahead market, value is
only created when electricity can be purchased at sufficiently low prices and later
discharged at sufficiently higher prices to overcome all associated operating costs,
including charging losses, grid import costs, and battery degradation. This creates
small margins, making profitability highly dependent on repeated access to favor-
able temporal price spreads. Since arbitrage also requires vehicles to be available at
precisely the right charging and discharging hours, the strategy becomes strongly
dependent on both user behavior and timing precision. In contrast, FCR participa-
tion monetizes availability rather than actual energy throughput. The aggregator
is primarily compensated for reserving bidirectional battery capacity that can be
called upon for balancing services, rather than depending on repeated profitable
energy transactions. This creates a different revenue structure, where profitability
depends less on precise temporal price spreads and more on aggregate fleet avail-
ability. This difference explains the larger profitability gap between the strategies.
FCR-only strategy generated 12.44 MSEK, corresponding to 11.32 SEK per at-home
hour, nearly two orders of magnitude higher, suggesting more robust and wider dis-
tributed business case across heterogeneous EV usage patterns. The co-optimized
strategy generated the highest total profitability, reaching 12.56 MSEK in ∆Π fleet
value, corresponding to 11.42 SEK per at-home hour. However, the ∆Π improve-
ment over the FCR-only strategy was only 0.8%, indicating that adding spot-market
participation on top of reserve-market participation contributed very limited addi-
tional value under the modeled conditions.
It’s important to note that the analysis is limited to the Swedish electricity market
and specifically uses market data from the SE3 bidding zone. Consequently, the
economic results reflect the pricing conditions, reserve market structures, and tariff
assumptions relevant to this specific region. Therefore, the quantitative profitability
results cannot be directly generalized to other geographical regions without further
analysis. Furthermore, the aggregate fleet result shows substantial variation across
the study period. As shown in Figure B.1, market conditions differed between years,
particularly in the spot and reserve markets, directly affecting the economic poten-
tial for flexibility provision. In particular, the declining reserve-market revenues
observed in later years likely reflect both increasing market saturation from grow-
ing participation of flexibility resources and structural changes to the FCR market
design introduced in early 2024. In addition, the number of participating vehicles
varied greatly over time, with the largest fleet representation occurring in 2023 and
much lower participation in the surrounding years (see Appendix Figures B.2–B.5).
These differences in both market conditions and fleet composition should therefore
be considered when interpreting aggregate profitability across the full study hori-
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zon. Especially the high FCR revenues observed should not be interpreted as stable
long-term expectations, but rather as outcomes under a specific market history.
This also implies that the reported strategies profitability represents an upper-bound
estimate, since the deterministic perfect foresight framework assumes exact knowl-
edge of future prices and vehicle availability, conditions that would not exist in
real-world aggregator operation. Moreover, the historical study period includes ele-
vated market volatility during the 2022 energy crisis and instability, conditions that
were favorable for arbitrage. Even under these circumstances, pure spot-market
participation generated only limited economic value, suggesting that independent
arbitrage is difficult to scale into a robust aggregator business model without highly
selective fleet participation or access to additional revenue streams.
Taken together, the baseline results suggest that the economic potential of aggre-
gated EV-based V2G in the modeled Swedish context is driven by ancillary service
participation rather than pure energy arbitrage. While exact profitability levels re-
main dependent on historical market conditions, fleet composition, and optimistic
modeling assumptions, the qualitative ranking between strategies appears robust.

5.2.1 Sensitivity to charger power constraints
The charger power sensitivity results demonstrate that charging and discharging
power limits have a substantial influence on ∆Π, particularly for reserve-market
participation. As shown in Table 4.7, increasing the charger rating from the base-
line 11 kW case to 22 kW increased the fleet value of the FCR-only configura-
tion from 9.48 MSEK to 18.54 MSEK, corresponding to an increase of approxi-
mately 96%. Similarly, the Co-optimized configuration increased from 9.56 MSEK
to 18.87 MSEK, representing an increase of approximately 97%. In contrast, the
spot-market configuration shown in Table 4.6 showed an increase from 93.7 kSEK
to 135.8 kSEK, corresponding to a smaller increase of approximately 45%.
This behaviour is physically reasonable since reserve market participation is fun-
damentally power constrained. The economic value of FCR participation depends
directly on the amount of reserve capacity that can be offered to the market, which
in turn is limited by the available charging and discharging power of the connected
vehicles. Higher charger ratings therefore allow the EV fleet to provide larger re-
serve bids and consequently obtain higher reserve market revenues. In contrast,
spot-market arbitrage depends more strongly on available battery energy, parking
duration, and electricity price than on instantaneous charging power. Since many
vehicles remain parked at home for relatively long periods, especially overnight, the
baseline 11 kW charging power is already sufficient to shift a substantial portion
of charging demand toward low-price hours. Increasing the charger rating therefore
provides comparatively smaller additional value for pure spot market arbitrage.
The Individual charging-power case furthermore illustrates the importance of real-
istic infrastructure assumptions when evaluating V2G profitability. When vehicle-
specific charging powers estimated from observed home-charging behaviour were
used, the obtainable profitability decreased substantially compared with the uni-
form 11 kW assumption. For the FCR-only case, the fleet value decreased from
9.48 MSEK to 6.10 MSEK, while the Co-optimized case decreased from 9.56 MSEK
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to 6.14 MSEK. This corresponds to reductions of approximately 36% relative to the
baseline 11 kW case. Similarly, the spot market value decreased from 93.7 kSEK
to 69.2 kSEK, corresponding to a reduction of approximately 26%. These results
indicate that simplified assumptions regarding uniformly high residential charging
power significantly overestimate the practical economic potential of EV aggregation
under real-world charging conditions.
The results additionally suggest that investments in higher power bidirectional
charging infrastructure may be considerably more important for ancillary service
business models than for spot arbitrage. While spot market participation alone
appears relatively insensitive to higher charging power, reserve market participa-
tion benefits strongly from increased charging and discharging capability. This can
partly be explained by the fact that periods with low electricity prices often extend
over several consecutive hours. Consequently, the additional value of charging at a
higher power during a single hour remains limited, reducing the economic benefit
of higher charging power for pure spot-market arbitrage. However, the presented
results should still be interpreted as optimistic upper bound estimates, since prac-
tical limitations related to residential grid capacity, household fuse constraints, and
simultaneous charging behaviour are not explicitly represented in the optimization
framework.

5.2.2 Sensitivity to degradation
The degradation cost sensitivity results demonstrate that battery degradation as-
sumptions can substantially influence the economic attractiveness of V2G partici-
pation, particularly for spot market arbitrage. Increasing degradation costs consis-
tently reduced obtainable value across all evaluated market configurations, although
the magnitude of the effect differed considerably between the market strategies.
The Spot configuration exhibited the strongest relative sensitivity to degradation
assumptions. As shown in Table 4.8, the fleet value decreased from approximately
309.7 kSEK at zero degradation cost to only 39.1 kSEK at a degradation cost of
1.0 SEK/kWh, corresponding to a reduction of nearly 87%. Similarly, the value
per connected hour decreased from 0.282 SEK/home hour to only 0.036 SEK/home
hour across the investigated sensitivity range. Figure 4.13 further illustrates that the
spot-market strategy experiences the largest relative changes compared to the base
case at 0.5 SEK/kWh, with profitability increasing by approximately 185 kSEK at
zero degradation cost and decreasing by approximately 86 kSEK at 1.0 SEK/kWh.
These results indicate that pure spot market arbitrage operates with comparatively
limited economic margins. Since spot market profitability depends primarily on ex-
ploiting temporal electricity price differences, additional degradation related costs
rapidly consume a significant share of the obtainable arbitrage value. Furthermore,
increasing degradation costs caused the optimizer to adopt more conservative charg-
ing and discharging behaviour which reduced battery cycling activity in order to
avoid economically inefficient operation.
In contrast, the FCR-only and co-optimized configurations remained comparatively
robust to increasing degradation costs. For the FCR-only strategy, the fleet value
decreased only from 12.63 MSEK to 12.30 MSEK as degradation costs increased
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from 0 to 1.0 SEK/kWh, corresponding to a reduction of approximately 2.6%. The
value intensity similarly decreased only marginally from 11.49 to 11.19 SEK/home
hour. The co-optimized strategy showed similar behaviour, where the fleet value
decreased from 12.68 MSEK to 12.31 MSEK over the same degradation-cost inter-
val. Figure 4.13 further demonstrates that the relative profitability changes for the
reserve market configurations remained comparatively moderate around the base
case. Even at the highest investigated degradation cost, the relative reductions
were approximately 216 kSEK for the FCR-only strategy and 305 kSEK for the
co-optimized strategy, which are relatively small compared to their total obtainable
values exceeding 12 MSEK.
This behaviour is physically reasonable since reserve-market revenues are primar-
ily capacity based rather than directly proportional to discharged energy. Conse-
quently, the obtained reserve revenues remain sufficiently large to offset the sim-
plified degradation related costs included in the optimization model. In addition,
the degradation cost tables show that the total degradation costs increased substan-
tially with increasing degradation assumptions, reaching approximately 705 kSEK
for the FCR-only configuration and 727 kSEK for the co-optimized configuration at
1.0 SEK/kWh. Despite these considerably larger degradation expenses compared
to the spot market model, the reserve market strategies remained highly profitable
due to the substantially larger reserve market revenues.
The relatively small difference between the FCR-only and co-optimized strategies
further reinforces one of the central findings of this thesis, namely that the major-
ity of the economic value originates from reserve market participation rather than
from additional spot market arbitrage. Across the investigated degradation cost
range, the co-optimized strategy only increased fleet value by approximately 0.01–
0.08 MSEK compared to the FCR-only strategy. Adding spot market optimization
therefore only marginally altered the overall degradation sensitivity, indicating that
reserve-market revenues dominate the co-optimized profitability.
These findings are generally consistent with previous literature, where battery degra-
dation is often identified as one of the major uncertainties influencing V2G prof-
itability. Several studies have similarly reported that degradation costs can signif-
icantly reduce the profitability of electricity arbitrage, while ancillary-service par-
ticipation tends to remain comparatively more robust due to higher reserve-market
revenues and lower net energy throughput requirements. However, the degradation
model applied in this thesis is intentionally simplified and should therefore be in-
terpreted primarily as an economic sensitivity parameter rather than a physically
exact battery-aging representation.

5.2.3 Sensitivity to FCR bid acceptance
The accepted FCR bid-factor sensitivity results demonstrate that reserve market
profitability is highly dependent on the share of submitted reserve bids that are suc-
cessfully accepted in the market. As shown in Table 4.11, both the FCR-only and co-
optimized configurations exhibited an approximately linear increase in profitability
with increasing accepted bid factor. For the FCR-only configuration, the obtainable
value increased from 1.12 MSEK at an accepted bid factor of 0.1 to 12.50 MSEK
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at full bid acceptance. Similarly, the co-optimized configuration increased from
1.33 MSEK to 12.61 MSEK across the same range. This linear behaviour indicates
that the obtainable economic value scales proportionally with accepted reserve ca-
pacity.
This behaviour is physically reasonable since the dominant revenue stream in the
reserve market configurations originates from capacity based FCR payments. In-
creasing the accepted bid factor therefore directly increases the amount of reserve
capacity that generates revenue, while the overall operational characteristics of the
optimization remain relatively similar. The linear increase in profitability across
the investigated sensitivity range additionally suggests that the implemented opti-
mization framework behaves consistently under varying reserve market acceptance
assumptions.
The relatively small difference between the FCR-only and co-optimized configura-
tions further reinforces one of the central findings, namely that the majority of
the economic value originates from reserve market participation rather than from
additional spot market arbitrage. Even at full bid acceptance, the co-optimized
configuration only increased the obtainable value from 12.50 MSEK to 12.61 MSEK
compared with the FCR-only case. Similarly, at an accepted bid factor of 0.5, the
obtainable value increased only from 6.15 MSEK to 6.27 MSEK when spot-market
optimization was included. These comparatively small differences indicate that the
additional contribution from spot-market arbitrage remains limited relative to the
reserve-market revenues.
The results also highlight the importance of realistic market assumptions when eval-
uating V2G profitability. In practice, reserve markets are characterized by compe-
tition, limited procurement volumes, and uncertain bid acceptance. Therefore, as-
suming full bid acceptance may overestimate the economic value of aggregated EV
flexibility.
A further limitation of this analysis is that the FCR activation levels are based on
historical observations. Higher activation levels would increase energy throughput,
battery degradation, and conversion losses, which could reduce the profitability of
V2G operation.
Nevertheless, the results show that reserve market participation can remain prof-
itable even at low bid acceptance levels. For example, both reserve-based configu-
rations remained profitable at an accepted bid factor of 0.1, indicating that reserve-
based V2G can still be economically attractive even when only a small share of the
submitted bids is accepted.

5.2.4 Sensitivity to price volatility
The volatility sensitivity analysis highlights that spot-arbitrage profitability is strongly
dependent on the scale of hourly price spread. For the pure spot strategy, increasing
volatility substantially improves profitability, with ∆Π value rising from 15.0 kSEK
at α = 0.2 to 753.8 kSEK at α = 2.0, corresponding to an increase of approxi-
mately 4,900%. This confirms that arbitrage value is mainly driven by price spreads
rather than average price level alone. However, even under highly amplified volatil-
ity assumptions, the normalized value remains modest compared to reserve-driven
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strategies, reaching only 0.69 SEK per at-home hour at α = 2.0, compared to approx-
imately 11.5 SEK/h for the co-optimized case. This suggests that while spot-market
profitability is highly sensitive to volatility, pure energy arbitrage alone remains a
comparatively weak independent business case.
A limitation of the volatility scaling approach is that it preserves monthly average
prices while scaling hourly deviations around the monthly mean. While this isolates
the effect of price spread, it does not fully capture structural changes in market be-
havior, such as changed frequency of extreme hourly events, negative-price episodes,
prolonged scarcity periods, or shifts in intraday temporal price structure. Real elec-
tricity markets could therefore exhibit a more complex volatility dynamics than
represented by this simplified transformation.
The elevated volatility observed in European electricity markets during the 2022
energy crisis provides a real-world example of how extreme external events can al-
ter V2G economics. Geopolitical disruptions, fuel supply constraints, and broader
energy-system stress led to unusually large hourly price spreads, creating tempo-
rary arbitrage opportunities beyond typical market conditions. Looking forward,
increasing electrification and higher shares of variable renewable generation may
also contribute to greater price variability, although the exact market impact re-
mains uncertain and depends on system flexibility, storage deployment and market
design evolution.
For the co-optimized strategy, the limited variation across volatility scenarios does
not suggest that spot-market profitability is insensitive to volatility. The modest
increase from 12.54 MSEK to 12.60 MSEK across the full volatility range should
not be interpreted as evidence that low volatility benefits spot-market participa-
tion. Since ∆Π is calculated relative to a volatility-specific V1G reference, changes
in the reference case also influence the avalue of co-optimization, making perfor-
mance appear relatively stronger under lower-volatility conditions. The underlying
contribution from spot-market arbitrage is still limited.

5.2.5 Sensitivity to grid fees
The grid fee sensitivity analysis confirms the expected economic trend that increas-
ing volumetric grid fees directly reduce V2G profitability across all strategies. Since
all modeled strategies rely on grid imports for charging, higher import tariffs increase
operating costs and thereby reduce net profitability.
Relative to the baseline grid fee of 0.445 SEK/kWh, reducing the grid fee to zero
increases profitability by approximately 146% for the spot-only strategy, 2.1% for the
FCR-only strategy, and 2.2% for the co-optimized strategy. Conversely, increasing
the grid fee to 1.0 SEK/kWh reduces profitability by approximately 57% for the
spot-only strategy, 2.0% for the FCR-only strategy, and 2.2% for the co-optimized
strategy.
The stronger absolute sensitivity observed for the reserve-driven strategies is directly
linked to their substantially higher electricity import volumes. Both the FCR-only
and co-optimized cases intentionally import significantly more electricity to maintain
reserve availability and restore battery SOC following activations. This increases ex-
posure to volumetric grid tariffs. However, despite this operational dependence, the
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relative profitability impact remains surprisingly small. Even under the highest
modeled grid fee, the reserve-driven strategies retain over 12 MSEK of ∆Π, indicat-
ing that reserve-market revenues remain highly lucrative under the assumed market
conditions. However, this result should be interpreted in light of the deterministic
perfect-foresight formulation. Since the model has full knowledge of realized reserve
activations, it can use downward FCR activation energy to restore battery SOC
instead of relying entirely on conventional grid charging. This may reduce explicit
charging needs and avoid degradation costs that would otherwise arise from addi-
tional active charging and cycling. As a result, the reserve-driven strategies may
appear less sensitive to volumetric grid fees than they would be under real opera-
tional uncertainty, where future activation energy is not known in advance. This
highlights that the grid-fee sensitivity results depend not only on tariff assumptions,
but also on the deterministic treatment of reserve activation.
Another important limitation is that the grid-fee sensitivity analysis excludes elec-
tricity energy taxes, since the modelling framework adopts an aggregator market
perspective focused on wholesale market participation rather than end-user elec-
tricity pricing. In practice, such taxes would further increase the effective cost of
imported electricity and could reduce V2G profitability, particularly for import-
intensive reserve-driven strategies.
Additionally, the present study assumes a volumetric grid fee structure, where costs
depend only on imported energy. In practice, electricity network tariffs may also
include capacity-based or peak-demand charges rather than relying only on energy
consumption. Under such tariff structures, the economic impact on V2G could
differ significantly. Reserve-driven strategies, which could require high charging
power during shorter periods, could become less attractive if tariffs penalize high
peak electricity demand.
Another relevant uncertainty concerns future treatment of bidirectional power flows.
The present framework assumes that exported V2G electricity does not use network
charges. However, future tariff reforms may introduce fees for electricity fed back
into the grid as distributed flexibility participation increases. Such changes would
most likley affect discharge-intensive V2G business models and could weaken pure
arbitrage profitability.
Taken together, these findings suggest that V2G economics are not determined only
by electricity market revenues, but are also highly dependent on regulatory tariff
design. While reserve-market participation appears economically robust under the
present assumptions, future network pricing reforms could alter aggregator business
case attractiveness.

5.2.6 Sensitivity to home availability uncertainties
The stochastic perturbation for availability analysis shows that V2G profitability
decreases when arrival and departure times are perturbed, but the effect differs
between the spot-only and co-optimized strategies. The effective reduction in total
home availability was 3.3% and 6.8% for the 1h and 2h stochastic cases, respectively.
For the spot-only case, ∆Π value decreases by 8.3% under the 1h stochastic as-
sumption and by 17.0% under the 2h assumption. This larger reduction reflects the
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fact that spot arbitrage is highly time-sensitive which means that the vehicle must
be connected during specific low-price and high-price hours in order to exploit price
spreads. If arrivals are delayed or departures occur earlier, the optimizer loses access
to some of the most valuable arbitrage windows.
The co-optimized strategy is more robust to stochastic availability. Its ∆Π value
decreases by only 2.9% in the 1h case and 6.5% in the 2h case. This indicates that
reserve-market participation is less dependent on individual high-value spot hours
and can instead extract value across a wider set of available hours. The normalized
value per home hour remains almost unchanged, increasing slightly from 11.43 to
11.47 SEK/h in the 1h case and to 11.46 SEK/h in the 2h case. This suggests that
most of the reduction in total co-optimized value is explained by fewer available
home hours rather than a substantial decline in value intensity.
Within the tested perturbation realizations, service reliability remained high. In
the 1h case, only 12 departures require slack, corresponding to 0.02% of departures,
while the 2h case increases this to 26 departures, or 0.04%. This indicates that most
vehicles remain available to meet departure energy requirements even when arrival
and departure times are perturbed.
A limitation of this robustness test is that only one randomized realization was eval-
uated for each stochastic case. Therefore, the results should not be interpreted as a
full probabilistic assessment of mobility uncertainty. Other combinations of delayed
arrivals and early departures could lead to different economic outcomes, particularly
if they remove availability during high-value market periods. Furthermore, only 1h
and 2h perturbations were tested. Larger deviations would likely reduce profitability
more strongly, especially for spot arbitrage, and could increase departure slack. Still,
the results provide evidence that the co-optimized strategy remains relatively robust
under moderate availability uncertainty, while spot-only V2G is more sensitive to
timing errors.

5.2.7 Sensitivity to worst vs best case scenario
The combined worst-case and best-case scenario analysis provides practical eco-
nomic boundaries for the modeled V2G business cases rather than probabilistic
forecasts of future market outcomes. By simultaneously combining pessimistic and
optimistic assumptions across the most influential parameters, the analysis illus-
trates the approximate lower and upper bounds of economic performance under the
present modeling framework.
For the spot-only strategy, profitability remains sensitive to the combined assump-
tions. Under the pessimistic case, value relative to V1G is effectively eliminated,
falling to only 2.1 kSEK, corresponding to 0.002 SEK per at-home hour. This indi-
cates that pure arbitrage profitability can be almost entirely reduced when low price
volatility, high charging costs, battery degradation, and reduced vehicle availability
occur simultaneously. In contrast, the optimistic case increases spot-only profitabil-
ity to 2.14 MSEK, corresponding to 1.95 SEK per at-home hour. This represents
an increase of over 1,700% relative to the baseline case, highlighting the extreme
sensitivity of pure arbitrage to market conditions.
The co-optimized strategy shows substantially greater robustness. Even under the
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pessimistic combined scenario, the strategy retains 1.37 MSEK of value relative
to V1G, corresponding to 1.33 SEK per at-home hour. While this represents an
approximately 89% reduction relative to the baseline case, the business case remains
economically positive. Under optimistic assumptions, profitability increases more
modestly to 13.37 MSEK, corresponding to 12.17 SEK per at-home hour, an increase
of approximately 6.5% relative to baseline.
This asymmetry reinforces a key finding of the study: reserve-driven V2G value
appears significantly more resilient to unfavorable operating conditions than pure
spot-market arbitrage. Whereas spot profitability can collapse almost entirely un-
der adverse assumptions, co-optimized participation remains economically attractive
due to the dominant contribution from reserve-market revenues.
However, these scenarios should be interpreted carefully. The constructed combi-
nations represent deliberately conservative and optimistic parameter bundles rather
than realistic market conditions. Some combinations may be unlikely to occur simul-
taneously in practice, while other relevant uncertainties were not explicitly included.
The purpose of the analysis is therefore not prediction, but boundary testing of the
economic robustness of the modeled strategies.
The scenario analysis also highlights the importance of external market conditions.
The optimistic case resembles environments characterized by unusually high volatil-
ity, low network costs, and strong flexibility revenues, conditions partially observed
during periods such as the European energy crisis in 2022. Conversely, the pes-
simistic case illustrates how regulatory changes, reduced volatility, or tighter op-
erational constraints could materially weaken V2G economics. As electricity mar-
kets evolve with higher shares of renewable generation, increased electrification, and
changing tariff structures, the true operating environment may shift between these
extremes.

5.3 General Limitations

5.3.1 Solver tolerance and numerical consistency
Both the FCR-only and co-optimized models were computationally demanding in
this study, with substantially longer solution times than the V1G and spot-only
formulations due to the increased complexity associated with reserve market partic-
ipation and co-optimization.
To keep the sensitivity analysis computationally feasible, selected sensitivity runs
were solved using slightly adjusted solver settings to reduce computational time,
including, for example, a relaxed relative optimality tolerance (MIPGap). In these
cases, the corresponding baseline case was also re-solved using the same solver set-
tings to ensure consistency and comparability between results.
As an example, the baseline point in the grid fee sensitivity analysis was re-solved
using the same relaxed solver settings as the corresponding sensitivity runs. This
resulted in a small numerical variation between the reported baseline co-optimized
value of 12,555.6 kSEK and the corresponding baseline point in the sensitivity anal-
ysis of 12,509.2 kSEK under the same grid fee assumption (0.445 SEK/kWh). The
difference equals to 46.4 kSEK, or approximately 0.37%.
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This deviation is small relative to the magnitude of the economic effects analyzed
in the sensitivity studies, where profitability changes typically range from hundreds
of thousands to several million SEK. The minor numerical variation is therefore not
expected to affect the qualitative conclusions of the study.
In particular, the main findings remain unchanged: co-optimized participation re-
mains highly profitable under the modeled assumptions, reserve-market revenues
dominate the value stack, and the contribution from spot-market arbitrage within
the co-optimized strategy remains comparatively limited.

5.3.2 Centralized fleet control & market participation as-
sumptions

The optimization assumes full participation of all modeled EV users and perfect cen-
tralized control of the aggregated fleet. This implies that all participating vehicles
follow the optimized dispatch schedule exactly, without behavioural deviations, com-
munication delays, user overrides, or technical failures. Real-world EV aggregation
systems would inevitably face uncertainty related to user behaviour, participation
rates, charger compatibility, communication, and other operational constraints.
A related practical implementation consideration concerns access to reserve markets.
The present framework assumes that the aggregated EV fleet can participate in the
modeled ancillary service markets under the modeled technical conditions. In real-
ity, participation require sufficient bid size, reliable communication, and technical
control of the connected vehicles, which could limit practical implementation.
As an indicative ex-post feasibility check, the optimized aggregate reserve bids were
compared against the representative 0.1 MW minimum FCR bid threshold. The
fleet exceeded this threshold for at least one reserve product during 90.7% of mod-
eled hours, suggesting that the aggregated fleet would often be sufficiently large
from a bid-volume perspective. However, since the minimum bid threshold was not
enforced within the optimization framework, the model could assign economically
optimal reserve capacities below practical participation limits. The ex-post thresh-
old comparison should therefore be interpreted as an indicative feasibility assessment
rather than proof of full real-world market eligibility.
Furthermore, the vehicles are geographically distributed across Sweden rather than
concentrated within a single local distribution network. As a result, the aggregated
fleet behavior modeled in this study does not correspond to a physically co-located
fleet sharing common grid infrastructure constraints. This has two important im-
plications. First, the absence of local grid congestion could make aggregated power
peaks appear less problematic than they would be for a geographically concentrated
fleet. Second, the charging patterns and operational characteristics of the sample
may not fully represent general EV populations or future commercial aggregation
customers.
Another important consideration is fleet scale. While the present study analyzes
149 successfully optimized EVs, real commercial aggregators may operate substan-
tially larger fleets, particularly in a country such as Sweden with a rapidly growing
EV population. A larger aggregated fleet would likely improve reserve-market par-
ticipation robustness by increasing available bid capacity, reducing sensitivity to
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individual vehicle behavior, and smoothing uncertain availability fluctuations. The
analyzed fleet is relatively small compared with the scale of possible future com-
mercial EV aggregation, which may limit the direct generalizability of fleet-level
reserve-market behavior.

5.3.3 SOC operating bounds and practical user constraints
The optimization framework was constrained by the observed arrival and depar-
ture SOC requirements derived from the processed dataset. However, additional
conservative user-protection constraints, such as restricting battery operation to
intermediate SOC ranges (e.g. 20–80%), were intentionally not included.
This choice was made to estimate the theoretical upper economic bound of V2G
flexibility from an aggregator perspective, while remaining consistent with the ob-
served operational dataset, which included realized SOC trajectories extending both
above 80% and below 20% SOC.
Introducing narrower user-protection SOC windows would likely reduce accessible
flexibility, lower reserve capacity availability, and decrease arbitrage potential, re-
sulting in a more conservative estimate closer to practical commercial deployment.

5.4 Future Work
Several extensions could improve both the realism and applicability of the developed
optimization framework.
A natural next step would be to move beyond the deterministic perfect-foresight
formulation and incorporate stochastic uncertainty. While the present robustness
analysis perturbs vehicle home availability, the optimization itself still assumes per-
fect knowledge of future prices, reserve activations, and vehicle availability. Future
work could instead adopt stochastic or robust optimization approaches that account
for uncertainty in user plug-in behaviour, departure times, participation rates, mar-
ket prices, reserve activations, and bid acceptance outcomes. This would provide
a more realistic representation of operational decision-making, where aggregators
must submit bids and schedule charging under incomplete information.
Another important extension would be to include more detailed electricity network
constraints and tariff structures. While the present model includes volumetric grid
fees, it does not consider peak power limitations, demand-based tariffs, export tariffs,
or local distribution grid capacity restrictions. Incorporating such constraints would
improve the realism of dispatch decisions and provide a more operationally relevant
estimate of economic performance.
The temporal resolution of the framework could also be refined. Since ancillary
service activation occurs on much shorter timescales than one hour, future work
could explore higher-resolution optimization models to better capture short-term
operational dynamics, particularly for frequency containment reserve participation.
Battery degradation modelling represents another area for further development. The
current linear throughput-based approximation provides computational simplicity
but neglects important degradation drivers such as charging rates, temperature,
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depth of discharge, battery chemistry, and calendar ageing. More advanced battery
ageing models could improve the accuracy of long-term economic assessments.
Future work could also expand the system boundary beyond EV aggregation alone.
In practice, aggregators may coordinate EV flexibility alongside other distributed
energy resources such as residential demand response, BESS, heat pumps, or behind-
the-meter solar PV generation. Modeling integrated distributed flexibility portfolios
could provide a more realistic representation of aggregator operations and reveal syn-
ergies between multiple flexibility resources for peak management, self-consumption
optimization, and reserve-market participation.
Future research could also expand the market modeling framework. The present
study focuses on historical Swedish market conditions, primarily within the SE3
bidding zone. Extending the analysis to multiple bidding zones, alternative market
designs, or international electricity systems would improve the generalizability of
the results.
In addition, the market participation assumptions could be refined by incorporating
dynamic bid acceptance probabilities, changing reserve market competition, and
market-driven price impacts from increasing EV flexibility participation.
The vehicle fleet representation could also be expanded. A larger and more diverse
dataset with greater variation in vehicle models, battery capacities, charging in-
frastructure, and geographical concentration would improve representativeness and
allow investigation of how fleet composition affects flexibility potential.
Finally, future work could extend the framework toward a full business case assess-
ment by incorporating investment costs, aggregator platform costs, charging infras-
tructure requirements, customer compensation mechanisms, and regulatory market
access conditions. This would enable evaluation not only of technical flexibility
potential, but also of commercial viability for real-world EV aggregation business
models.
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This section concludes the study by summarizing the main findings of the devel-
oped EV flexibility optimization framework in relation to the research questions. It
highlights the key economic insights regarding the evaluated market participation
strategies and outlines the overall contributions of the work

This study evaluated the economic potential of aggregated EV-based (V2G) flexi-
bility in Swedish electricity markets from an aggregator perspective under perfect
foresight, using real-world vehicle availability data from 149 successfully optimized
EVs across approximately 2.5 years of operation.
The results show that the economic potential of V2G depends strongly on the se-
lected market participation strategy. Pure spot-market arbitrage generated only
modest economic value, suggesting that profitability was highly dependent on favor-
able charging behavior, timing, and sufficiently large electricity price spreads. This
indicates that pure arbitrage can provide limited and unevenly distributed value
across heterogeneous EV usage patterns.
In contrast, reserve-market participation fundamentally transformed the business
case. The FCR-only strategy generated approximately 9,850% higher economic
value than pure spot-market arbitrage, demonstrating that reserve capacity compen-
sation rather than energy arbitrage was the dominant value driver under the modeled
assumptions. The co-optimized strategy delivered a similarly large improvement
of approximately 9,950% relative to pure spot arbitrage. However, the additional
benefit of combining spot-market participation with reserve-market participation re-
mained below 1%, indicating that co-optimization provided only marginal ∆Π value
beyond the reserve-market strategy alone.
Several technical and operational constraints were found to shape this economic po-
tential. Spot-market arbitrage was constrained by narrow price spreads, charging
losses, battery degradation, grid import costs, and the requirement for precise tem-
poral vehicle availability. In contrast, reserve-driven strategies proved significantly
more robust due to their reduced dependence on exact timing of energy dispatch.
Power constraints also influenced flexibility, with higher charging/discharging power
limits increasing economic potential, particularly for reserve participation.
The scenario analysis showed that V2G economics remain highly dependent on mar-
ket and operational assumptions, but with important differences between strategies.
Spot-market profitability showed strong sensitivity to electricity price volatility, grid
fees, degradation costs, and stochastic availability perturbations, with profitability
ranging from near-zero under pessimistic assumptions to over 2.1 MSEK in op-
timistic conditions. In contrast, reserve-driven strategies remained comparatively
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robust, with only modest sensitivity to grid fee increases, stochastic availability per-
turbations, and other conservative assumptions. Even under the pessimistic com-
bined scenario, the co-optimized strategy remained economically positive at 1.37
MSEK.
Taken together, the results suggest that aggregated EV-based V2G can represent
a highly profitable aggregator business model in Sweden under the modeled as-
sumptions, but primarily through ancillary service participation rather than pure
spot-market arbitrage. The findings also demonstrate that while reserve-driven V2G
appears robust across a wide range of tested conditions, the economic viability of
V2G remains closely linked to market design, tariff structures, battery degradation
assumptions, and future regulatory conditions.
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A
Appendix 1

Table A.1: Standardisation of raw event-data column names.

Original column Standardised column
Event Type event_type
Start Time start_time
End Time end_time
Location location
Start SOC start_soc
End SOC end_soc
Charged Energy charged_energy

Table A.2: Main input variables used in the deterministic optimization framework.

Category Variable Description
Vehicle state ht Home connection indicator

ft FCR availability indicator at home
δarr

t Arrival indicator
δdep

t Departure indicator
Energy Earr

t Observed arrival energy
Edep

t Observed departure energy
Emax Battery capacity

Market prices and costs πt Spot electricity price
cgrid Grid fee applied to imported electricity
λN

t FCR-N capacity price
λD,up

t FCR-D up capacity price
λD,down

t FCR-D down capacity price
µup

t mFRR up activation price
µdown

t mFRR down activation price
Activation factors αN,up

t FCR-N upward activation factor
αN,down

t FCR-N downward activation factor
αD,up

t FCR-D upward activation factor
αD,down

t FCR-D downward activation factor
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A. Appendix 1

Table A.3: Baseline parameters used in the deterministic optimization models.

Parameter Value Description
∆t 1 h Time-step duration
SOCmin 0.0 Minimum state-of-charge limit
SOCmax 1.0 Maximum state-of-charge limit
P max

ch 11.0 kW Maximum charging power
P max

dis 11.0 kW Maximum discharging power
ηch 0.93 Charging efficiency
ηdis 0.93 Discharging efficiency
cdeg 0.5 SEK/kWh Battery degradation cost coefficient
cgrid 0.445 SEK/kWh Grid fee applied to charging
γFCR 1.0 Accepted FCR bid fraction
τN 1 h FCR-N activation duration
τD,up 1 h FCR-D up activation duration
τD,down 1

3 h FCR-D down activation duration
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Figure B.1: Average yearly market prices for the electricity markets considered
in this study, including the day-ahead spot market, FCR-N, FCR-D up/down, and
mFRR up/down

Figure B.2: Number of EVs participating throughout 2022.
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Figure B.3: Number of EVs participating throughout 2023.

Figure B.4: Number of EVs participating throughout 2024.

Figure B.5: Number of EVs participating throughout 2025.
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Figure B.6: Distribution of estimated maximum charging power, P̂ max
v , for the

analyzed EV fleet.

Figure B.7: Distribution of estimated battery capacities for the modeled EV fleet.

Figure B.8: Departures with slack during stochastic perturbations.
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