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Abstract

In this thesis, we explore the potential of financing a fast charging system with energy
storage by delivering ancillary services from the energy storage in an optimal way.
Specifically, a system delivering frequency regulation services FCR-D Up and FCR-D
Down in combination with energy arbitrage trading is considered. An optimization model
is developed that could be implemented operationally and then used in a Monte-Carlo
simulation to estimate the net present value of the system for four identified cases at three
different energy market price scenarios. The main modeling approach is to formulate the
system as a state-space model serving as the foundation for model predictive control, with
the delay between decision and delivery of the frequency regulation services incorporated
as a part of the system state. The optimization of the system is implemented using
a dynamic programming approach with a time horizon of 48h, where the choice of
admissible controls is optimized for computational efficiency. The result shows that the
system could profitable under optimal operation, but it is heavily dependent on the size
of the grid connection, future price levels for ancillary services, and the nature of fast-
charging demand. As such, the business case and profitability should be evaluated with
a specific use case in mind. The developed model showed relatively good computational
efficiency for operational implementations with a run time for one iteration of the
optimization problem of 15s. The model could therefore be used as the foundation
for future research within the specific field and for similar control problems considering
delayed controls and stochastic demand. Several proposed improvements and suggested
areas of future research are proposed.
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Acronyms

BEV Battery Electric Vehicle
ESS Energy Storage System
NPV Net Present Value
FCR-D Frequency Containment Reserve - Disturbances
FCR-N Frequency Containment Reserve - Normal Operation
FFR Fast Frequency Reserve
MPC Model Predictive Control
Svk Svenska Kraftnät
.
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Notation

ā The expected value of a
â a is an optimal value or vector

A(x) Indicator function with respect to conditional set A valued at x
Fk σ-algebra at time k, representing the known level of information
ã The variable a a is stochastic
a+ Variable referring to energy purchase and ESS recharge
a− Variable referring to energy sale and ESS discharge
ad Variable referring to FCR-D Down
au Variable referring to FCR-D Up
ak,i Component i of vector a at time k

k Index representing time steps in the optimal control problem
k0 Initiation time of MPC model
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Chapter 1

Introduction

The adoption of electric vehicles is increasing in Sweden. This development increases the
need for a supportive ecosystem and especially for fast-charging infrastructure. However,
the current power system is limited in terms of power output, and in many locations,
there is not a sufficient power grid connection to enable fast charging to a necessary
extent. Due to inherent inertia in the system, it can take multiple years before these
connections can be upgraded to sufficient levels, creating a bottleneck for electric vehicle
adoption (Energimyndigheten 2022). One potential short-term solution is to leverage an
Energy Storage System (ESS) to enable fast charging at such sites. The main idea is to
recharge the ESS with the low power grid connection during periods with lower demand
and to provide high power output to electric vehicles when needed. While posing an
interesting potential solution, these energy storage systems, based on lithium batteries,
are an expensive investment for a fast-charging operator. However, ESS can also be
used to provide ancillary services, such as load shifting and frequency regulation, to the
power grid in return for financial compensation. This setup has shown promising results
both when the ESS functions as a stand-alone system but also when it is used to power
scheduled industrial production (Vattenfall 2020). Applications, where the ESS is used
to power more uncertain power demand, have not been explored to the same extent and
also imply larger difficulties concerning the scheduling of the ancillary services.
In this thesis, we aim to explore the prospect of combining the two application areas for
ESS into a system providing fast charging at currently unavailable sites while reaching
financial viability through ancillary services. While both areas have been explored
in academia and in industry individually, few efforts have been made regarding their
combination. The stochastic nature of fast charging demand together with the market
dynamics of the ancillary services makes this combination non-trivial in regards to
scheduling and control. Specifically, one wants to maximize revenue from ancillary
services without failing to meet customer charging demand. With this in mind, we
explore this field from the perspective of optimization and systems theory, aiming to
understand the potential financial value of the proposed system under optimal control.
Specifically, we seek to answer the following two research questions: Can optimal control
of ancillary services provide a viable business case for an ESS providing BEV fast charging
in locations with insufficient grid connection?
The focus of this thesis is therefore twofold. The first focus is on the process of optimal
control through mathematical modeling and optimization and the second focus is on the

2



CHAPTER 1. INTRODUCTION

outcome of such an optimal control model. The goal is to both develop a practical model
that could be used for optimal control of the proposed system and also to provide insights
into the profitability of potential investments in such systems.

1.1 Previous Research
ESS:s have been explored in literature from multiple perspectives. Optimal control of
frequency regulation has, for example, been studied by Engels, Claessens, and Deconinck
(2019), Lee et al. (2019), and Kazemi and Zareipour (2018). Optimal control of an
ESS serving as the foundation for fast charging is investigated by Liberati, Giorgio,
and Koch (2022). The authors focus on finding the optimal control of the charge and
discharge of the system to minimize the volume of traded energy. They formulate this as
a continuous control and solve it analytically using Pontryagins Minimization Principle
(PMP). Cheng and Powell (2018) optimizes an ESS with both frequency regulation and
spot price trading through nested dynamic programming, by focusing on the minimization
of energy trading with the grid while aiming to keep the ESS at a certain charge level. In
their review of optimal control methods for energy storage systems, Machlev et al. (2020)
analyzes literature and presents a mapping of the most common modeling techniques.
The techniques cover a range of approaches, ranging from machine learning to more
traditional optimal control methods such as Linear Programming, PMP and Dynamic
Programming.
The charging demand for Battery Electric Vehicle (BEV) has been studied using a variety
of approaches on both an aggregated level and for individual sites. For instance, in an
article published by Berkelmans et al. (2018), BEV charging demand is forecasted by
a Cross-Nested Logit model. The model uses a set of pre-defined variables, such as
mean income in the area and the number of cars registered close by. Further, Zhang
et al. (2018) presents a model of an BEV fast charging station where the number of
vehicles at a charging station is modeled as states in a Markov chain. In their model,
arrival processes are assumed to be Poisson distributed and departures exponentially
distributed. The study then estimates expected electricity demand using Monte Carlo
simulations of BEV charging.
Some research has been made regarding systems providing both ancillary services and
fast charging. (Park et al. 2020; Lai et al. 2022; Funke et al. 2020). Liberati, Giorgio,
and Koch (2022) explore the optimal control of an ESS providing fast charging and one
ancillary service, where the main purpose of the ESS is to flatten the charging curve
generated by fast charging within an area. Funke et al. (2020) analyze the financial gain
of an ESS used for peak shaving and arbitrage spot market trading. In this setting,
the ESS acts as a support that is not needed to provide the baseline fast charging.
The authors propose a solution where the ESS only provides fast charging at fixed time
windows and is engaged in arbitrage spot market trading at other times.

1.2 Methodology
The main model approach is to formulate a system and optimization problem such that
the identified optimal control could be implemented operationally. This creates a flexible
and dynamic model with many possible applications and modes of analysis. As the model
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CHAPTER 1. INTRODUCTION

is dependent on specific site configurations it is implemented on a set of sites with varying
parameters. Specifically, the profitability and net value of implementing the proposed
system at the case sites are obtained through Monte Carlo analysis and simulation using
varying price scenarios, similar to Zhang et al. (2018).

1.3 Delimitations
Regulations regarding ESS, electricity trading and ancillary services differ between
regions and countries, and the model is developed specifically for the context of the
Swedish market and power system. Furthermore, only a subset of available ancillary
services has been considered. These are D − 2 Frequency Containment Reserve -
Disturbances (FCR-D) up, D − 2 FCR-D down and D − 1 spot trading. While the
intraday spot price market and the day ahead FCR-D market pose interesting fields for
future research, they were deemed too unpredictable to include in the initial model.

1.4 Document outline
Chapter 2 presents a background to the context of the project, including ESS and
ancillary services. Chapter 3 presents preliminaries in terms of necessary mathematical
concepts. Chapter 4 presents the main contribution of the thesis; the mathematical
formulation of the system and the optimal control problem. Chapter 5 concerns a brief
overview of the method used for the simulation of the derived model and in chapter 6
the model is implemented on a set of test cases in a case study. Finally, the results
are discussed in chapter 7 together with suggested improvements and fields for future
research.
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Chapter 2

Background

2.1 BEV Charging demand
In the study by Berkelmans et al. (2018), linear dependencies between pre-defined
variables and charging demand are found. It is difficult to assess their model’s
applicability to the Swedish industry as the study is conducted in the Netherlands.
However, the number of cars in the area is likely to impact electricity demand in
nearby charging stations, making it a variable that can be used for predicting energy
demand.
In an article published by Power Circle, a scenario analysis is used to predict the number
of electric vehicles in 2030. The results show that the percentage of BEVs is expected
to increase. In the ”high scenario”, around 80% of Swedish vehicles will be driven by
electricity. This suggests that the demand for power stations is likely to increase. (Barr
and Topel 2022)

2.2 Energy storage systems
The purpose of an ESS is to store energy and distribute it locally when it is challenging
to meet the electricity demand due to a lack of capability in the grid. For example, one
could charge the storage when demand is low at a slow pace and discharge the storage
at peak demand to reduce the required power from the energy production sites through
the grid. If the ESS is located close to the energy demand, it can reduce the strain on
the power lines as the power can be distributed locally from the storage.
ESS is, in reality, a broad concept including different types of technologies, but in this
thesis, ESS refers only to electric ESS. While other types of ESS, such as mechanical,
thermal, and hydro, have multiple valuable use cases, electric ESS are better in activation
speed and size. Furthermore, the type of energy storage considered in this thesis is
lithium-ion batteries. While the developed model only focuses on battery capacity level,
making it agnostic to the underlying technology to some extent, the choice of material
impacts the energy loss efficiency. Specifically, when charging such a battery, there are
two main types of energy losses; the first one is to convert alternating current to direct
current, where approximately 10% of the energy is lost. When discharging the battery,
the process is reversed, resulting in a further 10% energy loss. The second energy loss

5



CHAPTER 2. BACKGROUND

is when storing the electricity chemically. New batteries are quite efficient, and the loss
can be approximately 3%. These levels were attained through personal interviews at
Vattenfall AB.
Due to the rapid development of battery technology, it is currently difficult to
approximate the investment cost and lifetime of an ESS. However, some rough estimates
that have been identified through discussion with Vattenfall and that will be used as
assumptions for the net present value analysis is that an ESS has an initial cost of 7
MSEK and a lifetime of 10 years.

2.3 Frequency regulation
Frequency regulation covers various system services sharing the common ground of
stabilizing the grid frequency to a given balance level in the Nordics to 50 Hz. Different
services provide different types of stabilization, where the main factors are time frame
and size. Below are the main types of frequency regulation services that are relevant to
this context. The bid must be placed before the regulation is performed for all frequency
regulation services. The recommendations are placed to Svenska Kraftnät and can be set
two days in advance in the ”D-2” market and one day in advance in the ”D-1” market.
The bid is an obligation to provide a certain amount of frequency regulation during a
specific period, which is always one hour long. From interviews with stakeholders at
Vattenfall, one can conclude that it is unlikely that a bidder will have to give all of the
FCR-D they have offered; more commonly, it is a small portion of the obliged amount,
where the maximal capacity of a bid can only be demanded for 20 minutes during the
hour. Further, time is given during the hour when a bid has been accepted to recharge
the energy storage.

FCR-D
FCR-D is a common type of frequency regulation focusing on stabilizing larger
disturbances. The service is closely related to Frequency Containment Reserve - Normal
Operation (FCR-N), but where FCR-N focuses on the interval between 49.9 - 50.1 Hz,
FCR-D focus on the intervals 49.1-49.5 Hz and 50.1-50.5 Hz, depending on the type of
deviation. Accordingly, there are two symmetrical services of FCR-D: FCR-D up that
increases the frequency and FCR-D down that decreases the frequency. Both services are
traded on similar markets, but prices are determined individually. FCR-D is a relatively
new service introduced to the market in January 2022.
There are two markets for FCR-D, the D-2 market and the D-1 market. The D-
2 market provides the foundation for FCR-D trading, where actors offer bids to one
single purchaser; Svenska Kraftnät (Svk). The D-2 market is based on the bid–to–pay
principle, not marginal price as in the spot price market. This means that each actor
bids the quantity of each service they are willing to provide at different prices. Svenska
Kraftnät then purchases the amount of service they will need at the lowest prices possible.
This means that prices are not deterministic before the auction is made. However, the
mean price in this market is relatively correlated with the previous mean price, making
it relatively predictable. SVK recently also decided to change the pricing of FCR-D
to marginal pricing. Further, the time of the auction is being moved from 15:00 to
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CHAPTER 2. BACKGROUND

00:00 (Svenska Kraftnät 2023a). Hence, 00:00 is used as the decision time for planning
FCR-D as simulations in this report aim to emulate the market after the changes are
implemented. However, the D-1 market provides flexibility to the market. Due to new
information being revealed, due to discovered potential for individual actors to provide
the service, and increased certainty in the opportunity cost of energy, actors can choose
to sell or purchase more FCR-D. This market is, however, highly volatile and depends
on many independent phenomena, making it more difficult to predict. As such, this
thesis will solely focus on the D-2 market, as predictions of prices on the D-1 market will
result in too large errors. Insights into the market were given in personal interviews at
Vattenfall.
The prices of FCR-D regulations fluctuate, both during each day and during more
extended time periods. Over each day, prices tend to drop when the overall electricity
demand is low and increase when demand is high. Peak hours of electricity demand are
around 8:00 in the morning and around 17:00-19:00 in the afternoon, with a significant
decrease during the night. The price also highly depends on spot prices. This information
was given as a basis for this thesis by Vattenfall. To illustrate how prices differ over time,
below is a plot of prices of FCR-D during the last two years. Note that FCR-D down is
0 before it is introduced in January 2022 (Svenska Kraftnät 2023b).

Figure 2.3.1: FCR-D Prices

FCR-N
If the frequency in the grid is 49.9 to 50.1 Hz, Frequency Containment Reserve - Normal
(FCR-N) is used. It is a smaller market than FCR-D as it is only used for adjusting to
slight deviations in the frequency (Svenska Kraftnät 2023c). The national demand in
Sweden is 231 MW compared to up to 558 MW for FCR-D up and 538 MW for FCR-D
down (Svenska Kraftnät 2023d) (Svenska Kraftnät 2023e).

FFR
Fast Frequency Reserve (FFR) is a way of handling quick frequency changes that can
occur in the Nordic power system if there is a low amount of rotational energy in the
system. The requirements for entering the FFR market are to bid at least 0.1 MW
and have a faster activation time than the other frequency services. (Svenska Kraftnät
2021)
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Frequency regulation system requirements

FCR-N FCR-D Up FCR-D Down FFR
Smallest
bid 0.1 MW 0.1 MW 0.1 MW 0.1 MW

Activation
time 49,9-50,1 Hz 49,9-49,5 Hz 50,1-50,5 Hz Low rotational

energy

Activation
time

63% within 60s
100 % within 3m

63% within 60s
100 % within 3m

50% within 5s
100 % within 30s

0.7 s if 49.5 Hz
1.0 s if 49.6 Hz
1.3 s if 49.7 Hz

Volume
demand 231 MW 558 MW 538 MW 100 MW

Bidding
time 1 hour ≥ 20 minutes ≥ 20 minutes 5s/30s

(Repeatable)

Table 2.3.1: System requirements for qualifying as an actor on the frequency regulation
market

Spot price trading
Spot price trading is arbitrage-based trading of energy loads according to the natural
fluctuations of energy prices, i.e. purchasing energy when electricity prices (i.e. spot
prices) are low and selling when prices are high, given that the energy storage is expected
to have enough unused capacity to support such strategies. This strategy is possible as
spot prices during each day are highly dependent on factors that can be reliably predicted,
such as weather, temperatures and habits of consumers. An example of such patterns is
the rise in electricity consumption in the mornings and afternoons before and after office
hours. To some extent, the power of spot price trading is applied indirectly through
operating the battery normally, as the energy price when charging the battery will be
lower than the foundational energy price for selling charge to BEV customers to a more
significant power than that provided by the grid.
There are two main types of markets for spot price trading: the D-1 market and the
intraday market. As in the case of FCR-D, one market provides the foundation, and
one market provides flexibility. Each day every participant in the market places bids on
when they wish to purchase electricity and when they wish to sell electricity respectively
during the following day. The bids will result in the spot prices for every hour where
prices are fixed. If a sudden need to deviate arises, more electricity can be bought and
sold during the day. However, this electricity is not accounted for; thus, a further fee must
be paid for deviating from the bid placed the day before. This fee is called a regulation
fee and depends on several parameters, such as the potential of electricity generation
from hydropower at that specific time. As the ESS explored in this thesis will be a part
of an aggregated bid to the spot market, the market dynamics of the spot trading are
not considered. All information concerning the spot price market was given in interviews
at Vattenfall.
Cheng and Powell (2018) provide a state-space representation for a ESS incorporating
both spot price trading and frequency regulation. The authors explicitly model the
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spot price as part of the state in the state-space model but with a stochastic transition
function.

Grid Tariffs
The grid tariff price consists of prices for transporting energy over the grid and providing
electricity. Connections providing higher electrical power result in higher monthly costs.
The cost includes a fixed part and a variable cost dependent on the time and quantity of
energy purchased. In the prices from Vattenfall Eldistribution, buying electricity during
peak hours is more costly than buying when the grid is less utilized. Peak hours are from
Monday to Friday from 6:00 to 22:00 during November - Mars (Vattenfall Eldistribution
2023a).

2.4 Business Analysis
Net Present Value
The main goal of the model and thesis is to understand the profitability of the suggested
system. Profitability can be understood and calculated in several different ways and is in
this thesis mainly viewed in terms of Net Present Value (NPV). This metric refers to the
discounted net value generated during an economic object’s lifetime, where discounting
puts the net value in relation to the cost of capital. Discounting can in itself be performed
in several different ways, but for simplicity, this thesis uses discounting on a yearly basis.
Given a time horizon N , revenue year k: Rk, cost year k: Ck and initial investment I
and discount rate r, the NPV of a system is given by:

NPV = I +
N∑

k=1

Rk − Ck

(1 + r)k
(2.1)

For an overview on net present value and discounting, see e.g. Berk and DeMarzo
(2019)

Customer Churn
In extension to the profitability determined in terms NPV, there is also a need to study
more qualitative metrics. In the proposed system, combining fast charging with system
services, there is a risk that customers arrive at the site when the battery is empty. While
this would go against the primary purpose of the system, it would not directly have a
negative effect on the NPV. To understand the extent to which this phenomenon occurs,
the concept of customer churn is introduced. Customer churn refers to a general case
where a customer stops using a service or product, thereby ending their relationship with
a company (Çelik and Osmanoğlu 2019). In the context of this thesis, customer churn
refers to what is commonly referred to as the customer churn rate, i.e., the percentage
of total customers that leaves a service. In this definition, the concept relates to the
case where a potential customer leaves the fast charging site. Therefore, it does not
make any assumption regarding the continued relationship between the customer and
the fast-charging provider.
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Chapter 3

Preliminaries

3.1 Probability theory
Stochastic Processes
In order to describe the stochastic development of prices and customer demand the
concept of a stochastic process is introduced. These are mathematical concepts that
represent a factor that in some way is affected by an external random influence. Formally
a a stochastic process X is defined as a family of random variables X(t),

X = {x(t)|t ∈ T}, (3.1)

where T is the index set of the process, and often represents a certain time period.
All random variables X(t) are in this definition also defined on the same probability
space, meaning that all variables share the same fundamental random behavior. (Koski
2017)

Filtration
The models developed in this thesis are dependent on the availability of different
information. For example, whether certain price developments are known or if they
have to be predicted has a large impact on the formulation of the optimization. In order
to formally discuss this availability and flow of information, the concept of filtration is
introduced. This concept in turn depends on the mathematical object of σ-algebra, which
describes how much information is available at any time. Formally a collection of subsets
F of all possible events Ω is called a σ-algebra. A set F is a σ-algebra if:

• if Ω ∈ F ,

• if A ∈ F , then Ac := Ω \ A ∈ F ,

• if Ai ∈ F for all i, then
∞⋃

i=1

Ai ∈ F ,

(3.2)

where A ∈ F is interpreted as an event. The collection of events F models a certain
level of information, and when the size of the set increases, more events can be identified
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CHAPTER 3. PRELIMINARIES

and assigned a probability. To model the flow of information, the concept of filtration is
introduced. The definition of filtration for both continuous and discrete time is given by:
”A family of (Ft)0≤t≤T of σ-fields on Ω is called a filtration if Fs ⊂ Ft whenever s ≤ t”.
Where F0 is initial information. It is assumed that the information available only grows,
and thus no information is lost over time. (Rutkowski 2016)

3.2 State-Space Representation
A common way of modeling system dynamics is a first-order differential equation of the
three variables u (input), y (output), and x (state). The system can be defined by the
derivative of x as dependent on the current state and input, and the output depends
on the current state and information. In a generalized time-invariant continuous case, a
state-space system can be written as (Watanabe 2018):

ẋ = f(x, u),

y = f̂(x, u).
(3.3)

In this definition, the function f describes the so-called system dynamics, i.e. how the
states and controls impact the development of the system. The function f̂ can be seen as
the output or value function, mapping the states and controls to a certain value. There
are several important characteristics that separate state-space models from each other,
for example, whether the system dynamics in itself remain constant over time or whether
the system is discrete or continuous. For this project, a discrete time-variant state-space
model is proposed. Such a system can be defined as

xk+1 = f(t, xk, uk),

yk = f̂(t, xk, uk).
(3.4)

This definition has two important consequences. First of all the fact that the system
is time-variant implies that being in a certain state and executing a certain control at
time k0 might have a different impact on the system than had it occurred at time k1.
The second aspect is that the system is discrete, meaning that the state update equation
should be seen as a difference equation and not a derivative.

3.3 Model Predictive Control
Model Predictive Control (MPC) is a tool that continually optimizes behavior over a time
horizon where information is not deterministic over the whole period. The aim of MPC
is thus to optimize forecasts of decisions. An example of where MPC can be applied is a
problem with a value function and constraints and a controllable input that one wish to
optimize over an infinite time horizon. MPC is executed by finding an optimal control
over a shorter time horizon based on forecasts and executing the first part of the derived
control. The length of the time horizon and executed control can be decided to suit the
setting of the problem. When the control is executed, the actual outcome of predicted
values will be known and may influence the value of the previously determined optimal
control. Therefore the modeling starts over and once again finds optimal control over
a new time horizon of the same length as previously but starting at the current time.
(Allgöwer 2017)
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Stochastic Model Predictive Control is a sub-type of MPC where uncertainties are
unknown but assumed to be bounded such that the constraints of the problem formulation
are not violated for any stochastic outcome of the unknown variables. This is important
as it ensures the derived solution is feasible for every predicted variable outcome. The
assumption enables optimization on expected values, not worst-case values, as stochastic
outcomes can not breach the problem’s constraints. The model’s performance can be
improved by not optimizing on worst-case scenarios. (Allgöwer 2017)

3.4 Dynamic programming
Dynamic programming divides an optimization problem into a sequence of several minor
problems by introducing multiple stages and states. The stages are used to restructure
the problem such that only one optimization at each stage can be solved one stage at
a time. Each problem is solved as an ordinary optimization problem, but the solution
found is stored and used to define the characteristics of the problem in the next stage. At
each stage, a number of decisions are possible and may be influenced by what has proven
optimal in previous steps. The stages often represent time periods of a planning horizon
where one wishes to find an optimal strategy. At each stage, states can be introduced
to represent information required to asses future consequences of decisions made in the
current stage. The states can represent different variables in the optimization, and several
states could be used. For example, in a problem where the objective is to place optimal
orders to restock an inventory, a state could represent the current inventory level for each
time stage.
After introducing stages and states, a recursive optimization problem has to be developed
to find the optimal solution to the problem. This procedure solves each one-stage problem
and sequentially includes information from solutions found in previous one-stage problems
until the overall optimal solution is found. A common approach when defining the
recursive optimization process is using a backward induction process where the first stage
problem being solved is the last stage of the problem. The problems are then solved by
moving backward towards the first stage, where the optimal solution can be found. The
basis of the solution is the principle of optimality which states that ”whatever the current
state and decision, remaining decisions must constitute an optimal policy with regard to
the state resulting from the current decision”.
To mathematically formulate the dynamic programming approach, several variables are
introduced. In a decision process with multiple stages, the cost can be denoted as
follows:

fn(dn, sn), (3.5)

where dn is the decision, and sn is the current state with n stages to go. Note that
the feasible set of decisions can depend on the current state. Defining the total number
of stages as a finite number N enables a so-called transition function. The transition
function describes the next state in the process dependent on the current state and
decision. Note that n denotes the remaining stages of the total N stages. This means
that the recursion formula describes state in stage (n−1) from variables in state n:
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sn−1 = tn(dn, sn) (3.6)

In this equation, the transition function tn is defined by the problem at hand. The explicit
definition of the transition function implies that once the current state and decision are
known, there is no uncertainty of the state in the coming stage. Each possible decision
dn ∈ Dn (where Dn denotes feasible decisions at stage n) generates the cost fn(dn, sn)
and produces a new state for the next stage according to the transition function. Given
the number of feasible decisions at each stage, the objective is always to minimize costs
for all remaining stages. This can be written as:

vn(sn) = min fn(dn, sn) + fn−1(dn−1, sn−1) + · · ·+ f0(d0, s0)

s.t. sm−1 = tm(dm, sm) (m = 1, 2 . . . , n)

dm ∈ Dm (m = 0, 1 . . . , n)

(3.7)

This minimization aims to find a string of decisions dn + · · ·+ d0 that gives the minimal
accumulated value of the cost functions for each stage. As only one of the cost functions is
dependent on the current stage, the problem can be rewritten by defining a sub-problem
vn−1:

vn−1(sn−1) = min {fn−1(dn−1, sn−1) + fn−2(dn−2, sn−2) + · · ·+ f0(d0, s0)}
s.t. sm−1 = tm(dm, sm) (m = 1, 2 . . . , n− 1)

dm ∈ Dm (m = 0, 1 . . . , n− 1)

(3.8)

Combining these expressions gives the recursive expression known as the Bellman
equation:

vn(sn) = min {fn(dn, sn) + vn−1(sn−1)}
s.t. sn−1 = tn(dn, sn)

dn ∈ Dn

(3.9)

This problem can be solved recursively by storing optimal values for previous stages to
compute optimal solutions for new stages without calculating values for previous stages.
The recursion does not define the stage zero problem, and therefore, the recursion formula
has to be initiated with the zero problems (Bradley and Magnati 1977):

v0(s0) = min {f0(d0, s0)}
s.t. d0 ∈ D0

(3.10)

3.5 Monte-Carlo Simulation
Monte Carlo simulation is a method where randomly generated numbers are used to
solve problems or understand the behavior and performance of a system. Monte Carlo
methods are useful for decision-making under uncertainty. The method is applicable when
a problem cannot be solved analytically or would result in too high a time complexity
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to run all possible combinations of events. The idea of the method is to sample inputs
randomly from a known distribution and after that assume those inputs are true and
calculate system behavior deterministically. Because of the random nature of the samples,
the simulation has to be run many times until convergence is achieved and results can
be interpreted. In operations research, it is common to utilize Monte Carlo methods for
queue simulation as it is a good example of discrete event simulation. (Bidgoli 2003)
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Chapter 4

System Model and Optimal
Control

In this chapter, the mathematical models and control problems developed for the system
are formulated. After a brief overview of the general modeling approach and model
environment, the optimal control problem is formulated with the corresponding state-
space system representation in section 3. Section 4 presents the model predictive control
model that provides the foundational structure of the model. Finally, the model used for
energy demand prediction is presented in section 5.

4.1 Model Approach
The general mathematical approach is formulating a state-space representation of the
system and its controls. The state-space representation is then used as the foundation
for Model Predictive Control with a 1-hour time step and 48-hour horizon. This time
step is chosen as it corresponds to the time period in which the spot prices and are
FCR-D prices are constant. The horizon is with the amount of available information in
mind. The control necessarily relies on predictions of the energy price, BEV charging
demand, and ancillary services prices. While the projections of these processes are
complex for long time horizons, they are satisfyingly predictable when considering shorter
time frames. This thesis considers only the D − 2 FCR-D market and the D − 1 spot
market. These markets can be seen as deterministic when considering horizons of 36h
and 48h, respectively. The Model Predictive Control (MPC) horizon of 48 hours enables
all known information to be used in the model while not relying extensively on uncertain
predictions.
An optimal control problem is solved every hour using the dynamic programming
framework. While the system could be formulated to enable other techniques, such
as linear programming, dynamic programming was chosen as the recursive structure fit
the problem intuitively and allows for a relatively small state space.
One complicating factor is different control delays of ancillary services. Energy arbitrage
trading and recharging are direct services where the decision and execution of the service
occur at the same time. Frequency regulation, on the other hand, is a scheduled service
where the execution and delivery of the service are delayed from the decision. Specifically,
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in the D − 2 market considered here, the decisions made at 00:00 are executed 25-
48h later. The main approach to include this dynamic in the model is by formulating
a separate optimization problem for the case when the evaluated time step is 00.00,
where new FCR-D services can be scheduled. The scheduled services are then treated as
constraints for the available capacity and grid power during the subsequent optimization
problems.

4.2 Probability space
The model depends on the following four external processes:

1. {p̃sk}Mk=k: spot price
2. {d̃k}Mk=0: energy demand for BEV
3. {puk}Mk=0: price of FCR-D up
4. {pdk}Mk=0: price of FCR-D down

Given the chosen MPC horizon, the FCR-D prices are deterministic. The amount of
known spot prices varies between 12 and 36 hours, making the amount of stochastic spot
prices range between 12 and 36. The energy demand is stochastic for the entire time
horizon. To provide a suitable mathematical representation, a filtered probability space
is introduced. Let (Ω,A,P,F) be the probability space serving as an environment for
the model, where the filtration F = (Fk)0≤k≤M , represent all knowledge of stochastic
processes up to point k.
The optimization goal is to find the optimal control of the system given this probability
space. As such, the optimization is made based on the expected development of these
stochastic processes, and the resulting performance is obtained by simulating outcomes
in the probability space.

4.3 Optimal Control Formulation
This section formulates the optimal control problem that is executed at every time step
of the MPC in terms of a state-space system. Feasible states, admissible controls, and
system dynamics are presented together with the value function and Bellman equation
used for the dynamic programming.
The problem is structured and treated as the following general optimal control
problem.

max
{uk}

N+k0
k=k0

Φ(xk0+N) +
N+k0−1∑

k=k0

f̂(k, xk, uk,Fk0)

s.t. xk+1 = f(k, xk, uk,Fk0)

xk ∈ Xk, uk ∈ Uk0,k,xk

(4.1)

With xk being the system’s state and uk being the applied control at time step k. The
feasible states at time step k are denoted Xk, and the set of admissible controls Uk0,k,xk

.
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This notation corresponds to the set of admissible controls being dependent both on
the current time step k and the current state xk but also the time of system initiation
k0. The latter is included since scheduling of new FCR-D services only occurs at 24:00.
During other times the system can not schedule new services and only views them as
given constraints. One could to some degree view the optimal control problem solved
at 24:00 as a separate problem due to the foundational difference in admissible controls.
However, in order to provide concise notation more in line with the standard format
for state-space systems, this dynamic has been incorporated into the system through
the included dependency of the set of admissible controls on initiation time. Given the
general structure of the model, each component is discussed in detail below.

States
The only necessary aspect of the physical system to include in the state formulation is
the current capacity of the system. Other main factors contributing to the development
of the system are either external processes or constants. In the physical system, the
current capacity is a continuous variable. This would however generate an infinite set of
feasible states at every stage. The time complexity of dynamic programming is mostly
dependent on the size of this set and an infinite number of feasible states would generate
an unnecessarily slow solution. To improve the time complexity of the model, the set of
feasible capacities is instead defined as the discrete set Y ⊂ 10N. The choice of intervals
of 10 is made with time complexity in mind but could imply that the optimal results to
some extent differ from the real system. However, as Y ⊂ R the optimal solution of the
model can not be better than the optimal solution of the true system. As the purpose
of the model is to approximate the system’s net value and the risk is of more pessimistic
results, the simplification is deemed reasonable.
Even though capacity is the only aspect of the true physical system, there are more
components in the state definition; the scheduled FCR-D controls. Having been identified
through previous optimization the state components serve as a system memory of the
controls, incorporating them as fixed constraints for subsequent optimization. These
states are defined separately for FCR-D Up [ zuk ] and FCR-D Down

[
zdk

]
, but both

zuk , z
d
k ⊂ 100N48. The interval of 100 corresponds to the structure of the FCR-D market,

where the smallest bids are 100 kW, and the choice of dimension 48 corresponds to the
time horizon of the model. While the inclusion of these components increases the total
dimension of the state to 97, it does not affect the number of feasible states at each
stage. The scheduled services are received as input to the optimal control problem and
the components are accordingly independent of the controls. Therefore, the number of
feasible states at each stage remains |Xk| = |Y |.
Mathematically, the states can be formulated as the following. Let K = {k0, · · · , N+k0}
be a sequence of hours, representing the time steps of the system. For each discrete time
step k, the current state of the system is defined as:

xk =




yk
zuk
zdk



 (4.2)

Where yk ∈ Y is the current capacity of the ESS and zuk , z
d
k ⊂ 100N48 are the scheduled
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FCR-D Up and FCR-D down services respectively. The scheduled components have the
same general structure:

zωk =





zωk,0
zωk,1
...

zωk,47




(4.3)

Where the second index of each sub-component corresponds to the time left until
execution of the service. For example, zuk,i = a implies that at time k an FCR-D Up
service of a kW is scheduled to be executed in i hours. Accordingly, the sub-components
where i = 0 represent the services due in the current hour.

Controls
As discussed in the model approach, the choice of admissible controls is a key aspect of
the model. This topic will be elaborated on in the next section, but first, the format of
the controls is presented. The controls are at an aggregated level closely resembling the
format of the states, with two control corresponding to the energy flow between the ESS
and the grid, one for FCR-D Up services and one for FCR-D Down services. The notable
difference is that the FCR-D controls are in real-time, and subsequently have dimension
1. While the goal of the system is to always satisfy the energy demand, this condition
needs to be relaxed in order to guarantee the existence of a feasible solution. To this end
demand slack parameter λk is introduced as control. Mathematically the control in hour
k represents is formulated as:

uk =





u+
k

u−
k

λk

uu
k

ud
k




(4.4)

Where u+
k ∈ R represents positive flow, from the grid to the ESS. The control serves

two purposes for the system, being the means both for recharging and purchase side of
energy arbitrage trading. Similarly u−

k ∈ R represents negative flow, from the ESS to the
grid, corresponding to the selling of energy arbitrage trading. In reality, both controls
represent the net flow of energy from the system, but due to the dynamics and value
generated by the flow being dependent on flow direction, they are treated as separate
controls for notational simplicity. Since net flow is either positive or negative u+

k and u−
k

are exclusive, i.e. u+
k u

−
k = 0. The demand slack parameter λk is continuous and following

the discussion above, the FCR-D services are defined as uu
k , u

d
k ⊂ 100N.

System Dynamics
The dynamics of the system can be viewed as two separate processes. The first and most
important process is the capacity update equation, which updated the current capacity
based on the expected value of customer demand and chosen controls. The second process
is the update equations for the scheduled services that represent the progression of time.
In this equation the filtration Fk0 is included to represent the information available for the
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calculation of expected value. For the system dynamics, it is also necessary to introduce
the efficiency η. The variable capture both energy loss due to energy conversion ηf when
energy flows to or from the battery and loss due to energy storage ηs. Denoting the total
efficiency for energy running through the battery with η2 we get the equation:

η2 = η2fηs =⇒ η = ηf
√
ηs (4.5)

The general system dynamics f : R97 (→ R97 can be described as:

xk+1 = f(xk, uk,Fk0) (4.6)

The dynamic for the capacity yk depends on the current capacity and the expected value
of the stochastic demand process at time k given all known information at the initiation of
the system. It also depends on the realized FCR-D services. Let the realized net energy
drawn from the battery due to FCR-D services at time k be the stochastic variable
wk = R(uu

k , u
d
k, z

u
k,0, z

d
k,0). Note that the FCR-D bids are in terms of power, and the

capacity is the volume of energy The realized net energy accordingly depends on both
the scheduled services and new controls.
One final consideration is the inclusion of efficiencies in the energy flow. All controls refer
to the amount of energy traded with the grid, and these values consequently have to be
adjusted to take the efficiency into regard The efficiencies’ impact on the energy flow due
to FCR-D services are included in in the stochastic variable wk. For the energy flow due
to us

k this is incorporated explicitly into the model. Given this notation, the dynamic for
yk can be written:

yk+1 = yk + E[wk |Fk0 ] + ηu+
k −

1

η
(u−

k + E[d̃k | Fk0 ]− λk) (4.7)

Where yk+1 is the capacity at the beginning of hour k + 1, wk, the delivered FCR-D
volumes and u+

k , u
−
k the energy flow controls. Based on historic activation data for

FCR-D, the expected value for both flows in kWh is close to zero due to low activation
rates. If FCR-D is activated during hour k and wk *= 0, the automatic recharging
mechanism will guarantee that the discharged volume is restored at the start of the hour
k + 1. In the model, this mechanism corresponds to a forced increase of us

k or a brief
blockage of fast charging inducing a decrease in dk. While this will generate a cost, the
forced recharging results in E[wk |F0] not having any net capacity power on yk+1. For
the optimal control problem, the capacity power of FCR-D is therefore omitted. To
ease notation, the conditional expected value E[d̃k | F0] is henceforth denoted d̄k. The
resulting dynamics can therefore equivalently be written as:

yk+1 = yk + ηu+
k −

1

η
(u−

k + d̄k − λk) (4.8)

The sub-states zuk , zdk have the same dynamic structure and aim to model the progression
of time. Using generalized notation, these equations can be written as:

zωk+1,i = zωk,i+1, i = 1, · · · , 46
zωk+1,47 = 0

(4.9)

With zωk+1,i being the index i of sub-state zωk , ω ∈ {u, d} at hour k.
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Feasible States
The feasible states concern the technological limitations of the ESS and the definitions of
the FCR-D services. In practice, the question of feasibility is only relevant for the state’s
capacity component since the scheduled services’ dynamics guarantee their feasibility at
all stages. Concerning the capacity, it can not extend further than the technological
limitations of the battery. In addition, it should always be possible to execute planned
FCR-D services. Accordingly, the set of feasible states at stage k : Xk can be written
as:

Xk =




xk =




yk
zuk
zdk



 ∈ R97 | yk ∈
[
zuk,0
3

, ymax −
zdk,0
3

]
, zuk , z

d ∈ 100N48, yk ∈ 10N






(4.10)

The key factor being the interval
[
zuk,1
3

, ymax −
zdk,1
3

]
for the feasible capabilities. The

scheduled FCR-D services are given in terms of power. However, the market only requires
the bid owner to deliver the power in 20 minutes if called for. This implies that there
needs to be sufficient slack in the grid connection to deliver the power of the entire bid,
i.e. zuk,0 or zdk,0, but that the required capacity only is a third of the power bid value in
kWh. As FCR-D Up and Down are symmetric services with inverse consequences for the
current capacity, the former service implies constraints for the lower end of the interval
and the latter service for the upper end.

Admissible Controls
The system has five controls as presented in equation 4.4. The primary energy flow
controls u+

k , and u−
k is continuous and needs to transition the system to a feasible state

at the next stage. The FCR-D controls are more restricted, only assume values in 100N,
and have no impact on the state feasibility in the next stage.
Two constraints affect the admissible controls; technical constraints G(x) and delay
constraints. The technical constraints correspond to the limits in terms of available
grid connection. The delay constraints are synthetic constraints introduced to schedule
new FCR-D services. As discussed in section 4.1, FCR-D services can only be scheduled
if the initiation time of the model k0 is 00:00/24:00. The fact that the planned services
are implemented with 24h delay also poses a constraint, such that FCR-D services can be
activated as a control only if k ≥ 24. This time dependency can be formalized by letting
the basis vectors of the control space be dependent on the initiation time and current
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stage. The desired result is that:





uk ∈ span










1

0

0

0

0




,





0

1

0

0

0




,





0

0

1

0

0




,





0

0

0

1

0




,





0

0

0

0

1










if k0 = 0 and k ≥ 24

uk ∈ span










1

0

0

0

0




,





0

1

0

0

0




,





0

0

1

0

0




,





0

0

0

0

0




,





0

0

0

0

0










if otherwise

(4.11)

The technical constraints G(uk) will be expanded on below. Putting the delay constraints
and grid connection constraints together in more compact notation, one gets the following
admissible set Uk0,k,xk

for the system with initiation time k0 at stage k and state xk:

Uk0,k,xk
= {uk ∈ R3| { uk ∈ span{v1, v2, v3, v4, v5} } ∩ { 0 ≤ G(uk) ≤ b } } (4.12)

v1 =





1
0
0
0
0




, v2 =





0
1
0
0
0




, v3 =





0
0
1
0
0




, v4 =





0
0
0

A(k0, k)
0




, v5 =





0
0
0
0

A(k0, k)




(4.13)

A = {(k0, k)|{k0 ≡ 0 (mod 24)} ∩ {k ≥ 24}} (4.14)
New FCR-D services can only be performed if there is sufficient capacity level or slack
in the system during the bid hour. However, all stages k refer to the beginning of an
hour and as such the new FCR-D services can only be implemented if the capacity level
or slack is sufficient at both stage k and stage k + 1. Using capacity at stage k + 1 is as
stated in equation 4.7, the FCR-D Down constraints becomes:

ud
k

3
≤ yk + ηu+

k −
1

η
(u−

k + d̄k − λk)

=⇒ ud
k

3
− ηu+

k +
1

η
(u−

k − λk) ≤ yk −
d̄k
η

(4.15)

For FCR-D Up there is a similar relationship, but the comparison is not made with
capacity in mind but capacity slack, i.e. ymax−yk. Accordingly, the constraints for stage
k + 1 becomes:

uu
k

3
≤ ymax − (yk + ηu+

k −
1

η
(u−

k + d̄k − λk))

=⇒ ud
k

3
+ ηu+

k −
1

η
(u−

k − λk) ≤ ymax − yk +
d̄k
η

(4.16)
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Using these relations it is possible to formulate the full constraints 0 ≤ G(uk) ≤ b, where
G(·) is the vector-valued function and b the constant vector generating the constraints,
and φ the maximum power in the connection point between the system and the grid.

0 ≤ G(uk) ≤ b =⇒






0 ≤ u+
k ≤ φ− zdk

0 ≤ u−
k ≤ φ− zuk

0 ≤ u+
k u

−
k ≤ 0

0 ≤ uu
k

3
≤ yk

0 ≤ ud
k

3
− ηu+

k +
1

η
(u−

k − λk) ≤ yk − d̄k
η

0 ≤ uu
k + u−

k ≤ φ

0 ≤ ud
k

3
≤ ymax − yk

0 ≤ ud
k

3
+ ηu+

k − 1
η (u

−
k − λk) ≤ ymax − yk +

d̄k
η

0 ≤ ud
k + u+

k ≤ φ

(4.17)

Value function
Given the system components and formulated system controls, the final part of the MPC
state-space system in (4.1) is the output function, henceforth referred to as the value
function. The goal of the value function is to capture the value of executing a certain
policy at a certain stage. This value constitutes the financial value, to the degree that
it is a consequence of the optimal policy, and the penalty introduced to reduce churn π.
The price of fast charging varies over the day and can be seen as a function pd : k (→ P ,
where P is a set of distinct fast charging prices.
In this setting, the model is dependent on the filtration Fk0 considering the outcome of
the energy demand process and spot price process. For simplicity the value E[ d̃k |Fk0 ] is
denoted d̄k, and the E[ p̃sk |Fk0 ] is denoted p̄sk. The value function f̂(·) of the system can
then be formulated linearly as per below. The FCR-D price processes {puk}Mk=0, {pdk}Mk=0

are deterministic at k0.
f̂(xk, uk,Fk0) = pd(k)(d̄k−λk)+ p̄sk(u

+
k −u−

k )+puk(z
u
k,0+uu

k)+pdk(z
d
k,0+ud

k)+πλk (4.18)
In this value formulation, the cost associated with the grid connection is omitted. These
are instead incorporated into the realization model in order to take seasonal price
variations into regard. In addition to the running cost f̂(·) there is the terminal cost
Φ(·). The purpose of the function is mainly to avoid solutions where the battery is
empty at the end of the time horizon, as this is not a realistic solution. As such, the
terminal cost function was defined as:

Φ(xk0+N) = −p̄sk0+N(ymax − yk0+N) (4.19)
The terminal cost function, therefore, corresponds to the market value of the slack in the
battery capacity, determined by the spot price at the terminal time point.

Bellman equation
Having specified the full state-space representation of the system, the optimal control
problem is re-formulated to enable dynamic programming. Using the time horizon of 48
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hours, the original model predictive control problem can be stated as:

max
{uk}

k0+60
k=k0

Φ(xk0+60) +
k0+59∑

k=k0

f̂(k, xk, uk,Fk0)

s.t. xk+1 = f(k, xk, uk,Fk0),

xk ∈ Xk, uk ∈ Uk0,k,xk
.

(4.20)

Based on this formulation, it is possible to formulate the following Bellman
equation:

V (k, xk) = max{f̂(k, xk, uk,Fk0) + V (k + 1, f(k, xk, uk,Fk0)},
V (48, xk) = Φ(xk0+60),

s.t uk ∈ Uk0,k,xk
, xk ∈ Xk.

(4.21)

Where the equation V (k, xk) is the main recursive relation, V (48, k) is the terminal value,
and Uk0,k,xk

, Xk the given admissible controls and feasible states at a given point in the
system. Using the Bellman equation, the model predictive control can be solved using
dynamic programming.

Efficient Computation
The proposed model is designed to resemble the actual system closely but at the cost
of computational efficiency. As a way to improve this efficiency, some modifications
and simplifications are introduced. The modifications approximate the real problem,
but these approximations are deemed reasonable given the general uncertainties in the
valuation. Specifically, two changes are made: the state update is approximated, and the
admissible controls are filtered before implementation.
The set of feasible states is defined such that the capacity parameter yk ∈ 10N. In
order to ensure that the state update f(k, xk, uk,Fk0) ∈ Xk+1, the new state xk+1 is
approximated to the closest rounded value of f(k, xk, uk,Fk0) that lies in Xk+1. Based
on the choice of admissible controls, this rounding operation should not have a large
impact on the results but is necessary to avoid the necessarily large dimensions of each
stage space.
A set of synthetic feasible states representing market factors is introduced to achieve
efficiency in the optimization algorithm and desired functionality. As discussed, the fast
charging demand should be satisfied, which in the core model is represented by the large
penalty on the demand slack λk. As the desired result is to always minimize the demand
slack, one can reduce the number of tested paths in the dynamic programming by only
testing the controls associated with demand slack if no other solutions exist. Furthermore,
if such control is needed, one only needs to try the solution related to the smallest slack.
One could improve the computational efficiency by calculating the necessary slack in
the next time step and using this value to filter the admissible controls that should be
implemented.
Mathematically, the market feasible states XM

k ⊂ Xk is defined as:

XM
k = {xk ∈ Xk | f(xk, 0) ∈ Xk} (4.22)
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Market feasible states guarantee that the scheduled FCR-D services and the expected
fast charging demand can be satisfied during the upcoming hour without additional
recharging. The set of admissible controls concerning market factors at time k and state
xk is denoted UM

k0,k,xk
and defined as:

UM
k0,k,xk

= {uk ∈ Uk0,k,xk
|λk = 0, f(xk, uk) ∈ XM

k+1} (4.23)

This definition implies that the market admissible controls are such that the capacity
at the next time step manages to satisfy both the expected fast charging demand and
the scheduled FCR-D services. The model aims to consistently implement controls part
of UM

k0,k,xk
with λk = 0. However, in the case that UM

k0,k,xk
= ∅, the system needs to

consider the relaxed case with the possibility of a demand slack. Specifically, UM
k0,k,xk

= ∅
implies that there is no control where the required capacity during the upcoming hour is
available at the start of the next hour. In practice, this might not be a problem as the
battery might be able to recharge during the next hour. However, as the model is defined
hourly, such operations can not be taken into account, and this method is suggested to
minimize the risk of slack.
When considering cases where UM

k0,k,xk
= ∅, the optimal control is chosen manually. While

there might be several controls in uk ∈ Uk0,k,xk
\ UM

k0,k,xk
such that f(xk, uk) ∈ XM

k , the
specific control with the lowest demand slack λk is chosen. Even though another control
could yield a higher realized financial value, this choice reflects that the system’s primary
purpose is to provide fast charging.
Based on this discussion, the algorithm takes the following approach to identify the
controls that should be implemented:

Algorithm 1 Selection of Admissible Controls
1: U ← ∅
2: uslack ← 0̄
3: λslack = ymax

4: for uk ∈ Uk0,k,xK do
5: if uk ∈ UM

k0,k,xk
then

6: U ← U ∪ uk

7: end if
8: if uk /∈ UM

k0,k,xk
and λk < λslack then

9: uslack ← uk

10: λslack ← λk

11: end if
12: end for
13: if U = ∅ then
14: U ← uslack

15: end if

This selection algorithm results in an admissible set of controls U , with |U | > 0 if there
are feasible market controls and |U | = 1 if there are no feasible market controls.

24



CHAPTER 4. SYSTEM MODEL AND OPTIMAL CONTROL

4.4 Modeling Realized Value
Having discussed the core MPC model and optimal control formulation, this section
discusses the model used to capture the realized value. The purpose of this model is to
provide a structure for the MPC-problems and to understand the relationship between the
identified optimal controls and the value realized in practice. The section first presents the
stochastic variable J that represents the net value of implementing the optimal policy
derived from MPC given some path in the probability space. The thesis set out to
investigate if optimal control can provide a viable business case for the focal system,
and this corresponds to determining the expected value of this variable J : E[ J |F0].
This variable relies on the scheduling vector, which is a transformation of the identified
optimal controls to incorporate the execution delays. This vector together with a brief
overview of changes in state-space formulation is also presented below.

Scheduling vector
The controls are treated as if possible to implement in real-time. To incorporate the
delays that exist in practice the controls are shifted in time to generate an optimal
scheduling vector ŝk0 . Let {ûk}47k=0 be the sequence of controls minimizing the Bellman
equation, where k0 has been removed for notational simplicity. The optimal scheduling
vector for the optimal control problem solved at time k0 can then be defined as:

ŝk0 =
k0+48∑

k=k0

Skûk =





û+
0

û−
0

ûu
24
...

ûu
48

ûd
24
...

ûd
47





(4.24)

Value Model
Note that scheduling of new FCR-D services only occurs once every 24h and the
scheduling vector is thus zero for all indices except index 0 at 23 out of 24 hours. The
net value model captures the financial value realized in practice. Given a sequence
of scheduling vectors {Si}Ni=0, retrieved by the means of model predictive control, the
realized financial value is:

J =
N∑

j=0

ĥ(ŝj, xj|Fi+1)

xj+1 = h(ŝj, xj|Fj+1)

(4.25)

Here the ĥ(·) and h(·) are similar to their control problem counterparts, but with some
changes induces by the control being changed to the optimal scheduling vector. The
constant filtration F0 in the control problem has also been changed to the filtration
Fj+1, representing the known outcomes of the stochastic processes during hour j. As
such the performance model captures the true outcome of the optimal control model,
corresponding to the true development of the probability space represented by Fn. As
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this true development is unknown at time 0 and only the information F0 is available,
the variable J can be seen as stochastic concerning the probability space development.
The problem of calculating the NPV of the system at time 0, therefore, corresponds to
determining E[ J |F0]. The unpredictable nature of fast-charging energy demand makes
it difficult to calculate this expected value explicitly. Instead, the thesis relies on the
law of large numbers, approximating the expected value and variance through a set of
simulated outcomes, in line with the theory of Monte Carlo simulation. Before elaborating
on the implementation, the specifications of the performance model in equation 4.25 are
presented.

States and controls
The states xk are equivalent to the states in the optimal control problem but the controls
are in the performance model the optimal scheduling vectors ŝj presented in equation
4.24. Note that the performance model does not itself involve any optimization and
simply captured the realized optimal policy value. There is therefore no further discussion
concerning feasible sets or admissible controls.

System Dynamics
The performance model’s system dynamics differ from the optimal control model due
to the introduction of the scheduling vector. The system also depends on simulated
outcomes of stochastic processes, which implies that the demand slack parameter has no
real impact on the system. Instead, potential overdraft results in churned customers. This
mechanism is explained in further detail in the next chapter, but here the corresponding
changes in the system are presented.
The general system dynamics h : R97 (→ R97 is defined as:

xj+1 = h(xj, ŝj|Fj+1) (4.26)

Where the dynamic of the capacity element is:

yk+1 = yk + ηŝk,0 −
1

η
(ŝk,1 + dk) (4.27)

The main difference in the capacity-update equation is the removal of the demand slack
λk and that the demand expected to demand d̂k = E[ dk | F0 ] has been changed to the
actual outcome dk = E[ dk | Fk+1 ].
For the sub-states zuk , z

d
k , the dynamic now captures the progression of time and the

addition of new scheduled services.

zuj+1,i = zuj,i+1, i = 0, · · · , 23
zuj+1,i = zuj,i+1 + ŝj,i−23, i = 24, · · · , 47
zuj+1,48 = ŝj,i−23

(4.28)

zdj+1,i = zdj,i+1, j = 0, · · · , 23
zdj+1,i = zdj,i+1 + ŝj,i+1, i = 24, · · · , 47
zdj+1,48 = ŝj,48

(4.29)
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Value function
The value function is similar to the one in the model predictive control problem. However,
the demand slack has been removed and only scheduled FCR-D decision are implemented.
The demand is also the actual outcome dk, where potential delivery failures are taken
into regard.

f̂(xk, uk,Fk+1) = pd(k)dk + p̄sk(u
+
k − u−

k ) + puks
u
k,0 + pdks

d
k,0 (4.30)

4.4.1 Grid Tariffs
The cost of the system is also dependent on fees for utilizing the grid connection. This fee
is, in general, dependent both on the used power and the transferred energy volume. The
specific cost structure depends on the subscription type and agreement between the grid
owner and the subscriber. However, a common price structure is to have separate prices
for periods with high demand and periods with low demand. While the grid tariffs could
have an impact on the optimal control, this price time dependency led to the grid tariffs
being excluded from the optimal control model for simplicity. These costs are instead
introduced through approximations based on the optimal controls and by tracking the
total volume of electricity traded over the grid. After running the realization model
one can obtain the volume traded during high demand periods vH and normal demand
periods vN respectively as:

vH =
N∑

k=0

(ŝk,0 + ŝk,1) (k a high demand hour) (4.31)

vN =
N∑

k=0

(ŝk,0 + ŝk,1) (k a normal demand hour) (4.32)

The baseline and high-load power costs are calculated with respect to the maximum power
used during a period. Since power levels are not explicitly calculated in the model, the
full power is approximated to be the size of the grid connection. This is a reasonable
assumption as the minimum FCR-D bid is close to the maximum grid connection. Based
on this, the total grid tariff cost cgT can be written as the sum of the cost associated with
high demand cgH and the cost associated with normal demand cgN :

cgT (s, v̂H , v̂N) = cgH(s, v̂H) + cgN(s, v̂N) (4.33)

4.4.2 Approximating Annual Net Revenue
The grid tariffs and the simulation are based on a time period of one week. As the optimal
control model and the realization model are discussed only for an arbitrary period of time,
the formulation of the model used in practice to estimate the optimal annual net revenue
Ĵ(s) is presented below:
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Ĵ(s) = 52 [ J ]− cgT (s, v̂H , v̂N),

J =
167∑

j=0

ĥ(ŝj, xj|Fi+1),

xj+1 = h(ŝj, xj|Fj+1).

(4.34)

This implies that the net value J represents the net revenue generated during one single
week. The approximation is based on the assumption that the week is representative of
all weeks during the year, as this is a prerequisite for linear scaling. While longer time
periods could be motivated in order to increase accuracy, the choice of a week enables
the model to capture inter-day variation in both prices and fast-charging demand while
remaining computationally efficient.

4.5 Energy Demand Simulation
The energy demand simulation uses an approximation based on traffic flow. By
estimating a vector of customer arrival intensities over a certain time period on an hourly
basis, and using an approximation of energy demand per car the expected energy demand
can be determined on an hourly basis.

Traffic Flow
To run simulations of the behavior of the charging stations, the queue in the charging
station has to be modeled realistically. The queue is modeled as a M/G/c/K in the
Kendall notation, where c is the number of service stations and K is the assumed cap
to the queueing system (Yang et al. 2020). The arrival process is assumed to be Poisson
distributed. In a standard M/M/c queue, customers are assumed to leave the system
according to an exponential distribution which can not be assumed in this model as
customers leave when their battery is sufficiently charged. This means that the death
processes of the queue are assumed to be a general function that will be later defined
in the implementation. The queue is extended to a M/G/c/K/∞/PS queue as there
is assumed to be an infinite number of potential customers in the system as the system
is not enclosed. Lastly, the queue is described as a Processor Sharing PS queue as the
present customers share available power between them. This means that times for fully
charging a battery will increase if the other chargers are currently being used. The model
uses the following assumptions:

1. Arrivals are assumed Poisson distributed with different means for different cases
2. Vehicles are assumed to have a charging demand sampled from a normal

distribution with a mean of 25 kWh and a standard deviation of 10 kWh
3. The queue cap K is assumed to be equal to c+ 1

Energy demand
Let λd

k ∈ R be customer arrivals during hour k, with expected value λ̄d
k and let

ȳd = E[ yd | Fk0 ] be the expected energy demand for an arbitrary customer vehicle. The
expected demand at k0 can then be defined as
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d̄k = λ̄d
kȳd. (4.35)
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Chapter 5

Simulation

5.1 Method
The MPC model generates optimal controls based on expected values for the stochastic
processes. However, in reality the process outcomes can differ from their expected values,
making the system behave unpredictably. Specifically, this dynamic implies that the
identified MPC strategy and control sequence might not be optimal in reality, even
though it is the best control based on available information. To evaluate the effect of
this dynamic on the ESS fast charging and its profitability, Monte Carlo simulations are
utilized. The purpose being to digitally simulate a real implementation of the optimal
control model. To simulate the system’s behavior, the system is modeled as a Markov
chain with Poisson-distributed arrivals. Customer arrivals varies during a day, which
could impact the system’s function. To simulate this, the intensity of the Poisson
arrivals are defined differently for different hours. To capture this time-dependency,
the customer arrivals are assumed to follow the fluctuations of general traffic. As such,
the arrival intensities can be estimated by scaling estimated traffic, which in turn can
be retrieved using historical traffic data. For each simulation, the identified expected
customer arrivals is used to sample an outcome of customer energy demand. For each
hour, the optimal control is run based on the current state, time and expected process
values. The actual realized dynamics and value is then captures using the simulated
customer demand. The goal being to iterate the simulation until convergence regarding
the expected value is achieved. In order to guarantee sufficient data for analysis and
avoid accidental convergence after a few iterations, the simulation is run a minimum if
20 times. After 20 runs, the mean-update error is evaluated and used to terminate the
simulation once it reaches a certain threshold. For this implementation the threshold
error for mean weekly net value is set to 100 SEK.
The simulation was implemented using Python by taking input from the optimization
algorithm regarding scheduled FCR-D services and spot price trading. These controls are
then treated as deterministic as long as they are feasible. For each simulated period, the
simulation calls the optimization using current battery capacity and scheduled FCR-D
services. When optimal decisions are found over the MPC timeframe, the first identified
controls are executed during the upcoming hour, and the actual outcomes the stochastic
processes are simulated from distributions. This specifically concerns arrivals, energy
demand per vehicle and maximum power per vehicle. The simulated outcomes is then
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used to update the system state and the accumulated value. Once the hour has been
simulated, the next iteration of the optimization algorithm is initiated based on these
updates values. It is worth noting that even if the simulation re-optimizes every hour,
FCR-D decisions can only be made every 24 hours.

5.2 Simulation Dynamics
5.2.1 Fast Charging Blocking
To ensure that the system can always provide frequency regulation if FCR-D is planned,
BEV charging can be blocked if the battery level is too low. Note that this differs from
the concept of demand slack, and this simulated blocking is based on the actual process
outcomes. Similarly, spot price decisions are also blocked if they either charge the battery
such that FCR-D Down can not be provided or discharge the battery such that FCR-D
Up can not be provided. If the current spot decision gets blocked, the system changes
that decision to the maximum allowed opposite decision. The point of this being to still
be able to activate the frequency regulation to the grid if needed during the remainder
of the hour. This is implemented to guarantee functionality even if the outcomes of the
stochastic processes differs significantly from their expected values. The battery level
that cannot be crossed is determined by the amount of energy needed to provide FCR-D
up or the amount of slack required to provide FCR-D down. More specifically, the level is
determined by iterating through all planned frequency regulations and finding the energy
level required at every time point to enable all planned future FCR-D, also taking into
account that if the energy level is too low, the optimization algorithm can switch to fully
charge the battery to enable the planned service. Thus, blocking spot trading or BEV
charging is only a tool to ensure the simulation remains feasible.

5.2.2 Queue update
The simulation assumes that a charging station has a queue with the length of the
number of chargers, with one extra queue space. This number is used as a limit as the
stations are expected to have a limited area for queuing vehicles. Thus, the system can
contain Nchargers ∗ 2 + 1 customers at maximum capacity. Customers are assumed to
be charging each second, and when they have reached their desired energy, they depart
from the system. Hence, at the start of a second, the chargers can have available slots,
and the queue can have customers waiting. Thus, the first step in the simulation is to
move customers waiting in line to the chargers. When that update is completed, the
chargers are either all occupied or the queue is empty. This means the model can accept
the new arrivals generated by assuming the expected value is λ̄d

k and then sample an
integer number from a Pois(λ̄d

k) distribution. A new customer is simulated for each
arrival, with a specific energy demand and a maximal accepted power drawn from a
normal distribution. The arrivals will begin charging directly if chargers are available;
if not, the new arrivals will join the queue. If the line is full, arrivals will not join the
queue and will be counted as churned customers. Before moving on to the BEV charging
step, the simulation checks the current capacity and spot decision. A threshold of the
existing capacity was also implemented to ensure that a customer is not waiting in line
or stopping at the station if there will not be enough power for that customer to charge.
This was implemented to imitate rational customer behavior. In the cases explored in
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this report, this threshold was set to 50 kW. Further, if the total energy available is too
small to provide 50 kW to the chargers, all customers are assumed to depart the system
and will be counted as churned customers.

5.2.3 BEV charging and Capacity update
The current energy demand is dependent on factors such as current energy level, spot
decision, and FCR-D decision and is found using conditional statements when the queue
is updated. The first condition is that the recent spot trading has to be feasible, and if
it is not, the current decision will be overwritten, and the battery will trade maximally
in the opposite direction. For example, if the battery is currently selling electricity and
it is not possible, it will start charging maximally instead. The energy demand will be
calculated when a feasible spot trading is found. The chargers will be limited only by the
maximum power the customers can receive, the maximum power each charger can give,
the maximum total power from the battery, and the available power from the current
spot decision. The maximum power the charger can provide to each charger will then
be provided to each customer. If the power given over the time period is sufficient to
satisfy the customer’s energy demand, the customer will depart the system and count as
a finished customer. If the power is insufficient, the energy given during the period will be
subtracted from the energy demand for the customer, and the customer will have to stay
at the charger for the next period. When the energy demand is found, the battery level
is updated by finding the difference between the current spot decision and the energy
demand. If the difference is positive, the energy is stored, and the storage’s efficiency has
to be considered. If the difference is negative, it is taken from the current stored energy.
When these steps are done, the period is over and ready for the next iteration and a new
queue update.
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Case Study

This chapter evaluates the optimal control model by evaluating potential site
configurations. A site is defined through many different factors, and a comprehensive
review of all possible site configurations is outside the scope of this thesis. To understand
the sensibility of the model to changes in site construction, two cases are evaluated;
a small site and a large site. Both cases have the limitation of an insufficient grid
connection, but the other site factors have been adapted to correspond to a site with
higher expected demand.

6.1 Methodology
While this realistic system approach implies a deeper system understanding and analytic
potential, it also means a specific limitation in time complexity. This and a general
scarcity of traffic data over long time horizons limited the total simulation time period to
a week. As described in the model by Funke et al. (2020), there is a predictable variation
in traffic intensity between different days of the week. Simply ignoring days with low
intensity creates a risk of underestimating the total value of the system, while neglecting
days with higher intensity creates a risk of under-sizing the system. There are additional
variations in traffic flow between weeks, but as these are more difficult to predict, they
will be treated as external shocks to the system. The model could, however, be extended
to incorporate this longer seasonality better.

6.2 Data
In the table below, general assumptions for the implementation of the models are
specified.
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6.2.1 Model Constants
Factor Value
Round-trip efficiency 0.97
Charge/Discharge efficiency 0.9
Fast charging price InCharge Price Ladder
Mean Charging Volume 25 kWh

Table 6.2.1: Specifications for the smaller site

6.2.2 Customer Arrival Model
The recorded number of passing vehicles was sampled to model how traffic intensity
fluctuates during a week. More specifically, traffic intensity has been tested from the
village Kårböle in northern Sweden by accessing data from Trafikverket (2022). Kårböle
was chosen as it resembles a location where an ESS could potentially be deployed, and
the available data set was large compared to similar locations.

Figure 6.2.1: Traffic flow from Kårböle, traffic is displayed from 00:00 Monday the 18th
of April 2022 to 23:59 Sunday the 24th of April 2022

As the station had recorded the number of passing vehicles from Thursday the 21st of
April at 10:00 to Monday the 24th of April at 9:00, traffic from weekdays Monday to
Thursday was assumed to be the same. Therefore the available data was used to create
expected traffic from Monday to Wednesday.
To model customer demand, the data must be scaled to represent the number of customers
wanting to charge each day. To investigate and evaluate different cases, two scenarios
were created where customers; Scenario 1: Small scenario, on a peak day, ten customers
are assumed to stop and charge at the station. Scenario 2: Large scenario, on a peak day,
30 customers are assumed to stop and charge at the station. As the accumulated number
of vehicles has been determined, expected arrivals each hour can now be calculated and
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used as the expected value in a Poisson distribution that can be used for sampling in
Monte Carlo simulation.

6.2.3 Expected Energy Demand
The customer arrival model can be seen as a mapping between the hour and customer
λ(h), with the expected value E[λ(h) ]. The needed capacity for a customer can be seen
as a stochastic variable yλ, with the expected value E[ yλ ]. The customer arrival process
is such that the expected arrivals at any time point are close to zero. This is due to the
given data being binary and sparse. In order to reduce churn some modifications of the
arrival data had to be made in order to put sufficient slack in the system. This was done
by rounding the arrivals up to the nearest integers, and thereby guaranteeing that the
system is prepared for at least one customer at all times. The expected demand for fast
charging capacity during hour h can accordingly be written as:

d(h) = E[ yλ ] 2E[λ(h) ]3 = 25 2E[λ(h) ]3 (6.1)

Using this mapping the energy demand for scenario 1 becomes:

Figure 6.2.2: Expected energy demand for Scenario 1

The mapping for scenario 2 becomes:
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Figure 6.2.3: Expected energy demand for Scenario 2

6.2.4 Price Scenarios
FCR-D and Spot Price
To optimize planning and evaluate frequency regulation, historical prices are imported
from January 2022 until April 2023. Earlier prices were not used in the study as prizes
for FCR-D up and FCR-D down had to be known. The prices were downloaded from
Svenska Kraftnät (2023b). As prices fluctuate more than usual during the period and
long-term price deviations are hard to predict, three cases were used in the case study. As
the simulation is made on a weekly basis, prices from three historical weeks with different
price trends were chosen. The choice was made with respect to total FCR-D price levels;
where the week with the mean price, the median price of the top 25%, and the median
price of the bottom 25% of prices were chosen. The data from these weeks were used to
define three price scenarios: Low, Mean, and High. As price fluctuations of frequency
regulation have the most significant impact on the system’s overall profitability, spot
prices were not included in the selection of weeks. The spot price data used was simply
the spot prices from bidding zone SE2 corresponding to the chosen weeks, and it was
downloaded from Vattenfall Eldistribution (2023b). Bidding zone SE2 was chosen due to
the geographical position of Kårböle. The scenarios are summarized below, with mean
prices during the chosen weeks presented in EUR/MW.

Scenario Week 2022 FCR-D Down FCR-D Up Spot
Low 31 Jan - 6 Feb 22.9 7.6 46.9
Mean 18 Jul - 24 Jul 56 14.1 54.0
High 20 Jun - 26 Jun 102.4 29.2 40.5

Table 6.2.2: The mean price levels for the three price scenarios (EUR/MW)

All available data was given in Euro, but the implementation was made in SEK with a
conversion rate of 1 ! = 11.8 SEK.
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Fast Charging
Vattenfall is changing its BEV pricing to a more dynamic pricing model to adjust pricing
to current electricity demand. A fee per-minute charging is also implemented as a battery
charges slower when it is close to fully charging. The prices sampled from a station in
Jönköping are used in this investigation and are displayed below Rask (2023):

Time Price/kWh Price/min
00:00 - 05:59 3.5 SEK 1 SEK
06:00 - 11:59 5 SEK 1 SEK
12:00 - 17:59 6.5 SEK 1 SEK
18:00 - 23:59 5 SEK 1 SEK

Table 6.2.3: Prices for 150 kW charging, Jönköping 2023-04-13

Note that the consumer prices for fast charging are constant, and independent of the
price scenarios.

6.2.5 Grid Tariffs
The subscription N3T offered by Vattenfall eldistribution has been selected for the case
study. The price structure for this subscription is given by Vattenfall Eldistribution
(2023a) and displayed below:

Tariff Cost
Fixed fee 3200 SEK (Monthly)
Monthly power tariff 27 SEK / kW (Monthly)
Transfer fee (low) 0.084 SEK/kWh
High load power tariff 67 SEK / kW (Monthly)
Transfer Fee (high) 0.212 SEK/kWh

Table 6.2.4: Grid tariff prices for N3T

The high-load cost and energy price peak hours are imposed 06-22, Monday to Friday,
from November to March. At other times only the baseline costs are imposed. The
baseline and high-load power costs are calculated with respect to the maximum power
used during a period. Since power levels are not explicitly calculated in the model, the
full power is approximated to be the size of the grid connection. This is a reasonable
assumption as the FCR-D bid is close to the maximum grid connection. The model
implementation is designed to approximate the weekly net value for the system, and
the aggregated weekly cost of grid tariffs is defined as the weighted combination of two
scenarios; normal load (1) and high load (2).

Normal Scenario
During normal load, the imposed costs are the fixed fee, the baseline power cost, and
the energy price (low hours). Given the fixed approximation of the max power, and
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by accruing the monthly fees to a weekly basis, the grid tariffs can be written as the
following function of transferred energy volume [v] and grid connection size [s]:

cgN(s, v) =
3200

4
+

27

4
s+ 0.084v (6.2)

High Load Scenario
During periods of high load, e.g. 06-22, Monday to Friday from November to March, the
high load power fee is included in addition to the monthly power fee. The more expensive
transfer fee also replaces the normal transfer fee. The weekly cost for this fee scenario is
also a function of transferred energy volume [v] and grid connection size [s]:

cgH(s, v) =
3200

4
+

(27 + 67)

4
s+ 0.212v (6.3)

Combined Fee
The amount of energy transferred during high load periods [vH ] and normal load periods
[vN ] are calculated during the simulation. The total weekly fee for a system with grid
connection size s and the total transferred volume v̂T = v̂N + v̂H can then be retrieved
as:

cgT (s, v̂H , v̂N) = cgH(s, v̂H) + cgN(s, v̂N) (6.4)

Where v̂T , v̂N , v̂G are the approximate values retrieved through the simulation. Equation
6.4 estimates the weekly fee cost, incorporating intraday and intraweek differences in
fee costs. The fee difference between months is included by calculating the approximate
annual net revenue Cg. November to March is approximately 21.6 weeks, but since
holidays are excluded from the peak hour definition, this number has been approximated
to 21 weeks for this implementation. The annual cost is finally approximated as
follows:

Cg(s, v̂N , v̂H) = 21cgT (s, v̂H , v̂N) + 31cgN(s, v̂T ) (6.5)

6.3 Cases
6.3.1 Sites
The cases depend on two traffic scenarios as discussed in the section 6.2.2. Regarding
volume and timing, the arrival process is the main stochastic aspect influencing the
turnover at a site. While the variation of other parameters could give insight into the
optimal design and decision at a potential site, the current traffic and arrival process is
seen as a fixed part of the site itself. Accordingly, the cases are defined as either occurring
at a small or a large site, where the sites are defined as:
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Category Traffic Scaling # Chargers
Small Site 10 customers / peak day 2
Large Site 30 customers / peak day 4

Table 6.3.1: Definition of site categories

6.3.2 Case Definitions
The specific cases have been identified in cooperation with Vattenfall, where variations
of a hypothetical standard business case are considered. The specifications for each case
are presented below. Each case is analyzed using the three price scenarios for energy and
ancillary services.

Reference Cases
While the NPV yields interesting insights for potential investments, it should also be
viewed with opportunity costs in mind. Specifically, it should be compared with the net
value of offering fast charging without an energy storage component, where the energy
is drawn directly from the grid. These values have been approximated using the same
simulated arrival process, customer dynamics, and constraints as in the primary model,
and the results are displayed below. The same price structure for fast charging has been
used to get comparable results, assuming that 150 kW is available for one single charger.
It is worth noting that only one size of grid connection is tested. The purpose of the case
study is to showcase the model and its possible applications, and this simplification was
deemed reasonable to that end. A more rigorous model of the as-is system is considered
to be outside the scope of this study. The configuration for the reference case system is
summarized in table 6.3.2.

Factor Value
Site Small and Large
Grid power 150 kW
Number of chargers 1 charge
Fast charging power/charger 150 kW
Battery size (-) kWh

Table 6.3.2: System configuration for the reference cases

Case 1
The first case considers a grid connection of 100 kW, which is lower than the desired fast
charging power for one single charger. While even smaller grid connections are possible,
this level has been selected to enable frequency regulation services for the system. Due to
the low traffic, there is a low probability that more than two customers are in the system
simultaneously. As such, the case only considers two available chargers with a power
of 150 KW. One of the critical aspects to consider when building an energy storage-
based charging system is the size of the battery due to the significant initial investment.
Therefore, a relatively small capacity of 300 kWh has been selected for this use case.
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Case 2
The second case is an alteration of case 1, where the only difference is the size of the grid
connection. In this case, a slightly larger grid connection of 150 kW is used where it is
possible to submit a bid for FCR-D up or down while still charging or selling electricity.
The smallest bid of FCR-D that can be made on the market is 100 kW, and thus, it is
possible to charge 50 kW while still providing such a bid. The number of chargers is kept
at two chargers with 150 kW each, as well as the battery size of 300 kWh.

Case 3
The third case has an even larger grid connection of 200 kWh. This is implemented to
investigate how the capability of either providing a large amount of frequency regulating
services to the grid or continually providing a base amount of FCR-D without having it
disturb the operations of the ESS as much. In this case, the system can charge the energy
storage to high power and simultaneously provide FCR-D. To compare the difference in
this case to the other with similar traffic intensity, the number of chargers is kept at two
with 150 kW each and the battery capacity at 300 kWh.

Case 4
Case 4 is modeled as a larger charging station with a higher energy storage capacity of
500 kWh and higher expected traffic intensity. Four chargers with 150 kW power each
account for the increased energy demand. The grid connection size is set to 200 kW to
facilitate providing energy to increased demand.

6.4 Results
This chapter presents the results for the implemented cases, together with an example
of the general system response and optimal solution.

6.4.1 General System Response
Below is an example of the system response for the small site with an available grid power
of 150 kW and mean prices. Note that all plotted values are the mean for all runs and
not a single run.
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Figure 6.4.1: Mean values of system response for small site, 150 kW and mean prices

The top left graph shows the number of customers in the system at the current time,
and the middle left shows the energy demand at present. The bottom left graph shows
the value created at each time point. The top middle displays the accumulated number
of churned customers during the week. The graph in the middle shows the number of
customers who have successfully gone through the system, that is customers that have
arrived and been allowed to charge their desired amount of energy and then departed the
system. The graph in the bottom middle shows the accumulated value created. The top
right graph shows the current capacity of the energy storage over time. The energy levels
that can not be exceeded to ensure that FCR-D decisions can be provided are illustrated
by the yellow and green curves. The middle right shows spot decisions, and the bottom
right shows FCR-D decisions. Responses for all implemented cases can be found in the
appendix.

6.4.2 Reference Cases
Small Site
The simulation of the small site without a battery yielded the following results:

Price Scenario Annual Net Value Churn
Low 214 000 SEK 0.39%
Mid 195 000 SEK 0.42%
High 211 000 SEK 0.30%

Table 6.4.1: Reference values for the small site without an energy storage system and a
grid connection of 150 kW
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Large Site
The simulation of the small site without a battery yielded the following results:

Price Scenario Annual Net Value Churn
Low 884 000 3.3%
Mid 858 000 3.1%
High 917 000 3.2%

Table 6.4.2: Reference values for the large site without an energy storage system and a
grid connection of 150 kW

6.4.3 Summary of Net Revenue Approximations
The approximated net revenue for all cases and all price scenarios are presented
below.

Case # Low Price Scenario Mean Price Scenario High Price Scenario
Case 1 0.512 0.911 1.47
Case 2 0.482 0.889 1.53
Case 3 0.764 1.53 2.79
Case 4 1.43 2.18 3.48

Table 6.4.3: The identified annual net revenue (MSEK)

Based on the identified reference values above, the adjusted net revenues are presented
below. These values are the difference between the net revenue the corresponding
reference value for all cases and price scenarios.

Case # Low Price Scenario Mean Price Scenario High Price Scenario
Case 1 0.298 0.716 1.26
Case 2 0.268 0.694 1.32
Case 3 0.550 1.34 2.58
Case 4 0.564 1.32 2.56

Table 6.4.4: The difference between annual net revenue and corresponding reference value
(MSEK)

6.4.4 Case 1
The configuration for case 1 is summarized in

Name Site Grid power ESS Capacity
Case 1 Small 100 kW 300 kWh

Table 6.4.5: System configuration for Case 1
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Figure 6.4.2: Results with breakdowns for Case 1

The results show that the station’s annual net worth correlates with the mean prices of
frequency regulation. The revenue breakdown shows that if the prices of FCR-D up and
down are high, frequency regulation is more profitable than providing fast charging. If
they are low, the frequency regulation contributes around the same revenue as the fast
charging. The graphs that display all runs show minor deviations between runs. Note
that the spot prices do not correspond to the FCR-D prices; thus, the mean price scenario
tends to have higher costs as spot prices are higher.

6.4.5 Case 2
Case one considers the application of the model on a smaller site. The site specifications
have been identified through discussions with Vattenfall.

Name Site Grid power ESS Capacity
Case 2 Small 150 kW 300 kWh

Table 6.4.6: System configuration for Case 2

The results from the second case are similar to the first, as more FCR-D can not be
submitted when the grid connection increases from 100 kW to 150 kW. Revenue from
FCR-D is slightly higher in case 2, generating a somewhat higher annual net worth,
especially for the case with high prices.
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Figure 6.4.3: Results with breakdowns for Case 2

6.4.6 Case 3
Case one considers the application of the model on a smaller site. The site specifications
have been identified through discussions with Vattenfall.

Name Site Grid power ESS Capacity
Case 3 Small 200 kW 300 kWh

Table 6.4.7: System configuration for Case 3

It is evident that when the grid connection is 200 kW, the revenue is increasing
substantially. This is due to the possibility of providing 200 kW FCR-D instead of only
100 kW. The difference is significant for the case where prices are high. The difference is
due to more revenue generated by ancillary services, as seen in the revenue breakdown.
The case where prices are low is also more profitable but with a smaller margin.
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Figure 6.4.4: Results with breakdowns for Case 3

6.4.7 Case 4
Case two considers the application of the model on a larger site. The site specifications
have been identified through discussions with Vattenfall.

Name Site Grid power ESS Capacity
Case 4 Large 200 kW 500 kWh

Table 6.4.8: System configuration for Case 4
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Figure 6.4.5: Results with breakdowns for Case 4

The last case assumes a higher traffic intensity, generating higher income than the
previous one. When FCR-D prices are low, some runs generate higher revenue from
customer charging than FCR-D. When prices are high, most payment still comes from
submitting ancillary services, but the annual income has increased by almost 1 million
SEK.

6.5 Run Time
The implementation resulted in a mean run time for each dynamic programming iteration
of 7 seconds. Simulating one week implies 24 × 7 = 168 such iterations and since each
week is simulated at least 20 times this implies at least 3360 iterations for each case-
scenario. There were 4 cases with 3 price scenarios each, resulting in 40320 dynamic
programming iterations and a total run rime of 7 hours and 54 minutes.
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Discussion

7.1 Profitability
Based on the developed model and the implemented cases there are several possible
conclusions. First note that the implemented cases are not based on real data from a
fast-charging site. While the cases have been discussed with Vattenfall in order to ensure
that levels are reasonably consistent with reality, the data and estimations used for the
implementation have been synthetically generated for the sole purpose of this thesis.
However, the approximated net values can yield some insights into the net value’s order
of magnitude and its sensibility to changes in the site configuration. As seen in table 6.4.3,
the net revenue for the implemented cases ranged from 0.512 MSEK to 3.48 MSEK, and
the net revenues adjusted by corresponding reference value, ranged from 0.298 MSEK to
2.56 MSEK. This range implies that quite small changes in site configurations can have
a large impact on net revenues. For the implemented cases this sensibility mainly comes
from the high frequency of FCR-D services. All case results show that the main source
of revenue is the ancillary services. Viewing the representative system response in figure
6.4.1 one can see that the FCR-D services are active almost constantly. As such the
available size of the grid connection is crucial for the revenue generated from the system.
Specifically, the large increase between case 1 and case 2 to cases 3 and 4 can largely be
attributed to the grid connection changing from 100 kW to 200 kW, which enables larger
FCR-D bids. In comparison, the increase of grid connection from 100 kW to 150 kW
between case 1 and case 2 implies that the largest FCR-D bid size remains at 100 kW
and there is correspondingly no significant increase in net revenue. This dynamic and
grid connection sensibility is to some extent magnified by the frequency of the FCR-D
services. Considering a case with significantly higher fast charging demand, the full
connection might be needed for recharging more often and the FCR-D service would not
occur so often. Consequently, one can conclude that the size of the grid connection has a
large impact on the net revenue, but also that the impact in itself depends on the specific
site where the system is implemented.
Viewing the difference between the small site and the large site, one can see that the
importance of fast-charging revenue increases. This makes the net values in table 6.4.3
somewhat misleading, which can be seen when studying the adjusted net values in table
6.4.4. While case 4 shows significantly better net revenue at the first site, the adjusted
net revenues for case 3 and case 4 are almost identical. This is due to the fact that
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the reference case is based on fast-charging revenues, which increase with ≈ 0.6 MSEK
between the small and the large site due to increased customer demand. However, the
reference case also yields a customer churn of ≈ 3. Given the large site demand of
30 customers on a peak day, this implies that almost 1 customer each peak day leaves
the station. Viewing the large increase in churn when increasing the scaling from 10
customers to 30 customers, the churn might increase further for larger scaling. While
the adjusted net revenues provide valuable insights regarding the financial aspects of a
potential business case, the values fail to communicate the ESS-based systems advantage
regarding customer churn. As can be studied more closely in the Appendix, the customer
churn was smaller for all implemented cases and scenarios than the reference cases, with
the largest churn being ≈ 0.7%. While it is possible that customer churn to a greater
extent for some other site configuration, the proposed model shows better performance
in this regard than the baseline reference model. By including additional constraints and
safeguards in the set of admissible controls or experimenting with the penalty function
for customer demand slack, it might be also be possible to decrease the generated churn
further.
Regarding the actual net present value and profitability of the system, it is difficult
to draw a generalized conclusion. First of all, the net revenue varies significantly
between different sites, and the profitability analysis using the developed model should
be made with a specific case in mind. Furthermore, the cost side of the system is in
reality relatively complex, with both fixed and operating costs being dependent on B2B
agreements. Based on the rough estimates attained from Vattenfall, with the cost for a
small ESS being 7 MSEK and the lifetime being 10 years, one can see that several of
the investigated cases could yield a positive business case. Due to many uncertainties
impacting revenue growth, such as national fast-charging demand and price levels, it
is difficult to make a robust long-term net present value analysis based on the annual
net value approximations. However, the case with annual revenue of 3.48 MSEK and
adjusted annual net revenue of 2.56 MSEK show that there exist site configurations that
yield a positive net present value relatively quickly.
The main take-away regarding the profitability and business case of the proposed system
is the implemented cases indicate that the profitability depends heavily on the specific fast
charging site, with grid connection being the main driver of revenue. Furthermore, the
implemented cases show that there exist site configurations that could yield a positive
net present value, but that further analysis of cost and long-term trends is needed to
generate more robust results.

7.2 Performance
7.2.1 Limitations
There are limitations in the simulation results as inputs are not based on data from
actual charging stations. Hence, it is hard to understand how well the cases created for
this study reflect traffic at locations where the real energy storage could be deployed.
Similarly, the results could be more reliable if the energy demand were not estimated
but rather taken from an existing station at a site similar to potential locations for
deployment.
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The methodology of this report was focused on optimizing controls for the ESS, including
spot trading and several different ancillary services. Because of the algorithm’s time
complexity, some ancillary services had to be excluded. For example, FFR bids have to
be put on an annual basis. That implies that a simulation could not be run for one week
to determine if entering the FFR market is profitable. Thus, the values found in this
study are limited to using FCR-D only and could be increased if other ancillary services
are included. The assumption that one representative week could be linearly scaled
to approximate the annual revenues might also imply some uncertainty in the results.
As the main purpose was to demonstrate the models’ functionality and understand the
revenue magnitude and sensibility for a set of cases, the simplifications were seen as
reasonable.

7.2.2 Improvements
There are many potential improvements in the models concerning the foundational
approach and the method chosen in this thesis. A vital aspect of the model developed
in this thesis is the choice to resemble the true system in terms of dynamics and
structure. However, when considering the purpose of the model and specifically the
goal of estimating the net value, one could consider a more aggregated model. The
approach chosen for this thesis provides a structure if the optimization algorithm should
be implemented in reality. In such a context only one dynamic programming iteration
of 7 seconds would be needed every hour, which is deemed suitable for live application.
However, it might be possible to provide a model that does not consider the actual true
system but simply aggregated measures and performance targets. Such a model would
imply that one could optimize the parameter configuration to a better extent. Due to
the computational complexity of the model, one can only use it to test a chosen set of
system configurations. A more aggregated model could be used actually to optimize the
configuration of the system in itself.
Another possible change in the underlying model is better to adapt the model to the
format of the data. The model developed in this thesis was designed to be general and
robust, working with both high and low energy demand. However, many of the critical
dynamics of the model were developed for the case with relatively high energy demand.
The data generated for the case study was relatively sparse concerning arrival intensities.
While this was identified as the most interesting level to study through discussions with
Vattenfall, the lower intensities make some parts of the model less relevant.
Considering improvements of the specific model, the main improvement is to include
power and energy arbitrage trading better. Now the model relies on an assumed linear
power providing the estimated energy demand, which does not align with the actual
system. For example, in the current model, a customer wanting 25 kWh is assumed to
get this energy as 25 kW during an hour. In reality, the customer receives this as 150
kW in 10 minutes. This implies a need to explicitly differ between power and capacity
and introduce power slack as a new variable. While making the model more complex
would make the constraints on power more realistic. However, this was deemed outside
the scope of this thesis.
The model only updates the scheduled services once every day, and it only considers
known services planned. Specifically, when new services are scheduled, the MPC horizon
only includes scheduled service decisions for the upcoming 24h. Another possible
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approach would be to use an expected value for the hours that will be scheduled, such
that the model always has estimated decisions for the entire time horizon. This could
pose an exciting potential for further improvement of the model.
Different usage of energy storage, such as fully charging and fully discharging the
battery or keeping the energy in between specific ranges of the total capacity, will affect
the battery’s life expectancy in different ways. Therefore, including the wear of the
battery cells due to varying charging behaviors could make a more accurate profitability
prediction. If managed more conservatively, the energy storage could be functional longer.
Therefore a possible improvement of the model is to include some cost for charging
behaviors that reduce the expected lifetime of the energy storage.
An improvement that could be included in the case study is considering how development
in the BEV market might influence the profitability of investments in the ESS. In further
research, different scenarios could be explored for how charging demand might change
throughout the lifetime of the ESS. These cases might also depend on the location of
the potential deployment of the ESS. Such scenario analysis would, however, require
many simulations and might therefore require a reduction in the time complexity of the
optimization algorithm.

7.3 Conclusion
In this project, we have derived an optimal control model that could serve as the
foundation for a live control in a true ESS-based fast charging system with ancillary
services. The model is based on model predictive control and dynamic programming,
with the FCR-D service delays being incorporated as components in the system state.
The model has some limitations in regards to time complexity when conducting monte-
carlo based profitability analysis, due large amount of necessary iterations, but is deemed
sufficient for live implementation with a running speed of approximately 7 seconds for
one dynamic programming iteration. The developed model was implemented on four
cases considering varying types of fast charging sites for three different price scenarios
for FCR-D and energy. The results from this case study indicates that an ESS-based
fast charging system providing ancillary services could be profitable and yields a positive
net present value for some fast charging sites. However, due to large variations between
the implemented cases each potential real site should be analyzed based on the specific
configuration of that site. The model is based on approximations of annual net revenue,
and further research into the costs associated with the proposed system needs to be
made in order to understand long term profitability. While many improvements could be
implemented to create higher alignment with the true system, the proposed model and
discussed optimal control methodology could serve as the foundation for future models
within the research field of optimal ESS control.
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Appendix A

System Responses for All Cases

A.1 Small Site | 100 kW
A.1.1 Low Price

Figure A.1.1: System Response for: Case 1 | Low Price Scenario
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APPENDIX A. SYSTEM RESPONSES FOR ALL CASES

A.1.2 Mean Price

Figure A.1.2: System Response for: Case 1 | Mean Price Scenario

A.1.3 High Price

Figure A.1.3: System Response for: Case 1 | High Price Scenario
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APPENDIX A. SYSTEM RESPONSES FOR ALL CASES

A.2 Small Site | 150 kW
A.2.1 Low Price

Figure A.2.1: System Response for: Case 2 | Low Price Scenario
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APPENDIX A. SYSTEM RESPONSES FOR ALL CASES

A.2.2 Mean Price

Figure A.2.2: System Response for: Case 2 | Mean Price Scenario

A.2.3 High Price

Figure A.2.3: System Response for: Case 2 | High Price Scenario
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APPENDIX A. SYSTEM RESPONSES FOR ALL CASES

A.3 Small Site | 200 kW
A.3.1 Low Price

Figure A.3.1: System Response for: Case 3 | Low Price Scenario
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APPENDIX A. SYSTEM RESPONSES FOR ALL CASES

A.3.2 Mean Price

Figure A.3.2: System Response for: Case 3 | Mean Price Scenario

A.3.3 High Price

Figure A.3.3: System Response for: Case 3 | High Price Scenario
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APPENDIX A. SYSTEM RESPONSES FOR ALL CASES

A.4 Large Site | 200 kW
A.4.1 Low Price

Figure A.4.1: System Response for: Case 4 | Low Price Scenario
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APPENDIX A. SYSTEM RESPONSES FOR ALL CASES

A.4.2 Mean Price

Figure A.4.2: System Response for: Case 4 | Mean Price Scenario

A.4.3 High Price

Figure A.4.3: System Response for: Case 4 | High Price Scenario
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