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J’ What I love most about rivers is
you can't step into the same river twice,
the water is always changing,

always flowing

& What I dream the day might send,

just around the river bend d

Pocahontas
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Executive Summary

Stakeholders from different levels of the government, the industry, universities and non-governmental organ-
isations in The Netherlands all pledge for a faster transition from internal combustion engines toward electric
driving. Electric vehicles (EVs) are considered effective to reduce carbon emissions in the transportation sec-
tor. Besides that, EVs could be the catalyst to enable more renewable energy to the electricity mix, if smartly
integrated with the current electricity grid.

To ensure robustness and security of supply, continuous balancing between supply and demand in the
electricity grid is needed. Electrification of mobility is one of the trends in our changing electricity system
that demands an increase of flexibility. Flexibility is defined as the means that enable the electricity system
to transit to a different state of equilibrium between generation and consumption. To safeguard the stability
and security of supply in the future, with increasing renewable electricity in the energy mix, new flexibility
options have to be unlocked. While the mobility transition to electric driving could cause serious problems in
increasing peak demands, opportunities arise to deliver flexibility with EV smart charging at the same time.

To ensure that the potential of EVs could be fully realised, new types of cooperation between the auto-
motive sector and the electricity sector is necessary. One could conclude there is a strong synergy between
the energy transition the mobility transition. That synergy is positioned central in this research and smart

charging of EVs is the designated tool to act as an enabler to integrate the two sectors.

The objective of this research is to understand what smart charging can bring business and society at
large. In close collaboration with the largest fleet operator in the world and a commercial aggregator, the
impact of smart charging on both cost reduction and carbon reduction was simulated for an EV fleet in 2018.
The simulation is designed to quantify the cost reduction of EV smart charging in The Netherlands as realistic
as possible. Besides cost reduction quantification, the objective is to create a better understanding of what
variables influence smart charging cost reduction. This is done via a statistical analysis of the smart charging
simulations output. Where the financial incentive is the key driver to commercialise smart charging, a de-
crease of the carbon footprint could create positive externalities at the same time. Furthermore, this research
also has the objective find the direct impact of smart charging on carbon intensity of the electricity used for

personal transport.

In this research, an EV aggregators perspective is leading. The EV aggregators could utilizing available flexibil-
ity in an EV fleet to deliver flexibility services. The strategy chosen to simulate is based on day ahead market
optimization and passive balancing on the imbalance market. The EV fleet is assumed to be an isolated port-
folio handled by the balance responsible party (BRP). The average synthetic load profile over 2018 was €41,56
per MWh and this is used as benchmark to quantify the smart charging savings in the simulations. Differ-
ent smart charging simulation set-up scenarios are designed and executed. Simulation A shows the losses in
a worst case smart charging scenario. Simulation B is optimizing smart charging on the day ahead market
only and is not able to reach any savings compared to the benchmark. Simulation C is integrating the im-
balance market and shows a significant drop in average prices, indicating the smart charging algorithms are
able to utilize the fluctuations in the imbalance market prices. Simulation D integrates forecasting tools for

both the EV charging demand and price forecasting into the smart charging algorithms. This makes the latter
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the most realistic simulation to use to calculate the cost reduction potential for smart charging. In all sim-
ulations a real-world charging data set with 300.000 historic charging sessions was used. For each session,
a new smart charging profile is determined by the optimization algorithms. The session price and session
carbon intensity is calculated for both the smart charging scenarios as the business-as-usual scenarios. To
compare the results of the different smart charging set-up scenarios, the average session price of all session
in that simulations is used. At the same time, the smart charging savings is calculated based on the defined

benchmark.

The findings within this thesis support the conclusion that the used smart charging algorithms work properly
and could decrease the electricity purchase price in The Netherlands. Additionally we found that the carbon
intensity of the charged electricity during the smart charging schedule decreases compared to a business as
usual scenario. This is a direct result of a correlation between the carbon intensity in the grid and day ahead
prices in The Netherlands.

EV aggregators are able to add flexibility to the demand side of the electricity system by means of smart
charging, if a strong price incentive is provided. If stakeholders across the mobility and the energy sector work
together, a real-world commercial implementation based on the price incentives on day ahead market and
imbalance market in The Netherlands is possible. In the statistical analysis, multiple regression models show
a linear relation between three independent variables (the session duration, session volume and maximum
power of the charge point) and two dependent variables (the average session purchase price and savings per
session). The key insights from the models empowered three main recommendations to EV aggregators to

optimize the smart charging savings in the future:

1. Encourage longer session lengths
2. Encourage regular overnight charging sessions behaviour, independent from the charging needs
3. Stimulate access to high charging power

The data showed compelling differences between the ~ 20% BEVs and the ~ 80% PHEVs and their results
were separated accordingly in this research. In all simulation set-up scenarios are the PHEVs outperforming
the BEVs in terms of a lower average session price and higher cost reduction.

If the smart charging strategy is executed as proposed in this thesis, the EV aggregator is exposed to the day
ahead market and imbalance settlements for its portfolio. The EV aggregator is able to decrease the electricity
purchase price, while acting as BRP. The exposure to the markets brings significant risk. Collaboration with
an electricity supplier or BRP could potentially increase the smart charging savings for the EV aggregator.
Furthermore, other revenue streams to utilize flexibility could be investigated. If stacking different flexibility

strategies is possible, it could increase the smart charging value in the future.
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Introduction

In this opening chapter, the entanglement of energy and mobility is discussed. First, the role of the electric
vehicle in the energy transition is described. After that, the difficulties and opportunities regarding electric
vehicles in the electricity system are discussed. This is used as framework to introduce smart charging of
electric vehicles as service. In section 1.3 the research problem, research objective and research questions
are described. Last part of this chapter explains the structure of this thesis and elaborates on the industrial
collaboration during this research project.

1.1. The role of electric vehicles in the energy transition

Climate change is often referred to as one of the biggest challenges of our generation. Human kind has been
late in acknowledging this danger and has so far done too little about it. Global warming and climate change is
discussed on all levels, but decision makers continue to choose economic growth over ecologic stability [12].
Aligning decarbonisation with economic growth, without extreme political or economic sacrifices, could be
an effective strategy to decrease greenhouse gas emission.
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PARIS AGREEMENT
Article 2

l. This Agreement, in enhancing the implementation of the Convention, including its objective, aims to strengthen
the global response to the threat of chimate change, in the context of sustainable development and efforts to
eradicate poverty, including by:

{a) Holding the increase in the global average temperature to well below 2 °C above pre-industrial levels and
to pursue efforts to limit the temperature increase to 1.5 °C above pre-industnial levels, recognizing that
this would significantly reduce the risks and impacts of climate change;

{b)  Increasing the ability to adapt to the adverse impacts of chimate change and foster chimate resilience and
low greenhouse gas emissions development, in a manner that does not threaten food production;

{c}  Making finance flows consistent with a pathway towards low greenhouse gas emissions and climate-
resihent development.

2, This Agreement will be implemented to reflect equity and the principle of common but differentiated
responsibilities and respective capabilities, in the light of different national circumstances.

Figure 1.1: United Nations Paris Agreement[37]

As formulated in figure 1.1, late 2015 during the United Nations Conference on Climate Change (COP21),
195 countries came together in Paris to agree on ambitions and terms to decrease greenhouse gas emission.
The overall goal is to restrain global warming to below 2 degrees (and pursue efforts to remain below 1,5)
above pre-industrial levels [37].

The transportation sector contributes significantly to the global greenhouse gas emissions. The sector
is responsible for 14% of the anthropogenic greenhouse gas emissions in 2014[15]. Only true zero-emission
innovations in the electrification of transport can solve emission challenges [16]. The long term decrease of
CO2 emissions in the transportation sector should be achieved by technological innovation, like EVs, instead
of changing behaviour to lower transport volumes [27]. To fulfill the emission reduction ambitions within the
transportation sector, replacing fossil fuelled engines with electric engines, power by renewable produced
energy carriers is needed [39].

In The Netherlands, the government pushed its agenda on electric vehicles (EVs) in passenger road trans-
port via the ‘Green deal elektrisch Vervoer 2016-2020’ [11]. In this document, all involved stakeholders, in-
cluding the government, car manufacturers, environmental organisations, transportation companies, car
leasing companies, provinces, municipalities, universities and more, agreed on the ambition to reach 50%
EVs in new sales in 2025. In 2035, all new sold vehicles have no exhaust pipe emissions, according to the
ambitions [11].

EVs has already existed since the 1800s, but its inferior technology compared to Internal Combustion
Engine (ICE) vehicles restrained the market penetration [14]. Since EVs are considered very effective tech-
nologies to reduce CO2 in the transportation sector, sustainability reasons provided recently new incentives
to invest in R&D, to improve the technology and implement EVs on a large scale [40]. This transition is asso-
ciated with both global climate change and fossil fuel usage, but also addresses a lot of other aspects, like air
quality and noise pollution [34].

Prior research indicates that to ensure that the potential of EVs could be fully realised, new types of co-
operation between the automotive sector and the electricity sector are necessary[18, 34]. This cooperation is

new and little can be found about automotive industries going into the electricity sector or vice versa.
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EVs have a high potential to minimize carbon dioxide emissions, and could be a catalyst to enable more
renewable energy into the electricity mix, if smartly integrated with the current electricity grid [40]. One could
conclude there is a strong synergy between the energy transition and the mobility transition from ICE vehicles
to EVs.

That synergy is positioned central in this research and smart charging (SC) of EVs is the designated tool

to act as an enabler to integrate the two sectors.

““full environmental potential of electric vehicles will only be realized if they
are not simply used as a substitute for conventional ICE vehicles, but also as
a tool for load management in the electricity grid, and as one component in an

integrated network of different transport modes in an urban setting’’[34].

1.2. Smart charging as tool to balance the grid
1.2.1. Stabilizing the electricity grid

The Netherlands has one of the most robust electricity systems in the world with a security of supply over
99,99% [36]. The inherent characteristic of electricity requires a constant and continuous balance between
supply and demand. The power system is designed with a certain deviation allowance, but has strict bound-
aries to prevent power outages. The responsibility of this balance lies with the transmission system operators
(TSOs) and the power balance is maintained by the different European markets. In The Netherlands, the re-
sponsibility of balancing the grid lies with TenneT, the Dutch TSO. In figure 1.2, a graphical representation of
the power grid shows how generation and consumption can be seen as the supply and demand that need to

be in balance.

Regulators

Power Large
plants industries
B ; : Transmission/ Consumers/
Renewables ) Hightve ta distribution o — Consumption
Import Export

Figure 1.2: graphical representation of balancing the grid by TenneT

The resilience of the system depends on the ability to respond correctly to variability in supply or demand

of power to maintain the balance, which is referred to as flexibility.

"Flexibility in the electricity system are the means that enable it to transition
from one state of equilibrium between generation and consumption to another."

(36]
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Three key forms of flexibility are important to distinguish for this research[21]:

¢ Supply-side flexibility, e.g. power plant response or power curtailment
¢ Energy storage, e.g. pumped hydro, battery storage or hydrogen storage
* Demand-side flexibility, e.g. peak-shaving or load shifting

The electricity demand is changing both predictable and unpredictable in time. In a traditional fossil fuel
based power system, a portfolio of power plants deliver the needed flexibility by changing their production
power on the supply side [21].

1.2.2. The energy transition is changing growing the need for flexibility in the electricity
grid

In the energy transition towards a low-carbon power system, both the supply side and demand side of the

electricity system is changing significantly. Variable renewable electricity production like wind and solar is

substituting the fossil electricity production and this causes serious challenges to the flexibility in the system.

1. The intermittent character of solar and wind energy increases the need for flexibility

2. Phasing out fossil electricity production decreases the available flexibility

On top of that, more flexibility is needed due to changes on the demand side as well. Electrification in
heating and electrification of mobility increases the local peak demand, as well as local electricity produc-
tion with rooftop solar system. This is resulting in an increase of local congestion in the grid [24, 29, 43].
Accordingly, extra flexibility is needed not only on a national level, but also on a local level to deal with peak
demand and local congestion. Currently no commercial markets are available to handle this problem and
grid reinforcement is used as a solution, but this is not a sustainable solution if the described trends are taken
into account [4, 8, 32]. The distribution system operators could decrease the investments in infrastructure
significantly if demand side flexibility is delivered by EVs, but a price incentive should be provided[42]. The

high complexity of designing a local flexibility markets, slows down the emerging of new markets.

‘““To Realise a renewable electricity future a mix of new flexibility options has
to be unlocked’’ [36].

TenneT states that there is no single solution to solve the challenges rising in the changing energy system.
Instead a combination of different options are investigated, where in the end the markets will find the cheap-
est way to structure the system. One of the solutions often mentioned in literature, is creating flexibility with
EVs[21]. Nowadays, demand response based on price incentives is applied commercially to large industries
but not to the residential sector. Literature shows there is significant value in the flexibility of the batteries of
EVs, that could be used to stabilize the electricity grid with smart charging(6, 17, 19, 20, 25]. With integration
of digitalization, opportunities arise to utilize the flexibility in residential assets such as EVs. However, this is

this not a commercial activity at the moment, the question is why.

1.2.3. Price incentive as bare necessity for EV aggregator

If there are price incentives in place for demand response with EVs, aggregators can build a smart charg-
ing platform to optimize the EV charging demand in time. If EV aggregators will be able to utilize smart
charging while responding to price incentives, it will flatten the peak demand and it will decrease the price

fluctuations[42]. To optimize the economic reward of EV flexibility, two conditions are key:

1. Maximize the economic value with the given flexibility
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2. Maximize the available flexibility within an EV fleet

The first maximization of the economic value with the given flexibility is the main task of technical aggrega-
tors, using complex dispatch algorithms. The second maximization could be depending on the driving and
driver behaviour and therefore the incentives towards the driver. The available flexibility could increase if
driver behaviour is better forecasted or simply by creating restrictions for the EV driver, like capping the bat-
tery capacity.

Extensive research has been conducted about the deployment of EV smart charging as a demand response
strategy [2, 31, 43], but real world implementation lacks behind [30]. Expert futurologist, researchers and pol-
icy makers are eager to describe the trends that smart charging of EVs is inevitable in a future energy smart
grid [8, 11, 32, 39]. But, how could it be integrated in the current state-of-the art system and markets?

In an earlier study, the value of SC of EVs is determined in three set-up possibilities [23]:

* Use local office solar production to charge EVs
¢ Charge EVs based on dynamic pricing

¢ Use available flexibility of EVs to provide demand response ancillary services

The researchers used a single mixed integer linear programming formulation to decide the charging logic
for the EV fleet. According to their research, using only 1 of the above strategies, the economic reward is too
little. [23].

The goal of this research is to simulate smart charging of an EV fleet in The Netherlands and quantify the

cost reduction for an EV aggregator.

1.3. Research Approach

1.3.1. Research problem definition: uncertainty of economic reward of smart charging
The role of EVs in the energy transition is described in section 1.1. EVs are powered by potentially renewable
produced electricity instead of fossil fuels and EVs have no tailpipe emissions. This inherent characteristics
results in the conclusion that the impact of the mobility transition on the energy transition is inevitable.

The opportunity to use the available flexibility of EVs to stabilize the grid to a future ready electricity
system allows more intermittent renewable energy in the grid and accelerates the energy transition. But,
where the first effect is realised by the decision to drive electric and the second effect is long term and complex
to quantify, a third potential impact on the energy transition could be imagined. In an electricity market in
the middle of the energy transition, the electricity in the grid is a mix of renewable and fossil energy. The fossil
energy power plants deliver constant power for a stable price and are able to scale up or down. The renewable
energy has a variable production, little flexibility and has to deal with forecasting errors, which results in an
unstable price. These differences in electricity production create the expectation that the electricity price
will fall if abundant renewable energy is available and the price will rise if little renewable energy is available.
Smart charging services will optimize the charging schedule of an EV with the target to decrease the charging
costs. The correlation between renewable energy presence and price, could result in a lower carbon intensity
for the electricity molecules going physically into the EV.

Several environmental and economic advantages of large scale integration of smart charging services into

the electricity system are described in section 1.2. A smart charging service could be seen as the catalyst to
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the synergy between the energy transition from fossil to renewable energy and the mobility transition from
ICE vehicles to EVs. Nevertheless, smart charging as an innovative tool is far away from common practice.

A running smart charging platform will be controlled by computers and algorithms running on servers,
without interference of humans. However, to commercially roll out a smart charging service, a significant
upfront investment is needed. A significant upfront investment is needed for among other things; forecasting
tools, smart charging algorithms, integration with charging infrastructure and hardware, testing, marketing,
overhead and more. EV aggregators forbear those investments, since the economic reward is uncertain and

expected difficulties a fast scale up brings significant risks.

1.3.2. Research objective and research questions

The objective in this research is to quantify the cost reduction and create better understanding of the poten-
tial of smart charging an EV fleet in The Netherlands. This could take away the uncertainty of the economic
rewards for EV aggregators. If significant economic rewards could be expected, the results could convince
potential EV aggregators to invest into the commercialisation of EV smart charging. Besides the cost reduc-
tion, this research also has the objective to find the direct impact of smart charging on carbon intensity of the

electricity used for personal transport.

This motivates the following main research question:

What is the effect of smart charging an aggregated EV fleet on the costs and

carbon intensity of the charged electricity?
Accompanied by the following sub questions:

1. How much cost reduction per EV could be realised with smart charging for different

smart charging set-up scenarios in 20187
2. What is the difference in smart charging cost reduction for BEVs and PHEVs?

3. What effect has the duration, the volume and the maximum power on the achieved smart

charging cost reduction and how could they predict future cost reduction?

4. What strategies could be used to improve the smart charging cost reduction in the

future?

5. How is the carbon intensity of the electricity changing if comparing smart charging

to a business-as-usual scenario?

1.3.3. Structure of the report
To quantify the economic and environmental upside of smart charging, this research proposes a smart charg-
ing simulation design for The Netherlands. Historic EV charging data from 2018 is provided by LeasePlan. To

achieve the objective, this research is structured into three phases:

1. Define a realistic algorithmic smart charging set-up
2. Run the smart charging simulations

3. Statistical analysis of the simulation results
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Phase 1 Phase 2 Phase 3

Figure 1.3: The three phases of this research

In chapter 2, theories and context precursory to the rest of this research are described to understand the
following chapters. Chapter 3 is an extensive description of the research method and analysis design. In

section 3.6 of the first phase, an essential question for the rest of this research is answered:

What is the most realistic smart charging simulation set-up in The Netherlands and how does it

differ from a real-world situation?

To determine the effect of smart charging an EV fleet on the carbon intensity of the charged electricity, in
phase two the carbon intensity in the grid at charging time is calculated for all sessions. Positive externali-
ties of smart charging are tested during the simulations in this research. The results of the carbon intensity
analysis is presented in chapter 5, answering the first sub-question. In the following sections of chapter 5,
the financial results are presented and discussed. After all results are presented and the sub-questions are
answered, a summary of the results and answers is presented in chapter 6, where the main research question

will be answered.

1.3.4. Industrial collaboration

This research was initiated in collaboration with LeasePlan. The company has interest in its outcome, since
a smart charging service provided by an EV aggregator could potentially be a service to add to there business.
This research is part of an exploratory project, where besides the economic value, the technology readiness is
also tested. During this project, a partnership with both a charge point operator and a aggregator was made to
build and test the infrastructure for applying smart charging on a small amount of test cars. The partnership
with the commercial aggregator was key in this research, since their forecasting and dispatching algorithms
are used in the simulations as described in chapter 3.






Landscape & context

2.1. Drivers and barriers for electric vehicle adoption

High efficiencies and zero tail pipe emissions are currently the most important drivers for EV adoption [3].
EVs are seen as promising innovation within the transportation sector for years, but large scale adoption
lacks behind on the expectations [34]. Fast adoption of EV driving is lacking behind due to different bar-
riers. Besides the technical difficulties, also environmental, social and political barriers are important [33].
Many different technical barriers for EVs are mentioned in the literature; high-performance batteries, new
components, interface to the grid, IT based applications to manage loads efficiently, fragmented infrastruc-
ture and privacy of charging data [7, 33, 34, 40]. Even if technical problems in for example battery capacity,
charging speed, and social problems like driving distance and charging infrastructure availability are solved,
there is still a financial barrier compared to ICE vehicles to overcome [34]. As discussed by [34] there are
two steps towards large scale implementation of EVs. First, technical barriers in vehicle technology should
be improved. Second, new business models which makes EV driving economically viable for industry and
consumers should be developed.

A study in Norway showed that for a high percentage of EV drivers, the economic benefits created by govern-
mental incentives, were the most important drivers to buy an EV. Most drivers are not willing to pay signifi-
cantly more for EVs compared to ICE vehicles [13]. The most successful incentives include zero import tax,
zero VAT on purchase, zero VAT on EV leasing and free toll roads for EV drivers. This is an extra indicator that
removing the financial barrier for EV driving will be extremely important in accelerating the adoption rates
within leasing customers.

Both the car manufacturing sector as well as the car leasing services are changing with the rise of EVs
and this brings challenges and opportunities. Even though regulations already have promoted and increased
the use of EVs, their leasing costs have remained higher than that of ICE vehicles in The Netherlands. If new
business opportunities could be exploited to lower the costs of EV leasing within The Netherlands, adaptation
of EVs could accelerate exponentially. According to literature, the reduction for EV leasing costs would allow a
higher market penetration rate that would consequently push the energy transition towards a carbon neutral
society [7][13][40].

The fact that the leasing costs of EVs is higher than ICE vehicles, is one of the main reasons for slow

growth of EV sales in many countries[40]. The literature mentioned could be summarised as a two sided
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adaption problem. Firstly the technical barriers should be taken away, resulting in EVs becoming the superior
technology instead of inferior. This step is already set in motion and some current EV models are considered
not inferior but comparable with or superior to ICE vehicles [1]. Secondly, the price of EVs and EV driving
or leasing must compete with ICE vehicles. Despite favourable policies and regulations, leasing an electric
vehicle remains an expensive choice compared to comparable ICE vehicles. If new services for EVs could gain

extra revenue, it could potentially decrease the cost and therefore stimulate EV adoption.

2.2. The smart charging ecosystem in The Dutch electricity sector

To understand the cost reduction potential of smart charging in The Netherlands, an introduction in the
Dutch electricity sector is provided. First, the roles and corresponding responsibilities in a smart charging
ecosystem are described. Subsequently, the structure of a Dutch residential electricity bill is discussed. This
is used as framework to find the possibilities to decrease the electricity costs with smart charging. Eventually,
this will result in the chosen smart charging strategy in The Netherlands for the simulation design in this

research.

2.2.1. Roles and responsibilities

The 1998 Electricity Act was the beginning of the liberalization of the Dutch electricity market and thereby
the start of energy supplier freedom of choice. In The Netherlands, it is by law forbidden since 2004 to group
activities in transmission or distribution system operation with electricity production or electricity trading
[26]. In figure 2.1 a simple schematic representation of a liberalised electricity system is shown. The involved

stakeholders control the physical system together.
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Figure 2.1: A simple schemetic representation of the Dutch electricity system [10]

The transmission system operator (TSO) TenneT is state-owned and responsible for the high voltage elec-
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tricity grid (220 kV and 380 kV)[35]. Several distribution system operators (DSOs, referred to as distribution
network managers in figure 2.1) are controlling the medium and lower voltage grid locally. Table 2.1 shows
an overview of the different roles and their responsibilities. The energy producer, balance responsible party
and energy supplier is often referred to as supplier for simplicity [38]. The combination of the three is a useful
simplicity, since large energy suppliers in The Netherlands deliver those three services grouped in the same
company. However, they have three separated roles in the electricity supply chain and should be separated
to see there relation with an aggregator. To be able to use EVs for smart charging, data communication infras-

tructure is needed between the aggregator and the charge point operator.

Role Responsibility

. High voltage grid
Transmission system operator . .
Electricity market regulation

Distribution system operator =~ Medium and low voltage grid

Energy Producer Physical generation of electricity
Balance responsible party Balance supply and demand within portfolio
Energy supplier source, supply and invoice electricity to customer

Optimize EV charging schedule
EV Aggregator Optimize electricity purchase bids
Provide electricity market entry
Deliver electricity to EV
Charge point operator Operate and invoice charging infrastructure
Data communication with aggregator
EV Driver Data communication charging preferences

Table 2.1: Roles and responsibilities involved in smart charging operation

2.2.2. The structure of a Dutch electricity bill

For a residential consumer in The Netherlands, the legal split in the energy sector mentioned in section 2.2.1
could be found in the invoice as well. Level 1 of figure 2.2 shows a schematic representation of the structure
of a Dutch residential electricity bill. The network costs are fixed costs and shown in yellow in figure 2.2. The
yearly costs are divided over the TSO and the DSO for their services. The electricity costs in the invoice are
shown in blue in the figure and are payed to the energy supplier. The electricity costs contain both fixed costs
and variable costs. Depending on commercial choices, the ratio between the two blue blocks in level 1 of
figure 2.2 is changing. The electricity tax and costs for renewable energy storage are displayed in orange. For
both the fixed costs and the variable costs a 21% VAT is charged. This means that 21% VAT tax is payed over
the all blocks in level 1, including the electricity tax.

In level 2 of figure 2.2, we zoom in on the electricity costs payed to the energy supplier. After deduction
of the VAT in orange and the electricity purchase price in green the margin for energy supplier is left in blue.
The energy supplier uses the blue margin to cover overhead, customer service, billing services and other
operational costs. The energy supplier strives to purchase the electricity as cheap as possible to decrease the
green block and increase the blue block, resulting in profit.

The green block in level 2 could be seen as the costs the electricity supplier makes to supply the physical
electricity. The costs per MWh for an energy supplier is a complex aggregation of all purchased energy in the
suppliers portfolio. The portfolio contains power purchase agreements, where large amounts of electricity is

purchased long term for a fixed fee. Long term contracts are traded on forward or future whole sale markets,
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weeks, months or years ahead. Closer to the delivery moment ¢ = 0, different markets play a role. The ENDEX
day ahead market auction closes a bid ladder every day for the next day. During the day intra-day trading
is still possible as well to change your portfolio based on your demand forecast. In the end, the balance
responsible party is contracted by the supplier and aims to perfectly match the purchased electricity and
supplied electricity, to avoid imbalance charges. The average price of all long term and short term trades the
energy supplier made, combined with the balance responsible party costs could be allocated to a specific
moment in time. The objective of the aggregator is to use the flexibility in electricity demand to decrease the

overall electricity purchase price. In figure 2.2 the potential smart charging saving is visualized as a grey block

in level 3.
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Figure 2.2: A simplification of the structure of a Dutch residential electricity bill

- Porfolic hedging

2.2.3. Defining the smart charging strategy and benchmark

EV aggregators could use different strategies to utilize EV flexibility and create value. This could be defined
in three basic categories, with different stakeholders to create the price incentive as showed in figure 2.3.
The first option for an EV aggregator is to deliver flexibility to the DSO. Congestion management, Voltage
control, power quality support or grid capacity management, all could be seen as different flexibility services
which could be delivered to the DSO [38]. Nevertheless, none of these defined value streams for flexibility
are commercially applicable in The Netherlands yet. The possibility deliver flexibility services to the DSO is
therefore not taken into account in this research. However, it could be an interesting opportunity in the future

and an EV aggregator should keep the developments in this area in mind.

"In electricity markets, spot and future contracts only function as a preliminary
schedule since the demand and supply of electricity cannot be predicted perfectly;

hence another market is needed for ancillary services" [35]

The second option to utilize the EVs flexibility is to deliver ancillary services to the TSO. Again, commercial
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Figure 2.3: The potential customers for the flexibility services of an EV aggregator according to the USEF [5]

access to this value stream is not applicable yet. The Dutch TSO started with pilots in both primary and sec-
ondary reserves to allow EV aggregators to enter the market under special conditions. The tertiary reserve
market should technically be accessible for EV aggregators. However, the entry bid in that market is 20 MW
and therefore far out of scope for current EV aggregators in The Netherlands. If the pilots running in primary
and secondary reserve market are successful for EVs and the quantification shows significant value, EV ag-
gregators could potentially utilize EV flexibility in ancillary services in the future. Still, the ancillary service
markets are capped and if market entry will be easy for aggregators in the future it could be saturated at one
point. This results in a decrease of value for flexibility until the reward is approaching zero.

The third option to utilize the EVs flexibility is to deliver services to the electricity supplier or BRP. This is
a revenue stream that is accessible in the current market set-up for EV aggregators. Four different flexibility
service could be provided to the BRP according to USEF [38]:

¢ Day ahead optimization

¢ Intraday optimization

Self balancing or passive balancing

¢ Generation optimization

Generation optimization is referring to demand side flexibility needed to overcome start ramping up or ramp-
ing down periods of large production units and is not taken into account in this research. Intra day optimiza-
tion is also not taken into account, since the prices are less volatile and little opportunities arise in the intra
day market. If the ratio renewable energy in the electricity mix is increasing, the intra day market could get
more volatile in the future.

Day ahead portfolio optimization is aiming to reduce the overall electricity purchase costs for the next
day by shifting loads as much as possible to hours with lower prices. A self balancing service refers to shift
loads last minute based on the load of the rest of the portfolio, trying to match the energy program demand
as purchased. If the aggregated metering data of the connections in the BRPs portfolio measured the energy
program is not matched, imbalance is created. Tennet is calculating all imbalance in the total market and
settles the imbalance market by invoicing the BRPs. If a BRP creates imbalance in the opposite direction
of the market average, the imbalance created is actually helping the TSO to keep the balance. Depending
on the direction of the deviation from the energy program compared to the rest of the market a BRP could

get fined or compensated. Passive balancing is the service to deliberately create imbalance, expecting to get
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compensated for the effort. This requires complex imbalance price forecasting tools, but could potentially
add significant value to the BRP.

Since the actual portfolios of electricity supplier and BRPs will always be confidential, it is difficult to
quantify what the value of flexible loads is in Day ahead and imbalance portfolios of a large BRP. However,
some EV aggregators became registered BRPs in the TSOs BRP register. In this research, we decided to inves-
tigate the value of smart charging, while combining day ahead optimization with passive balancing on the
imbalance market. The EV fleet is assumed to be an isolated BRP portfolio.

To be able to quantify the smart charging savings, a benchmark of electricity purchase price is needed.
Since the height of the average electricity purchase price is the main indicator of the success of an BRP, there
is no information available about it. To be able to define a benchmark for the electricity purchase price in
2018, the average was taken from the synthetic load profiles from that year. The average synthetic load profile
over 2018 was €45,56 per MWh [28], and this is used as benchmark in this research.



Simulation method and analysis design

In this chapter, the research design of phase 2 from figure 1.3 is described. Four smart charging simulations
are performed for every unique charging session in the dataset. The four different simulations are referred
to as simulation A, B, C and D. In the first section, an explanation of the general simulation approach could
be found. Next, the performed simulations A, B, C and D are thoroughly discussed. The simulation all differ
in strategy or market choices. Figure 3.1 shows graphical representation of the simulation design on the next

page.

3.1. Models: the commercial algorithms and solver

While defining the simulation set-up, the algorithms are build to run real-time in the pilot project conducted
in the same period as the simulations. In this section, a description is made from the algorithms used in the
real world. Later the changes made to the algorithm in the simulation are described. The energy purchase
and the profile optimization block as shown in figure 3.1 is described.

3.1.1. Energy purchase algorithm
The first step is to define the nominated energy purchase day ahead. This nomination is based on a forecast
of the day ahead market electricity prices and a forecast of the energy demand by the fleet. The estimated

energy demand for one specific car is purchased in the cheapest hours the car is expected to be connected.
¢ Timeframe: daily before gate close time day ahead market
Input session data:

* Forecasted energy demand [kWh]

» Forecasted start time session

¢ Forecasted end time session

¢ Forecasted maximum capacity charge point [kW]

Input market data
¢ Forecasted day ahead prices
Output energy purchase algorithm:

¢ Day ahead bid in kWh for every our the next day

15
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Figure 3.1: Graphic representation of the research design
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3.1.2. Profile update optimization algorithm

The second step is to define the smart charging profile during the day based on the imbalance markets and
the EV fleet presence. Based on new opportunities, the initial day ahead charging schedule for a specific car
could be changed. The charging schedule will also change if a forecasting error occurs in the energy demand.
So the flexibility of car A could be used to charge the (cheap) energy bought for car B, if car B is not at home
and connected to the charge point as expected. The larger the EV fleet, the better this system works.

¢ Timeframe: continuously with timesteps of 15 min for decision variable for every active session
Input session data:

¢ The day ahead bid from the energy purchase algorithm
* Forecasted energy demand [kWh]

¢ Start time session

* Expected end time session

¢ The maximum power of the charge point [kW]
Input market data

* Forecasted imbalance market prices
Output:

¢ Continuously updated charging profile and send to each car with active charging session

3.2. General approach of the simulations

All the input data for the simulations is described in chapter 4. For each row in the EV charging dataset, a
new dataframe is generated and solved in each simulation to find the price and carbon intensity if smart
charging was applied during the time of that session in 2018. The newly generated dataframe is filled from
the session data and market data, except for the last column. Table 3.1 shows an example visualisation of the

newly generated dataframe.

Data Frame Min_Energy Max_Power Price Carbon Intensity  Power

Start 0 MaxPower Price Carbon Intensity -
Next PTU 0 MaxPower Price Carbon Intensity -
Next PTU 0 Max Power Price Carbon Intensity -
Next PTU 0 MaxPower Price Carbon Intensity -
End Volume MaxPower Price Carbon Intensity -

Table 3.1: Example of a generated data frame build for each unique charging session in a simulation

The first column is a time based index. The index is starting at the start of session timestamp, and stretches
down to the end of session timestamp. All rows in between represent a PTU of 15 minutes. For the first and
last PTU, the maximum power of the charge point is multiplied with ratio active time over full PTU. This
compensates for the partial presence of the car during that first and last PTU.

The second column describes the minimum amount of kWh that needs to be charged at the end of every
PTU. By placing the total volume of the session in the last row, the algorithm recognises this as the constraint

that the total volume should be charged at departure. The other rows are kept empty.
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The third column is filled with the maximum power of the charge point and the fourth and fifth are filled
with the prices and carbon intensity of that PTU. The last column represents the power charged and is kept

empty.

The objective of the simulations is to minimize the electricity purchase cost of every charging sessions
utilizing the available flexibility. If the dataframe is filled, the solver takes all information in the frame into
account to solve the last column. The total power needed to charge the car is distributed over the span with
of the time frame, will picking the cheapest moments. The filled data frame results in the charging schedule,

an example is shown in table 3.2. Figure 3.4 and figure 3.5 are examples of such a solved charging schedule.

Data Frame Min_Energy MaxPower Price Carbon Power | Costs Emission

New_Start 0 3.7 €27,21 519,96 0 - -

Next PTU 0 3.7 €27,31 519,96 0 - -

Next PTU 0 3.7 €30,17 506,18 0 - -

Next PTU 0 3.7 €20,87 506,18 3.7 0,0193 468,21

New_End 1.25 3.7 €25,58 506,18 1.3 0,0068 164,51

Total €0,026 632,73 [gCO2eq/kWh]

Table 3.2: Example of a solved and filed data frame

When the solver is finished, the price is multiplied with the power to calculate the costs in € per PTU. The
carbon emission per PTU is calculated by multiplying the carbon intensity with the power. Both are summed

for the full data frame and stored in the results in the session row.

i
1
Costs: Csessionj = 3 Z-DVI- P Ay (3.1)
n=1
US|
Emission: Esessionj = ) 2 -DV;-P;-I; (3.2)
n=1

DV; = the decision in domain [0,1]

P; = power

A; the price for that PTU

I; = the carbon intensity for that PTU

3.3. Simulation A: Worst case simulation

In simulation A, a dumb charging profile is applied, where the session is charging full power until the de-
mand is met. We assume this profile is what actually happened during the charging period in 2018. Two
different financial outputs are generated in this simulation. The first is based on a set benchmark electricity
price, to compare the results with not executing smart charging, as showed in figure 3.2. Notice the constant

benchmark price in this figure.
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Figure 3.2: Example of dumb dataframe solved on in simulation A

The second output is based on a dumb charging profile, while exposed to the day ahead market. This
shows the worst case scenario of a failing smart charging service. The energy profile purchased the day ahead
based on the energy purchase algorithm described in section 3.1.1 could not be followed, since dumb charg-
ing profile is applied. This means the imbalance price is payed during the hours the car was charged, while
the energy was not purchased. Besides that, a compensation is received for the energy purchased day ahead,
but not consumed. This compensation is also based on the imbalance price. If a driver does not allow smart
charging when the session starts, but overrules the system and demands full power directly, simulation A
is applied. Since the energy purchase algorithm uses the full connection time to purchase energy, but the
session was charged as fast as possible, the financial results of this simulation shows a worst case scenario
for bad forecasting tools. Since the charging session is exposed to the imbalance market for its price, this
will indicate the amount of risk present in the system. This simulation is not build only to define a financial
benchmark, but to find the benchmark for the carbon intensity based on dumb charging. In figure 3.2 an

example is shown of a profile for a session based on simulation A exposed to the imbalance market.
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Figure 3.3: Example of boost dataframe solved on in simulation A

3.4. Simulation B: The day ahead market simulation

Simulation B is based on the day ahead market. In this simulation, the day ahead market prices are filled
in the dataframe as illustrated in table 3.1. The imbalance price is neglected in this simulation. Since the
more fluctuating imbalance price is expected to bring favourable opportunities for smart charging, the value
of smart charging based on only the day ahead market is expected to be lower. However, simulation B is still
of high value for this research, since it sets a new benchmark for the next simulations.

Besides that, the carbon intensity results in this simulation are of significant value. The expectation is
that the day ahead market is more influenced by renewable energy penetration in the grid compared to the
imbalance market, so the carbon emission savings while smart charging based on the day ahead market only,
is expected to be higher. Since the renewable energy penetration is still low in The Netherlands, simulation A
is also executed with the German data. The Germany simulation is an exact copy of simulation A, with both

the German day ahead market as the German carbon intensity in the grid as substitution of the Dutch data.

If this simulation strategy would be applied to a real-time situation, the day ahead price would not be know
and only a forecast could be fed into the solver. Since historic data is fed into the simulation, no forecasting
error is assumed, so the model simulates the situation where every session follows exactly the profile as day

ahead purchased as describe in section 3.1.1. The cost of this smart charging simulation is due to forecasting
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error higher in a real-time scenario compared to the simulation results. In figure 3.4 an example is shown
of a smart charging profile for a session based on simulation B. The figure shows that the power to charge
the car is scheduled during the lowest prices in the time frame. The prices on the day ahead market in this
particular time frame peak between 07:00 and 08:00 with prices above €0,07 per kWh. The lower prices in
the time frame are close to €0,05 per kWh, which corresponds to €50 per MWh. One should realise, that even
if the smart charging systems works perfectly, the result is heavily depending on the prices during the time
interval. €50 per MWh is well above the €41,56 benchmark and this specific charging session would be a pain

for an EV aggregator, increasing the overall costs.
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Figure 3.4: Example of dataframe solved on in simulation B

3.5. Simulation C: The imbalance simulation

Simulation C is a copy of simulation B, with the addition of self balancing on the imbalance market. If the
solver would be allowed to trade freely on the perfectly predicted imbalance market, gaming will occur in
the shape of a large amount of trades to decrease costs. Due to the inherent impossibility to predict the im-
balance price perfectly, the solver could not be allowed to trade freely on the imbalance market. To allow a
realistic amount of imbalance trading, the solver is bound to 80% commitment of the day the ahead nomi-
nation purchased on the day ahead market. This results in a 20% energy purchase on the cheapest moment
of the imbalance market. The decision for this ratio in the simulation design was made together with the
commercial aggregator. The imbalance market is very difficult to predict in advance, but the stronger the
deviation of the outliers, the higher the change of correctly predicting them.

In figure 3.5 an example is shown of a smart charging profile for a session based on simulation C.
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3.6. Simulation D: The forecast simulation

In the set-up of the simulations B and C, we assume zero demand and price forecasting error. Since no
forecasting error is assumed, every EV could be charged exactly as planned day ahead, or changed based on
perfectly known imbalance opportunities (price incentives) during the day. In a real world situation, both
demand and price could not be known exactly.

In this research, one of the key targets is to simulate smart charging as closely to a real world scenario as
possible. To find a more realistic result, forecasting tools are added in simulation D. Both the charging session
data as the price data of the first 6 months of 2018 is provided to self-learning algorithms to forecast both the
demand and the prices. After the learning process, the second half of the data is fed into the smart charging
simulation. This decreases the size of the simulation output significantly, but gives a more realistic result.
Including the forecasting changes the process, compared to the previous simulations. The steps taken are

described in two phases, similar as the two algorithms described in section 3.1.

3.6.1. Phase 1: day ahead situation

In the first phase, the day ahead situation is mimicked. The system is aware of the fact that a session is going
to take place the next day, but has no information about it. Besides that, no information is available about
the day ahead market prices and the imbalance market prices. The reference data is fed into the algorithms
to create the forecasting. As described in chapter 4, each session is coupled to a specific car and driver with
an ID. With all historic data from the session from that specific ID, the demand forecast is made. Next to
the demand information also the prices need to be estimated. The day ahead price is estimated for all hours
the next two days based on the historic prices, without feeding the real day ahead prices. This could be

summarised in four input variables that are estimated in phase 1:

¢ The volume

¢ The start time

¢ The duration

* The day ahead prices

The maximum power of the charge point is known per ID, which means that now all information is known
for the energy purchase algorithm as described in section 3.1.1 to run.

3.6.2. Phase 2: near real-time situation
In the real time situation mimic, different input are needed for the profile update optimization algorithm as

described in section 3.1.2:

¢ The day ahead bid based on forecasting in phase 1
e The actual energy demand [kWh]

¢ The actual start time session

¢ The actual duration of the session

¢ The maximum power of the charge point [kW]

e The imbalance market prices

In areal world situation, the profile update optimization algorithm will update the charge profile every couple
of minutes, based on updated forecasting. In phase 2 of simulation D, the profile is updated only once. The
actual data from the dataset replaces the estimated data from phase 1 and the day ahead bid and maximum
power is also known. The imbalance market prices is the only input which is not calculated or fed in yet.

Ideally, the imbalance price forecast is calculated during the start of the session and updated every couple of



24 3. Simulation method and analysis design

minutes. If done so, the algorithm could change the charging profile every couple of minutes, like it would
have done in a real world scenario. Unfortunately, it was too complex to integrate the imbalance forecasting
in such a way. The simulation set-up design is build to handle 2 phases, but adding extra forecasting and op-
timization calculations for all steps in every session was too complex to design during this research. Besides
that, the run time of the simulation would exponentially rise towards a calculation impossible to run on a

ordinary computer.

To realistically quantify the smart charging savings, it is crucial to add the imbalance market to simulation
D, yet it should be restricted to prevent gaming and produce results that are realistic and trustworthy. If am-
bitious assumptions are made in the choice to add the imbalance market, the result could be theoretically
outstanding, while practically not feasible.

To deal with this problem, in simulation D the imbalance market is added in a cautious and deligate mat-
ter. The assumption is made that algorithm is able to predict the 5% highest and 5% lowest imbalance price
moments, but has no information about the rest of the imbalance prices. The reasoning behind this choice is
that the stronger the deviation, the higher the probability the forecasting algorithm will recognise the outlier
and label it as opportunity. The choice to feed 5% is totally arbitrary, but expected to be cautious enough to
confidentially mark as reachable.

After feeding the 5% highest and lowest imbalance prices to the system, the solver will dispatch the actual
charging profile. After that, the real historic day ahead prices and imbalance prices are fed in to calculate the

actual prices payed.

3.7. The output of the simulations
For simulation A, B and C, an output data file contained 292.924 rows of charging session from 2.366 unique

cars containing columns itemized below.

The first columns is identical to the charging session input data:

¢ index number

e Session ID

¢ Charge Point ID

e Car type

e Car brand

e Car Model

e Start session [timestamp]
¢ End session [timestamp]
¢ Volume charged [kWh]

¢ Duration of session [h]

e Maximum power of charge point [kW]

The next columns are the output of the simulations as displayed by figure 3.1 and calculated as described

in formula 5.1 and 5.2:

¢ Simulation A: session costs [€]
e Simulation A: carbon intensity [g CO2 eq]
» Simulation B: session costs [€]
¢ Simulation B: carbon intensity [g CO2 eq]
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¢ Simulation C: session costs [€]
¢ Simulation C: carbon intensity [g CO2 eq]

Simulation A was repeated for the German market resulting is a slightly smaller dataset. Simulation D was
the last simulation done, only focusing on price and not on carbon intensity. This resulted in the following

output:

¢ Simulation D: session costs [€]

3.8. Metrics to compare the results

To compare the results of the different simulations with each other, the total session savings in euros and the
total session savings in carbon emission are calculated. After that, the average price as well as the average
carbon intensity is calculated.

Total session savings in €:
Ssessionj =Vj* Ap: Csessionj (3.3)
Total session emission savings in gCO2eq/kWh:
Esessionj = Session carbon ; — Dumb session carbon; (3.4)

Average session price:

Ceoccinm i
/lj _ _session (3.5)
Vi

Average Session Carbon [gCO2eq/kWh]

Session carbon;

v, (3.6)

e =
This results in the following columns for the charging sessions from 2018:

* Average session price [€/kWh]

¢ Average session carbon intensity [g CO2 eq/kWh]
* Total session savings [€]

* Total session savings [g CO2 eq/kWh]

The average price per session is a useful metric, since every single charging session could be compared to the
benchmark very intuitively. Nevertheless, taking the average of a large dataset does not always show the best
insights. The total session in € is an interesting number to find per session. The amount of kWh charged is an
important factor in the differences between the two metrics. For example, one could expect PHEVs to reach
lower average prices, since the demand per session is lower on average. A BEV with a higher demand could
not reach a similar low average price in the same time interval. However, if the average price is still below the
benchmark and the volume high, the savings in € could be larger for the BEV. For this reason, both metrics
are calculated for every session in the data set and discussed in chapter 5.

To calculate the result of the total fleet, the total cost is used instead of the average price. Dividing the
total costs in € over the total charged energy in MWh by the full fleet gives the result in €/ MWh more accurate

than taken the mean of all average session prices.
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3.9. Multiple regression analysis

In this section, the research design of phase 3 in figure 1.3 is described. The simulations as described earlier
in this chapter results in information on the price and carbon intensity for every session in the initial dataset.
This chapter gives a description of the statistical analysis conducted to transfer the results of the simulations
into models and insights. The results of the simulations are described in terms of independent and dependent
variables. After that, the steps performed in the analysis and multiple regression are described. To conclude,

an overview of the different tests executed is given.

Multiple regression is an extension of simple linear regression where two or more independent variables are
used to predict the variance of one dependent variable. Before multiple regression could be performed, the
data should be checked for sources of bias. A normality bias is not possible in this research, since the size
of the dataset is of significant size. A linearity bias should be checked. In a multiple regression analysis, two
problems may arise; overfitting and multicollinearity. Overfitting is caused by adding too many independent
variables. Due to the small amount of independent variables in this research there is no risk of overfitting.
Multicollinearity occurs when variables are correlating with each other, this should be checked during when

analysing all the correlations in this research.

3.9.1. Multiple regression model

In multiple regression, the regression coefficents, denoted as 3, describe the linear relationship between the
dependent variable (x) and independent variable (y). For a multiple regression with three independent vari-
ables, equation 3.7 and 3.8 describes the general model.

y=PBo+P1x1+ Paxo+ P3xz+e (3.7)

E(y) = ﬁo + ﬁlxl + ﬁzXz + ﬁ3x3 (3.8)

Due to the available dataset as shown in section 4, in this research is chosen to take three main independent

variables into account:

¢ x; = Duration in hours
¢ x, = Power in kW
¢ x3 = Volume in kWh

The model could potentially improve if extra independent variables are added. For example, information
about the temperature during the session or the battery size of the car. However, there is no trustworthy
information available, apart from what was provided in the initial data set. The data distribution of the inde-

pendent variables are displayed in section 4.

Different dependent variables y; are tested in the statistical analysis. In section 3.7 the average session price
in [€/MWHh] and session savings in [€] are mentioned as important output from the simulations and conse-
quently those results are used as dependent variables in the analysis. Besides the financial results, similar

independent variables are used to perform multiple regression on the carbon intensity output.

* y1 = price[€/MWh]

* ¥, = Session_Savings|€]

¢ y3 = Emission[gCO2eq/kWh]
¢ y4 = Session_Savings[gCO2eq]
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3.9.2. The bivariate correlation
To understand the linear correlation between different variables in a dataset, the standard deviation and co-
variance are standardized to find the Pearson product-moment correlation coefficient, correlation coefficient

in short[9]. The coefficient is calculated as follows:

_ COVxlxz _ Z?:I(xil _-fl)(xig _x_Z)

= 3.9)
SxSx2 (N —=1)(Sx, Sx,)

The correlation coefficient is a number between -1 and 1, where an increase in r indicates a stronger correla-

tion, and 1 shows a 100% correlation [9].

e +0.1 small effect
¢ +0.3 medium effect
e +0.5 large effect

e +0.8 very large effect

3.9.3. Linearity and multicollinearity
While performing multiple regression analysis, the assumption is that the outcome variable is linear related
to the predictors, but this assumption should be checked. If this assumption is not true, a linearity bias makes

the model invalid.

Multicollinearity could impact the regression output if there is a strong correlation between the inde-
pendent variables. Minor collinearity pose little threat to the outcome of the regresion analysis. To spot
multicollinearity, the variance inflation factor (VIF) is taken into account. The tolerance of the relationship

between two variables is the inverse of the VIE
1
Tolerance = —— (3.10)
VIF
Some general guidlines about multicollinearity [9]:

e Ifthe largest VIF is greater than 10 then there is cause for concern
 If the average VIF is substantially greater than 1 then the regression may be biased
¢ Tolerance below 0.1 indicates a serious problem

¢ Tolerance below 0.2 indicates a potential problem

In all regressions, the VIF and Tolerance are checked in this research, if potential problems are found, it will

be discussed in the results.

3.9.4. overview of the performed tests
The multivariate regression is carried out for the different dependent variables as defined above in the differ-

ent simulations. All test are repeated for three different inputs:
* All data
¢ Only BEVs
¢ Only PHEVs

The split between BEVs and PHEVs is important, since the data is significant different as seen in section 4.
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test Dataset Simulation Dependent Variable

yl All A (NL) price[€/MWh]

y2 Al A (NL) Session_Savings|[€]

v3 All A (NL) Emission[gCO2eq/kWh]
y4 All A (NL) Session_Savings[gCO2eq]
y5 Al B price[€/MWnh]

y6 All B Session_Savings|[€]

y7 Al B Emission[gCO2eq/kWh]
y8 All B Session_Savings[gCO2eq]
y9 Al A (DE) price[€/MWnh]

yl0 Al A (DE) Session_Savings|[€]

yll Al A (DE) Emission[gCO2eq/kWh]
yl2 Al A (DE) Session_Savings[gCO2eq]
y13 Al D price[€/MWh]

yl4 Al D Session_Savings|[€]

yl5 BEV A (NL) price[€/MWh]

yl6 BEV A (NL) Session_Savings|€]

yl7 BEV A (NL) Emission[gCO2eq/kWh]
yl8 BEV A (NL) Session_Savings[gCO2eq]
yl9 BEV B price[€/MWh]

y20 BEV B Session_Savings|[€]

y21 BEV B Emission[gCO2eq/kWh]
y22 BEV B Session_Savings[gCO2eq]
y23 BEV A (DE) price[€/MWh]

y24 BEV A (DE) Session_Savings|[€]

y25 BEV A (DE) Emission[gCO2eq/kWh]
y26 BEV A (DE) Session_Savings[gCO2eq]
y27 BEV D price[€/MWh]

y28 BEV D Session_Savings|€]

y29 PHEV A (NL) price[€/MWh]

y30 PHEV A (NL) Session_Savings|€]

y31 PHEV A (NL) Emission[gCO2eq/kWh]
y32 PHEV A (NL) Session_Savings[gCO2eq]
y33 PHEV B price[€/MWnh]

y34 PHEV B Session_Savings|[€]

y35 PHEV B Emission[gCO2eq/kWh]
y36 PHEV B Session_Savings[gCO2eq]
y37 PHEV A (DE) price[€/MWh]

y38 PHEV A (DE) Session_Savings|€]

v39 PHEV A (DE) Emission[gCO2eq/kWh]
y40 PHEV A (DE) Session_Savings[gCO2eq]
y4l PHEV D price[€/MWh]

y42 PHEV D Session_Savings|[€]




The simulation input data

To be able to run the simulations and create results to answer the main research question, different datasets
are combined and analysed. A real world EV charging dataset provided by LeasePlan created the opportunity
to design a data driven research approach. Since understanding of the data is key to both the research set-up
and results, this chapter gives an comprehensive description of the EV charging data used in the project.
Before the data could be fed into the simulations, some cleaning and data preparation was needed and
those steps are also described. After that, the other datasets used in this research are mentioned. For the
simulation the day ahead and imbalance markets prices from the year 2018, as well as the carbon intensity in

the grid of that year is used. To run the simulations several other dataset were used:

¢ Day ahead market prices from The Netherlands in 2018

¢ Imbalance prices from The Netherlands in 2018

¢ The carbon intensity in the grid in The Netherlands in 2018
¢ Day ahead market prices in Germany in 2018

¢ The carbon intensity in the grid in Germany in 2018

4.1. The EV charging dataset and preparation steps

The EV charging dataset is a merge of a first file containing initially 412.709 home charging sessions and a
second file with descriptive information about the cars involved. The two files are merged on identification
and used as one dataset. The charging sessions date from 11 months from 2018 (August is missing). From the
approximately 2500 unique cars about 80% are PHEVs and 20% are BEVs. After deletion of the unnecessary

columns 8 columns are present:

e Session ID

¢ Charge Point ID

e Car type

e Car brand

¢ Car Model

¢ Start session [timestamp]
¢ End session [timestamp]
* Volume charged [kWh]

29
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Figure 4.1: Pie chart of car brands in dataset

In figure 4.1 the distribution of the different car brands is shown in a pie chart. Due to the large size of the
real world dataset, manipulation of data is avoided if possible. Unfortunately one important variable in this
dataset is missing; the maximum power of the charge point. Since one of the expectations is the maximum
charging power has a strong influence on the flexibility and correlates with the revenue, this variable is key.
If opportunities arise on the energy markets, the algorithm will charge as much as possible to utilize the
opportunity. The maximum power of the charge point will be a important constraint to the algorithm and the
simulations could not run without it.

To approach the real maximum power per charge point and car, the average power over each session is
calculated. For each unique home charge point, recognised by the unique charge point ID, the maximum
average power of all session is expected to be the maximum power. This is expected to be adequate, since all
unique charge point have significant amount of sessions. The maximum power will be found at one of the
short sessions where the car was charging at maximum power for the full time of the session, without idle
connection time.

Another inevitable manipulation in the data is the removal of missing or misleading data points. The rows
containing sessions from 2017 or with missing values are deleted. Sessions with volumes charged below 1
kWh and above 100 kWh are deleted.

In the initial dataset, sessions where found with a duration of several days, several weeks or even several
months. Those sessions where also found in the live session data coming in during that period and the cause
was known. Some drivers prefer to disconnect the charging cable from the car, but leave the cable in the
charge point at home instead of bringing it with them in the car. This results in a continuous active session
and makes the handling of swiping the card to start the next session redundant. The data from charge ses-
sions with this behaviour shows misleading high flexibility and should be removed from the dataset. It was
not possible to label this specific behaviour in the data in hindsight. To delete the majority of the data rep-
resenting those apparent flexible sessions, the choice was made to delete all session with volume above 100
kWh or a duration above 24 hours.

The results was a clean dataset consisting of 292.785 home charging sessions usable for the smart charging
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simulations.

To properly understand what the data looks like, different data distribution figures are shown. Firstly, the
distribution of the session duration in hours is shown in figure 4.2. Figure 4.3 shows the data distribution of
the maximum power of the charge point, found as described above. The third figure 4.4 shows the distribution
of the volume charge in kWh per session.

After the data distribution figures of the full dataset, the same figures are shown for both the BEV and

PHEV part of the dataset.
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Figure 4.2: Session duration data distribution

Figure 4.2 has a range from 0.25 hours to 24 hours and clearly shows two peaks. The first bulk between
0.25 and 5 hours reflects the short sessions. The data shows that those session are mostly during the day. The
second peak has a bit wider range between 8 and 16 hours and reflects mostly overnight charging session.

Over 65% of the session are longer than 8 hours, which could have a positive impact on the simulation results.
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Figure 4.3: Max power data distribution
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Figure 4.3 shows the calculated maximum power of the charge points multiplied with the amount of ses-
sions per charge point. We can see the strongest peak up to 3.7 kW rated power, which is the standard power
output for a one phase 16 ampere home charge point. It emphasises that most sessions have slow charging

power. Over 86% of the charge sessions contains a maximum power below 4 kW.

For larger batteries, single phase 32 ampere shows a peak up to a rated power of 7.4 kW and three phase
16 ampere shows a peak up to 11 kW. The data displays the peaks, where theoretically expected, which gives

confidence in the strategy chosen to calculate the maximum power of the charge points.
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Figure 4.4: Volume data distribution

Figure 4.4 shows the distribution of the amount of kWh charged per session. This looks a normal distribu-
tion with a tail to the right. The graph could be explained by the fact that over 80% of the data is from PHEVs
and there battery capacity is rather small. this gets clear when the data is split in BEVs and PHEVs in figure
4.9 and figure 4.10.

Where the full dataset was shown in blue above, the next figures show the a split for BEVs in green and

PHEVs in light brown.
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Figure 4.5: Session duration data distribution of the BEVs in the dataset

6.000

4.000

Frequency

2.000

0 25

10 15 2

Session Duration PHEVs [hours]

Figure 4.6: Session duration data distribution of the PHEVs in the dataset

Figure 4.5 and figure 4.6 are similar distributed. This points out that the charging behaviour in terms of
connecting hours per session is not significant different for PHEV drivers and BEV drivers.
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Figure 4.7: Max power data distribution of the BEVs in the dataset
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Figure 4.8: Max power data distribution of the PHEVs in the dataset

Figure 4.7 and figure 4.8 differ significantly. The PHEVs have a rather small battery size, which does not
need high power to charge, even when the battery is fully empty. Since a charger with more power is an extra
investment, a distribution with rated peak on 3.7 kW could be expected. The BEVs have significantly larger

batteries and with a large battery a more powerful charger gives security the battery will have a desired state
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Figure 4.9: Volume data distribution of the BEVs in the dataset
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Figure 4.10: Volume data distribution of the PHEVs in the dataset

Figure 4.9 containing the BEVs is very different compared to the full data set in figure 4.4. One could
notice the volumes above 10 kWh (which is 70%) disappears to a small tail in figure 4.4 due presence of the
abundant PHEV data. figure 4.10 seems normal distributed from 0 to 10 kWh, which is the maximum battery
size of the most PHEVs. The average volume charged for BEVs is 19,6 kWh, while for PHEVs the average is 5,9

kWh.
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4.2. The day ahead market and imbalance prices

The historic day ahead market prices and imbalance market prices from 2018 are available on the website of
the transparency platform of the European Network of Transmission System Operators Europe (ENTSO-E).
The data frame of the both the day ahead and imbalances prices need an index based on all PTUs in 2018.
The hourly day ahead prices are redistributed over 4 PTUs to fit the needed data frame.
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Figure 4.11: The day ahead market prices in The Netherlands
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Figure 4.12: The day ahead market prices in Germany
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4.3. Carbon intensity in The Netherlands and Germany

To test the hypothesis on the real carbon reduction of smart charging, the data from www.electricitymap.org
is used for this research. the ElectricityMap is calculation the average carbon intensity in the grid in The
Netherlands by accounting for all internal production units. Also the electricity in and outflow of the country
is taken into account.
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Figure 4.13: The carbon intensity of 2018 in The Netherlands
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Figure 4.14: The carbon intensity of the first two months in 2018 in The Netherlands
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Figure 4.15: The carbon intensity of 2018 in Germany
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Figure 4.16: The carbon intensity of the first two months in 2018 in Germany

To compare the smart charging savings on carbon intensity with a country with more renewable energy

penetration and thus more price fluctuation based on renewable energy availability, both the day ahead mar-

ket price 2018 and the carbon intensity in the grid for 2018 from Germany is used.



Results and discussion

In this chapter, the results of the simulation and analysis are presented. The sub-questions are used to struc-
ture this chapter and provide all insights needed to answer the main research question. Different simulations
set-up scenarios are executed and analysed, all exposing the EV charging demand to variable prices instead
of paying a fixed cost per kWh. Simulation A shows the losses in a worst case smart charging scenario. Sim-
ulation B is optimizing smart charging on the day ahead market only and is not able to reach any savings
compared to the benchmark. Simulation C is integrating the imbalance market and shows a significant drop
in average prices, indicating the smart charging algorithms are able to utilize the fluctuations in the imbal-
ance market prices. Simulation D integrates forecasting tools for both the EV charging demand and price
forecasting into the smart charging algorithms. This makes the latter the most realistic simulation to use
to calculate the cost reduction potential for smart charging. To compare the results of the different smart
charging set-up scenarios, the average session price of all session in that simulations is used.

5.1. The average price per session for the smart charging simulations

In this section, the average price per session of the smart charging simulations will be discussed. As described
in section 3.7, the average price found in each simulation is an important finding, since this will be used to
calculate the cost reductions. In table 5.1 an overview of the findings is presented. The different simulation

set-up scenarios as discussed below.
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The Netherlands price [E/MWh] compared to dumb charging compared to benchmark

Benchmark 41,56 -28,0%

Simulation A 57,75 +39,0%

Simulation B 43,21 -25,2% +4,0%

Simulation C 31,44 -45,6% -24,4%

Simulation D 36,46 -36,9% -12,3%

Germany price [E/MWh] compared to dumb charging compared to benchmark
Simulation A 47,09

Simulation B 35,88 -23,8% No benchmark defined

Table 5.1: Overview of mean of average session price per simulation set up and relating savings in percentages

5.1.1. Simulation A: The worst case scenario

The benchmark to compare the average price with is set on 41,56 €/ MWh based on the 2018 prices. The smart
charging cost reduction will be calculated relatively to this benchmark. However, to understand the effect of
the smart charging algorithms, the financial results of simulation A shows a different perspective.

While exposing EV charging to variable prices, opportunities arise to decrease the electricity purchase
price by smart charging. At the same time, a risk is taken to end up with increased electricity purchase prices.
The distribution of the average session price of simulation A as described in section 3.3 is shown in figure
5.1. In this scenario, the energy is purchased day ahead based on a smart charging profile, while the charging
is executed in a dumb profile charging full power until demand is met. This scenario describes a failing
smart charging system, while exposed to variable prices of the imbalance market, thus could be seen as a
worst case scenario. The black line in figure 5.1 show the average session price of €57,75 per MWh for this
simulation. This price is well above the chosen benchmark, but gives an indication of size of the risk if the
system would be failing. Besides that, this number shows a different benchmark perspective. Comparing the
other simulation against simulation A will show the impact of the algorithms between smart charging and
the worst case scenario.
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Figure 5.1: Distribution of the average session price for simulation A
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5.1.2. Simulation B: smart charging with day ahead prices

Simulation B depends merely on the day ahead market and is not taking the opportunities in the imbalance
market into account. Since no negative prices occurred in the day ahead market in 2018, the the electricity
purchase price could not drop below zero for any hour for that year. This scenarios assumes every EV will
follow exactly the charging schedules as planned the day ahead. This results in a portfolio with no imbalance,
since there is an exact overlap with purchased and used electricity.

Figure 5.2 shows the result data distribution of the average session price for simulation A. The average
session price for this simulation set-up is €43,21. Compared to the defined benchmark of 41,56 €/MWh,
simulation A shows no savings, but a loss. The real world results will be even worse, due to forecasting errors.
This results into a conclusion that smart charging exclusively on the day ahead market brings high risks and

do not bring any cost reduction for an EV aggregator.
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Figure 5.2: Distribution of the average session price for Simulation B in The Netherlands

Nevertheless, when comparing figure 5.2 to figure 5.1, it is clear the smart charging algorithms as a sys-
tem decrease the costs significantly from €57,75 on average to €43,22 on average. This decrease in costs is
explained by the utilization of the available flexibility in the smart charging session. To show the effect of the
volume, duration and maximum power on the average session price, a multiple regression is applied to the

simulation A results. The analysis shows a significant linear model:

E(y;)=53,82-1,11-x1-0,05-x2 +0,09- x3 (5.1)

* E(y1) = Expected average session price in €/ MWh based on x;, x, and x3
¢ x; = Duration in hours

¢ x, = Power in KW

¢ x3 = Volume in kWh

Simulation B is performed a second time, while feeding the German day ahead market prices. The German

day ahead market prices are fluctuating stronger as shown in figure 4.12. This results in a lower average price
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over 2018 and a lower mean of the average session price of simulation B. The data distribution of simulation

B in Germany is shown in figure 5.3 and the correlation multiple regression model is shown below.

20.000

15.000

10.000

Frequency

5.000

O R - I T T ¥ e T, BT =
o o & & @ o th a @« O

59
0L
=73
02
52
06
S6
oot

o

0%
SF
0F
SE-
0g:
ST
0z
Sk

Session Price [€/IMWh]

Figure 5.3: Distribution of the average session price for Simulation B in Germany

The multiple regression model for the results in the simulation with the German data is shown in formula
5.2.

E(y9) =46,04—1,07-x1—0,09-x2+0,12- x3 (5.2)

* E(y9) = Expected average session price in €/ MWh based on x;, x, and x3
¢ x; = Duration in hours

¢ x, = Power in kKW

¢ x3 =Volume in kWh

The market prices fed into the simulation in Germany and The Netherlands are different, but the algorithms
used and the charging session data input is exactly the same. As a result, the found correlation with the
predictors in the multiple regression analysis is expected to be similar.

Fortunately, the beta coefficient found in The Netherlands and Germany are very similar. For every hour
added to a charging session, the expected price is decreasing €1,11 and €1,07 respectively. The fact that the
data shows that longer sessions are expected to have a lower session price, proves the theory that increasing
flexibility in terms of session duration has a positive impact on the value of smart charging. The second term
X, also shows an negative effect on the average price. While increasing the power with 1 kW, the average price
in simulation B will decrease with €0,05 and €0,09 respectively. For x3, a small in increase in price of €0,09 or

€0,12 is expected per extra kWh of volume charged.

5.1.3. Simulation C: combining day ahead and imbalance prices
In simulation C, the imbalance prices are added to the simulation and a passive balancing strategy is per-

formed. Figure 5.4 shows the results have a wider spread due to the negative prices occurring in the im-
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balance market. The average price of the smart charging sessions drops to 31,44 €/MWh, while adding the

imbalance market opportunities.

25.000

20.000

15.000

Frequency

10.000

5.000

o
- m @m thoth o f f L W R R
o th o o thoo oo oo

I o T T T T L = - B B = B = = B =
o wm o mombhoomo o odoongg 3

(=]

Session Price [€/IMWh]

Figure 5.4: Distribution of the average session price for Simulation C

When performing a multiple regression analysis on the results of simulation C, the starting points is higher

and the influence of x;, x» and x3 grows:
E(y5)=52,78—-2,14-x1 —0,82-x2+ 0,42 - x3 (5.3)

* E(ys) = Expected average session price in €/MWh based on x;, x and x3
¢ x; = Duration in hours
* x, = Power in kW

¢ x3 =Volume in kWh

5.1.4. Simulation D: smart charging simulation with integration of forecasting errors
In section 3.6, simulation D is described as most realistic smart charging simulation set-up of this research.
This implies that the smart charging results of simulation D are the best simulation to describe cost reduction
in The Netherlands in reality. The distribution of the average price per session for simulation D is presented in
figure 5.5. The result is with a 36,46 €/ MWh average session price an improvement on simulation B, due to the
incorporation of the imbalance market. Nonetheless, the results could not reach the optimum of simulation
C. Where simulation C assumed the day ahead price and the EV charging demand to be known, simulation D
integrated their forecasting. This resulted in a higher average session price, since the algorithms had to deal
with the forecasting errors.

The average session price in €/MWh is calculated to both compare the simulation with each other and
calculate the potential of smart charging if extrapolated to a total fleet. In the distribution of the average

session price results of simulation D in figure 5.3, the average result is indicated with a red line.
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Figure 5.5: Distribution of the average session price for Simulation D

The figure shows that the average price is clearly not corresponding with the peak of the result distribu-
tion. This indicates that the average is strongly influence by the long tail on the left side, with session prices
below -100 €/ MWh. If in reality turns out that it is difficult to reach the low prices as simulated for those
sessions, the average price could quickly rise from 36,5 to 45 €/ MWh. This would significantly decrease the
value of smart charging found earlier and this risk should be taken into account.

A multiple regression analysis for the average price results of simulation D is showing again a linear rela-

tionship between the average price and the variables duration (x;), power (x2) and volume (x3).

E(y13) =60,05-2,15-x1 —1,91-x2 + 0,66 - x3 (5.4)

E(y13) = Expected average session price in €/ MWh based on x;, xp and x3
¢ x; = Duration in hours
* x, = Power in kW

¢ x3 = Volume in kWh

5.2. The smart charging cost reduction per car per year

Chapter 4 clearly shows there is a significant difference in the data of the BEVs and the PHEVs. Due to this
difference, the data results are split based on the car type and analysed in this section separately as well. For
all calculations of the cost reduction per EV per year in this section, the results from simulation D are used,
since the integration of the forecasting tools in simulation D gives the most realistic results.

In table 5.2 the simulation results are split in BEVs and PHEVs to calculate the average price in €/ MWh.
The PHEVs show a lower average price in every simulation. A possible explanation for the decrease in price
is the difference in volume. The regression model of formula 5.10 shows an increase of €0,66 to the average
session price for every kWh extra volume charged. Since the PHEVs have a small battery and therefore mostly
charge small volume below 10 kWh in a similar overnight charging sessions, the average session price could

expected to be lower.
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All data (100%) BEVs(~20%) PHEVs (~ 80%)

The Netherlands price [E/MWh] price [E/MWh] price [€/MWh]

Simulation A 57,75 59,08 57,43
Simulation B 43,21 45,12 42,77
Simulation C 31,44 35,64 30,45
Simulation D 36,46 39,62 35,51
Germany price [E/MWh] price [E/MWh] price [€/MWh]
Simulation A 47,09 48,51 46,73
Simulation B 35,88 37,92 35,35

Table 5.2: Splitting the average session price results in BEVs and PHEVs

The average prices in table 5.2 could be used to calculate the yearly cost reduction per car:

S = Dyear - (Paverage — Pvenchmark) (5.5)
¢ S =savings [€/car/year]
* Dyeqr = Energy demand per car per year
* Payerage The average session price [€/MWh]
* Ppenchmark The benchmark session price [€/MWh]

For this calculation, the assumption is made a BEV is charging 4 MWh per year and a PHEV 1,5 MWh per year.

SpEvs = Dyear : (Paverage = Ppenchmark) =4+ (41,56 —39,62) = €7,76 (5.6)

SPHEVs = Dyear : (themge = Ppenchmark) = 1,5+ (41,56 — 35,51) = €9,08 (6.7

The PHEVs charge on average for a lower price compared to the BEVs. The BEVs use with 4 MWh/year signifi-
cant more electricity compared to 1,5 MWh for PHEVs, but the yearly savings is still found to be higher for the
PHEVs, due to the lower average price. One should realise that both the assumption of the yearly electricity
demand and the chosen benchmark have a high impact on the result in this calculation. To find the smart
charging cost reduction per car per year for forecasting D based on the simulation output, the savings were
calculated for each session specifically.

Ssession = Dsession * (Psession — Ppenchmark) (5.8)

The savings per car is found by the sum of all session savings with the same car ID:

n
Sgv = Z Ssession i (5.9
i=1

Now the cost reduction is calculated for every EV in the dataset. There were 780 BEVs present in simula-
tion D. The distribution of the results is shown in figure 5.6. The maximum savings reached by one specific
car is €39,23 and maximum loss was €-39,15. The mean of all savings is €1,01. Since simulation D calcu-
lated the savings for only 6 months in 2018, the average total saving for BEVs in 2018 is calculated as follow:
Saverage Bev =1,01-2 =€2,02
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Figure 5.6: Distribution of the session savings for the BEVs

If all PHEVs in simulation D are separated, 1350 unique cars were used. The total cost reduction is vari-
ating between €-23,19 and €32,11 per PHEV. The mean of the PHEVs is a saving of €3,13. This gives a average

yearly saving: Sayerage PHEV = 3,132 = €6,26
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Figure 5.7: Distribution of the session savings for the PHEVs

Table 5.3 gives an overview of the extreme outliers in figure 5.6 and 5.7.
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Highest saving BEVs EV Model Total savings [€] Volume charged [kWh] Power [kW]
1 Mercedes B-klasse 39,23 2489 10,43
2 BMW i3 34,53 2056 10,54
3 Tesla model x 34,37 4164 14,83
Lowest saving BEVs EV Model Total savings [€]  Volume charged [kWh] Power [kW]
778 Tesla model x -17,05 5163 10,34
779 Tesla model x -24,77 2540 3,37
780 Opel ampera-e -39,15 2877 3,62
Highest saving PHEVs  EV Model Total savings [€] Volume charged [kWh] Power [kW]
1 Volkswagen Golf 32,10 941 13,56

Audi A3 19,28 753 6,06

Audi A3 15,45 1070 3,47
Lowest saving PHEVs ~ EV Model Total savings [€]  Volume charged [kWh] Power [kW]
1348 Mitsubishi Outlander -17,05 1596 3,31
1349 Mitsubishi Outlander -24,77 562 3,21
1350 Mitsubishi Outlander -39,15 1200 3,28

Table 5.3: Overview of best and worst performing vehicles

If the sum is taken for all session savings of all EVs in the 2018 dataset, the potential of smart charging for
the 2018 dataset could be found.

The savings in € per vehicle is an important results to understand the spread of results based on the pro-
posed smart charging strategy. In table 5.4, the sum of savings of all session is shown per simulation set-up

scenario.

Months of smart charging Total savings all EVs [€]

SimulationB 12 -2.701
SimulationC 12 24.762
SimulationD 6 5.018

Table 5.4: Overview savings in the total fleet for each simulation

It could be seen that the overall savings of the total fleet based on simulation D is €5.018,- for half a year of
smart charging. Before this number is interpreted to define the potential financial upside of smart charging,
one important remarks about the benchmark should be taken into account. The benchmark is chosen to
mimic the situation where the EV aggregator is responsible for its EV load in an isolated BRP portfolio, which
makes it vulnerable. The business case for an energy supplier is a numbers game. A growing portfolio in-
creases the large scale and long term deals one could make, which could decrease the average purchase price
substantially. A potential EV aggregator could potentially increase the value of its fleet by cooperation with an
energy supplier and/or an BRP. If figure 2.2 is taken into account, the margin for the supplier is substantial.
This margin exists in this business, since the supplier takes significant risk, by exposing to long term con-
tracts. Both on the purchase side as the selling side of a suppliers portfolio, the commitments are not always
hedged.

If the smart charging strategy is executed as proposed in this thesis, the EV aggregator is exposed to the

day ahead market and imbalance settlements for its portfolio, while the BRP is not at risk. Basically, the EV
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aggregator act as BRP for its own fleet, to be able to optimize it. If this risk is carried by the EV aggregator, the
marging normally payed for this risk should flow toward the EV aggregator as well.

We could conclude the potential value of smart charging for an EV aggregator could be significant higher,
if both level 2 and level 3 of figure 2.2 is taken into account.

Furthermore, other revenue streams mentioned in figure 2.3 could increase the smart charging value in

the future.

5.3. Predicting the smart charging value with multiple regression models
Splitting the BEVs and PHEVs improves the reliability of the multiple regression model, since the different
trends between BEVs and PHEVs do create noise for each other. There are two different dependent variables
analysed in this research. First the average session costs per session is discussed. Subsequently, the total

session savings as independent variable is analysed.

The average costs per session
The average cost per session is the calculated for every session in dataset in 2018. The result in average session
is independent from the chosen benchmark and reflects the electricity purchase price expected based on

smart charging.

¢ x; = Duration in hours
* x, = Power in kW

¢ x3 = Volume in kWh

E(y13) = E(P4;;) = 60,05-2,15-x; — 1,91 - X + 0,66 - x3 (5.10)
E(y27) = E(PBEVS) =63,63 —2,03'X1 - 1,79')62 +0,45'X3 (5.11)
E(ys1) = E(PpHEvs) =58,42-2,30-x1 —3,13-x2+1,85- x3 (5.12)

Where E(y) is the expected average session price in €/ MWh based on x;, x, and x3

The total savings per session

The second independent variable in the regression analysis is the session savings in €.

E(y14) = E(P4y1) =-0,125+0,012-x7 + 0,018 - x» — 0,004 - x3 (5.13)
E(y28) = E(PBgvs) = —0,249+0,020- x; +0,024 - x2 — 0,005 - x3 (5.14)
E(y42) = E(Ppggyvs) =—0,104+0,010-x; +0,017 - x5 — 0,003 - x3 (5.15)

Where E(y) is the expected session savings in € based on x1, x» and x3
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5.3.1. The impact of the session duration
In the multiple regression models, the duration of the session is denoted as x; and shows a negative linear re-
lationship with the price, where longer sessions have a lower average price in the smart charging simulations.

For simulation D, a decrease of €2,15 per extra hour is found in the linear regression.
E(Pa;) =60,05—2,15-x; —1,91-x, + 0,66 x3

The simulation input data in chapter 4 shows that the duration of the sessions is rather similar for both BEVs

and PHEVs. The multiple regression analysis of simulation D is repeated twice for the BEVs and PHEVs re-
spectively:

E(PBEVS) = 63,63—2,03~X1 — 1,79-X2 +0,45-.X,'3
E(Pppgpvs) =58,42-2,30-x1—3,13-x2+1,85-x3

The weight of the x; variable became stronger, the difference is small, especially if compared to x, and x3.
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Figure 5.8: BEVs Figure 5.9: PHEVs

Figures 5.8 and 5.9 show the relationship between the session duration and the session price for BEVs and
PHEVs. The average price is marked as a black line in the graphs. To help visualize both the average and the
centre point with the highest density of sessions, figure 5.10 and 5.11 display the same graph zoomed in. The
structural mismatch between the highest density of points and the average line eye-catching in these figures.
In the PHEV graphs, the denser area in the left upper corner shows that the smart charging system has a more

outliers towards expensive prices for very short sessions. The average price calculated for all session under
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Figure 5.10: BEVs Figure 5.11: PHEVs
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To emphasis the strong influence of x; on the average price, table 5.5 shows the price drop for data chunks

with rising x;. We can conclude that the duration is an important indicator for the expected average price and

increasing session duration will have a positive effect on the smart charging savings potential.

Simulation D

All data (100%) BEVs (~ 20%)

PHEVs ( ~ 80%)

Duration [hours] price [E/MWh] price [E/MWh] price [€/MWh]
T<x<24 36,46 39,62 35,51
I=x<1 57,24 56,23 57,67
1<x1<5 52,20 54,69 50,85
5<x1 <10 37,32 39,46 34,73
10<x; <24 33,23 37,15 28,78

Table 5.5: The average session price split based on the session duration for both BEVs and PHEVs

5.3.2. The impact of the maximum power of the charge point

Figure 5.12 and 5.13 show the relationship between the maximum power of the charge point and the average
session price. Similar peaks are found as in graphs 4.7 and 4.8.
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Figure 5.12: BEVs

Max Charging Power [kW]

Figure 5.13: PHEVs
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In the multiple regression models, the power of the charge point is denoted as x, and shows a negative

linear relationship with the price. More power available in the charge point allows the smart charging algo-

rithms to better utilize the low price market opportunities.

E(Pa;) =60,05—2,15-x1 — 1,91+ x, + 0,66 x3

E(Ppgvs) =63,63—2,03-x1—1,79-x2+ 0,45 x3

E(PPHEVS) :58,42—2,30-x1 —3,13’)62 + 1,85'X3
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Simulation D

All data (100%) BEVs(~20%) PHEVs (~ 80%)

Max Power [kW]  price [E/MWh] price [E/MWh] price [€/MWh]

all 36,46 39,62 35,51
0<x<1 42,81 50,86 41,23
2<x<4 36,03 41,47 34,71
4<x,<8 39,50 39,69 28,88
8<xo 38,39 38,50 7,68

Table 5.6: The average session price split based on the max power for both BEVs and PHEVs

A remarkable result is the average price of €7,68 per MWh for PHEVs with a connection over 8kW. This are

only 241 sessions from 1 car with a unrealistic high connection for a PHEVs. Nevertheless, it shows that if this

was possible in reality, the increased charging power give the algorithm the change to really utilize the low

prices.

5.3.3. The impact of volume of the charging session

In the multiple regression models, the session volume is denoted as x3 and shows a positive linear relation-

ship with the price. More kWh demand decreases the flexibility of the session and increases the average

session price accordingly.
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Figure 5.15: PHEVs

Simulation D

All data (100%) BEVs (~20%) PHEVs (~80%)

Volume[kWh] price [E/MWh] price [E/MWh] price [€/MWh]
all 36,46 39,62 35,51
0<x3<3 34,58 33,86 34,66
3<x3<6 34,83 38,44 34,52
6<x3<9 34,98 38,12 34,75
9<x3<15 36,29 37,43 35,25
15< x3 40,08 40,09 39,03

Table 5.7: The average session price split based on the session volume for both BEVs and PHEVs



52 5. Results and discussion

5.4. The effect of smart charging on the carbon intensity

In this section the results are shown to find the answer to sub-question 2: How is the carbon intensity of
the electricity changing if comparing smart charging with dumb charging? First, the correlation between the
day ahead price and the carbon intensity is checked in both The Netherlands and Germany. Subsequently,
the effect of smart charging on the carbon intensity is discussed based on the results of the simulations and

analysis.

5.4.1. The correlation between the day ahead price and the carbon intensity in the grid

The idea that smart charging based on price incentives has an effect on the carbon intensity of the charged
electricity, is based on the assumption that a correlation exists between prices and carbon intensity. Before
the effect of smart charging on the carbon intensity in the grid is analysed, the simulation input data could be
visualized and analysed to test this assumption. Since the correlation is expected to be stronger in a electric-
ity markets with more renewable energy in the mix, data from the day ahead market and the carbon intensity
from Germany is used to compare the results with The Netherlands. Germany has a significant higher per-
centage of renewable energy in the mix, as well as more heavy polluting lignite power plants, which raises the
expectation of the correlation.

In figure 5.16, both the Dutch carbon intensity and the day ahead prices are shown for the first week of
January in 2018. A correlation between the two is clearly visible, but the Pearson correlation coefficient for
the carbon intensity and the day ahead market in The Netherlands is only 0,22, which is a small effect as
described in section 3.9.2.

Carbon Intensity [gCO2eq/kWh]
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Figure 5.16: The Carbon Intensity and day ahead prices for January 2018 in The Netherlands

Figure 5.16 could be misleading, since the axes are adjusted to show the fluctuations on a similar scale.
In figure 5.17 and figure 5.18, the carbon intensity and day ahead prices are shown for both The Netherlands
and Germany on a scale adjusted to to visualize the overlap in Germany. This comparison shows that the

correlation is expected to be much stronger in Germany due to a stronger fluctuating carbon intensity, as
expected.
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Figure 5.17: The Netherlands Figure 5.18: Germany

The Pearson correlation coefficient for the carbon intensity and the day ahead market in Germany is 0, 64,
which shows a large effect and is indeed stronger than the 0,22 found in The Netherlands. Where figures 5.16,
5.17 and 5.18 show only the first week of January, figure 5.19 and 5.20 shows the full year in a scatter.
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Figure 5.19: Scatter of carbon intensity in The Netherlands Figure 5.20: Scatter of carbon intensity in Germany

In The Netherlands the carbon intensity could be referred to as a scatter cloud, where no correlation could
be seen with the eye. However, in Germany a clear linear correlation could be seen in figure 5.20.

The graphs and correlations coefficients show that there is indeed a correlation between the day ahead
price and the carbon intensity in the grid and it will get stronger if more renewable energy will be added
to the electricity markets. Based on this correlation, an lower average carbon intensity could be expected if
comparing the smart charging schedule to the dumb schedule.

5.4.2. How is the average carbon intensity per session changing if comparing smart charg-
ing with dumb charging in The Netherlands and Germany?

Above the correlation is described between the carbon intensity and the day ahead prices. In the smart charg-

ing simulations different set-up scenarios are executed, based on different market choices. in figure 5.8 the

mean is taken from the average carbon intensity of all sessions for simulation A, B and C in The Netherlands
and simulation A and B in Germany.
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The Netherlands Germany The Netherlands
[gCO2eq/kWh] [gCO2eq/kWh] [gCO2eq/kWh]
Simulation A  465,1 386,0 Simulation A  465,1
Simulation B 458,8 369,5 Simulation C  461,0
Savings 1.4% 4.3% Savings 0.5%

Table 5.8: Comparing the average carbon intensity

The correlation found in the input data resulted indeed in a decrease of carbon intensity on average dur-
ing charging times for smart charging compared to a dumb charging schedule. In The Netherlands, the results
savings of 1,4% while optimizing on the day ahead market is rather small. Figures 5.21 and 5.22 show a scatter
plot of the average carbon intensity per session to compare the dumb charging and smart charging. Figures

5.23 and 5.24 shows similar plots for the simulations performed with the data for Germany.
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Figure 5.23: Dumb charging in Germany Figure 5.24: Smart charging in Germany

Changes are high that in reality smart charging will not be based on the day ahead market only, but im-
balance market optimization will be added to increase the financial result. As shown in table 5.8, the result
will decrease to a saving of mere 0,5% in simulation C. The expectation that the savings would improve in the
German market was found in the results, with a 4,3% savings. This improvement could be explained by the
stronger correlation found in the previous section.

The results of the simulations is showing a decrease in the carbon intensity in the grid at charging if smart

charging is applied. However, the significance of the impact of the decreased carbon intensity is debatable.
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According to Verzijlbergh, using the carbon intensity in the grid to estimate emission savings for smart charg-
ing leads to imprecise outcomes [41]. Reduction of CO, emissions is depending strongly of the system set-up.
Fore example, when combining smart charging locally with renewable produced electricity from a wind tur-

bine, research found the CO, emissions reduction potential to be ~ 50% [22].






Conclusions and Recommendations

For most experts, it is an obvious and inevitable trend that smart charging of electric vehicles will be common
practice in a future electricity smart grid. This thesis strives to close the gap between a futuristic electricity
system design and the current situation in The Netherlands. A smart charging simulation set up is designed in
close collaboration with the worldwide largest leasing company and an aggregator active in The Netherlands.
To start of this chapter, the key insights of this research are presented. Successively the sub-questions are
answered and reflected on one by one. Ultimately, the sum of all the answers together form the answer to the

main and research question of this thesis.

6.1. Key insights

The findings within this thesis support the conclusion that the used smart charging algorithms work properly
and could decrease the electricity purchase price in The Netherlands below the chose benchmark. Addi-
tionally we found that the carbon intensity of the charged electricity during the smart charging schedule de-
creases compared to a business-as-usual scenario. This is a direct result of a correlation between the carbon
intensity in the grid and day ahead prices in The Netherlands.

EV aggregators are able to add flexibility to the demand side of the electricity system by means of smart
charging, if a strong price incentive is provided. If stakeholders across the mobility and the energy sector
work together, a real-world commercial implementation based on the price incentives on day ahead market
and imbalance market in The Netherlands is possible.

A dataset of 300.000 real-world home charging session from 2018 enabled not only the quantification of
the effect of smart charging on the electricity purchase price, but also a statistical analysis of the simulation
results. In this analysis, multiple regression models show a linear relation between three independent vari-
ables (the session duration, session volume and maximum power of the charge point) and two dependent
variables (the average session purchase price and savings per session). The key insights from the models
empowered three main recommendations to EV aggregators to optimize the smart charging savings in the

future:

1. Encourage longer session lengths
2. Encourage regular overnight charging sessions behaviour, independent of the charging needs

3. Stimulate access to high charging power

57
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The data showed compelling differences between the ~ 20% BEVs and the ~ 80% PHEVs and their results
were separated accordingly in this research. In all simulation set-up scenarios, the PHEVs are outperforming

the BEVs in terms of a lower average session price and higher cost reduction.

If the smart charging strategy is executed as proposed in this thesis, the EV aggregator is exposed to the
day ahead market and imbalance settlements for its portfolio. The EV aggregator is able top decrease the elec-
tricity purchase price, while acting as BRP. The exposure to the markets brings significant risk. Collaboration
with an electricity supplier or BRP could potentially increase the smart charging savings for the EV aggregator.
Furthermore, other revenue streams to utilize flexibility could be investigated. If stacking different flexibility

strategies is possible, it could increase the smart charging value in the future.

6.2. Quantification of the smart charging costs reduction

The first and second sub-questions request a quantification of the cost reduction for BEVs and PHEVs. The
cost reduction is quantified in two metrics. Firstly in an average price per session in € per MWh. Secondly
the session savings in € based on the defined benchmark. Both are later used as dependent variable in the

statistical analysis.

6.2.1. The average session price

One of the key outcomes in this research is the average electricity purchase price for a smart charging sched-

ule on the day ahead and imbalance markets in 2018.

The worst case scenario points out a failing smart charging system will end up with an average purchase
price only ~ 10% above the average day ahead market price. With the smart charging set-up, the average
price is decreased to 39,62 and 35,51 for BEVs and PHEVs respectively. This leads to the conclusion that this
smart charging set-up will decrease the average electricity purchase price below the chosen benchmark. The

average prices achieved in the simulation are around 20% below the average day ahead market prices in 2018.

Worst case scenario  Day ahead market Benchmark BEV simulation PHEV simulation

Average price 57,75 [€/MWh] 52,53 [€/MWh] 42,56 [€/MWh] 39,62 [€/MWh] 35,51 [€/MWh]

6.2.2. The costs savings based on the benchmark

Based on the defined benchmark, the average session prices found in the simulation and the assumption of
4 MWh and 1,5 MWh charging demand for BEVs and PHEVs respectively, the yearly electricity purchase cost
reduction savings is calculated. The calculations showed that with smart steering of the electricity consump-
tion, approximately €8,- could be saved for BEVs and €9,- for PHEVs. If the demand assumption is not used,
but the sum of the savings based on the real world data from 2018 is taken for every unique BEV or PHEV, sim-
ular numbers are found. The cost reduction for BEVs in the simulation varies between +€40,-. This means
our best BEV saved €40,- in 6 months of charging and the worst BEV lost around €40,- in the same period. The
average saving per BEV per year is calculated to be around €2,50. For PHEVs the spread of results is less wide
between a loss of €23 or saving of €32. The mean of the smart charging savings for PHEVs is calculated to be
around €7,50.



6.3. Strategies to improve the cost reduction of smart charging 59

6.3. Strategies to improve the cost reduction of smart charging

To deal with the third and fourth sub-question, multiple regression models are defined and a reflection on
the simulation method is described. The smart charging simulation conducted resulted in an average session
price for 156.254 historic sessions in 2018. The input session details contained information about the car
type, the session start and end time, the session volume and the maximum power of the charge point. This
was used to build a linear regression model to give the effect of those variables on the average price per
session. Beside the average price, the total savings per session is directly calculated for each session using the
benchmark price and are also used as dependent variables in the multiple regression analysis. The regression

models found are shown below:

E(Pggvs) = 63,63 — 2,03 -x; — LL79 -x2 + 0,45 x3
E(Pprpvs) = 58,42 — 2,30 -x1 — 3,13 -x» + 1,85 - x3
E(SBEvs) =-0,249 + 0,020-x; + 0,024-x, — 0,005-x3
E(Spygvs) =-0,104 + 0,010-x; + 0,017-xp — 0,003-x3

* E(P)is the expected average session price in €/ MWh based on x;, x» and x3

E(S) is the expected session savings in € based on x, x» and x3
¢ x; = Duration in hours

* x, = Power in kW

¢ x3 = Volume in kWh

The size of the dataset is large enough to find the models above with a significance below 0,000 and a colin-
earity tolerance above 0,76 and a VIF below 1,30. As explained in section 3.9.3, this means colinearity between
variables in the models is not an issue and the linear relationships found are strongly backed up by the data.
The average price per session and savings per session are calculated differently, but both represent the level
of success of the smart charging simulation. The correlation between the two independent variables is large
for BEVs with a Pearson correlation factor of -0.67 and very large for PHEVs with a Pearson correlation factor
of -0,86. The effect of the duration, the volume and the maximum power of the session is shortly described to

define different strategies for EV aggregators to improve the smart charging cost reduction in the future.

6.3.1. The session duration x;

In theory, longer sessions give the smart charging optimization solver a wider range of possible charging
moments, which in a fluctuating market should result in a lower average electricity purchase price. The re-
gression model shows that the average price is expected to decrease with €2,03 and €2,30 respectively per
extra hour added to a session. The expected session savings is increasing on average €0,02 and €0,01 for every
hour added to the session.

The results show clearly that it is in an EV aggregator interest to increase the average duration of the
controllable EV charging sessions to decrease the electricity purchase price. Since the session duration is a
direct result of the connection to the charge point, the only way to increase the average session duration of
an EV fleet is by influencing human behaviour. A first strategy could be to incentivize the driver to connect
the EV to the charger as long as possible for overnight charging sessions, even if the state of charge is high
enough already. Another possibility is to incentivize the EV drivers to skip short charging sessions during the
day if charging is not needed or to communicate the fact that no extra charging is needed.

6.3.2. The maximum charging power of the session x,
Aswith longer sessions, theory expects higher charging speeds in smart charging to result in a lower electricity

purchase price, since more electricity could be consumed during the low price periods. The regression model
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shows indeed a decrease in price and an increase in savings for a higher maximum charging power x,. For
BEVs the average price is expected to decrease with €1,79/MWh per kW and the expected session savings
increases on average with €0,024 per kW. For BEVs this is €3,13/MWh and €0,017 respectively.

The maximum capacity is depending on both the charge point and the EV, but the cars are generally
not the bottleneck, since they are manufactured to handle fast charging if needed. An EV aggregator would
benefit from access to high charging power at the installed home charge points. For PHEVs the charge point
connection is standard 3,7 kW, since the smaller battery size does not demand higher power to charge the
car overnight. With larger batteries in BEVs the data shows the charging power is increasing on average as
well. Since a higher charging power demands an extra investment, the question arises whether the extra
smart charging savings with higher power outweighs this investment. The answer to this question depends
on which party has to do the investment and how the benefit of smart charging is distributed amongst the

stakeholders. This could be an interesting question for further research.

6.3.3. The volume of the session x3

There is a positive relationship between the electricity demand and the purchase price of €0,45 per kWh for
BEVs and €1,85 per kWh for PHEVs. The expected session savings are decreasing with €0,005 per kWh for
BEVs and with €0,003 per kWh for PHEVs.

The volume is an interesting variable. In theory, a high energy demand obligates smart charging solver to
charge longer and decreases the idle time. This results in less freedom to schedule the demand in cheaper
hours. On the other hand, the smart charging saving potential is calculated by multiplying savings per kWh
with the expected demand, so low charging demand results inevitable in low rewards. Since the multiple re-
gression model is build on session level, the first theoretical assumption is found. Still, the idea to incentivize
drivers to charge less kWh per session to increase the smart charging value is very counter intuitive. A more
sensible behaviour change that could benefit the EV aggregator is to stimulate repetitive overnight charging.
If a driver connects the EV overnight to the charge point, even on days the state of charge is already sufficient
at arrival, the overall average session volume will decrease, since more charge sessions and time is used to

charge the same electricity demand.

6.4. The effect of the smart charging on the carbon intensity of the charged

electricity
To answer the last and fifth sub-question, the effect of smart charging on the carbon intensity of the charged
electricity is investigated. This is done by comparing the smart charging schedule with a business-as-usual
scenario. The carbon intensity is measured in grams of CO, equivalent per kWh. We found that during the
smart scheduled charging moments the carbon intensity was indeed lower, compared to a dumb charging
profile. The strongest decrease was found when the smart charging algorithms react on day ahead prices

only and do not take the imbalance market into account.

The Netherlands Germany The Netherlands

Imbalance market Day ahead market Day ahead market

Savings 0.5% 1.4% 4.3%

This means that if smart charging would have been performed for an EV fleet in 2018, the carbon intensity
of the electricity physically flowing into the EV fleet would decrease. The EV fleet is assumed to react on

price incentives, gaining this result. However, if one assumes the EV fleet is not changing the actual prices
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or behaviour of other players in the markets, the effect on the total system will be zero. If the enclosed EV
fleet will decrease the carbon footprint of the charged electricity, without influencing the system as a whole,
the carbon footprint of another player in the market will increase. This leads to the conclusion that smart
charging of an EV fleet results in a decrease of the carbon footprint of the charged electricity of the EV fleet,
but does not decrease the carbon footprint of the electricity consumed in the grid or the system.

However, the size of EV charging electricity demand is likely to increase, and growth of demand could
change this effect in the future. If the smart charging profiles not only react on the market prices, but also
influence the prices and behaviour of other players in the market, real effect on the carbon footprint could be
realised. The effect of smart charging on the carbon intensity in the grid when the size influences the system
would be an interesting scenario to investigate in further research. Another scenario worth investigating is

the need for smart charging in a 100% renewable energy based electricity system.

6.5. Recommendations to improve smart charging for an EV aggregator
In section 6.3, recommendations for an EV aggregator are made based on the research results. Besides the
strategies resulting from the multiple regression models, other strategies to improve the smart charging cost
reduction were found during the course of this thesis. This results in the following recommendations for a EV
aggregator:

¢ Increase the fleet size

¢ Integrate price incentives from the intra-day market

¢ Integrate price incentives from primary frequency containment reserves

¢ Fetch the state of charge data directly from the car

* Ask permission to drivers agenda to improve electricity demand forecasting

¢ Constantly update and improve forecasting tools

* Collaborate with balance responsible parties or become one to add extra value to smart charging
¢ Collaborate with energy suppliers with access to long term trading to hedge risk

The strategies mentioned above, are not based on the analysis performed in the simulation and therefore not
conclusive. All strategies mentioned in this list require further research to support it with data.






(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

9]

(10]

(11]

(12]

(13]

Bibliography

René Bohnsack and Jonatan Pinkse. Value Propositions for Disruptive Technologies: Reconfiguration
Tactics in the Case of Electric Vehicles. California Management Review, 2017. ISSN 21628564. doi:
10.1177/0008125617717711.

Michael Caramanis and Justin M. Foster. Management of electric vehicle charging to mitigate renewable
generation intermittency and distribution network congestion. Proceedings of the IEEE Conference on
Decision and Control, (iii):4717-4722, 2009. ISSN 01912216. doi: 10.1109/CDC.2009.5399955.

G. R. Chandra Mouli. Charging electric vehicles from solar energy: Power converter, charging algorithm
and system design. PhD thesis, 2018.

J. Cochran, M. Miller, O. Zinaman, M. Milligan, D. Arent, B. Palmintier, M. O’Malley, S. Mueller, E. Lan-
noye, A. Tuohy, B. Kujala, M. Sommer, H. Holttinen, J. Kiviluoma, and S. K. Soonee. Flexibility in 21st
Century Power Systems. 2014. doi: 10.2172/1130630. URL http://www.osti.gov/servlets/purl/
1130630/.

Hans de Heer and Marten van der Laan. USEF : Workstream on Aggregator Implementation Models.
(September), 2017.

Chris Develder, Nasrin Sadeghianpourhamami, Matthias Strobbe, and Nazir Refa. Quantifying flexibility
in EV charging as DR potential: Analysis of two real-world data sets. 2016 IEEE International Conference
on Smart Grid Communications, SmartGridComm 2016, pages 600-605, 2016. ISSN 2373-6836. doi:
10.1109/SmartGridComm.2016.7778827.

Ona Egbue and Suzanna Long. Barriers to widespread adoption of electric vehicles: An analysis of
consumer attitudes and perceptions. Energy Policy, 48(2012):717-729, 2012. ISSN 03014215. doi:
10.1016/j.enpol.2012.06.009. URL http://dx.doi.org/10.1016/j.enpol.2012.06.009.

Opdrachtgever Enpuls. SLIM LADEN MUST HAVE. pages 1-28, 2019.
Andy Field. Discovering statistics using IBM SPSS statistics. sage, 2013. ISBN 1446274586.

Adrian V. Gheorghe, Marcelo Masera, Laurens De Vries, Margot Weijnen, and Wolfgang Kréger. Critical
infrastructures: The need for international risk governance. International Journal of Critical Infrastruc-
tures, 3(1-2):3-19, 2007. ISSN 14753219. doi: 10.1504/1JCIS.2007.011543.

Green Deals. C-198 Green Deal Elektrisch Vervoer 2016 -2020. pages 1-15, 2016.

Yuval N. Harari. Homo Deus: A Brief History of Tomorrow. New York: Harper Collins, 2016. 435 pp.
Philosophy, Theology and the Sciences, 2016. ISSN 2195-9773. doi: 10.1628/ptsc-2018-0008.

Petter Haugneland, Christina Bu, and Espen Hauge. The Norwegian EV success continues. pages 1-9,
2018.

63


http://www.osti.gov/servlets/purl/1130630/
http://www.osti.gov/servlets/purl/1130630/
http://dx.doi.org/10.1016/j.enpol.2012.06.009

64

Bibliography

(14]

(15]

[16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

Karl Georg Hoyer. The history of alternative fuels in transportation: The case of electric and hybrid cars.
Utilities Policy, 2008. ISSN 09571787. doi: 10.1016/j.jup.2007.11.001.

Intergovernmental Panel on Climate Change. Climate Change 2014: Mitigation of Climate Change:
Working Group III Contribution to the IPCC Fifth Assessment Report. 2014. ISBN 9781107415416. doi:
10.1017/CB09781107415416.

Julia King. The King Review of low-carbon cars. 2007. ISBN 13: 978-1-84532-335-6.

Willett Kempton. Electric vehicles: Driving range. Nature Energy, 1(9):1-2, 2016. doi: 10.1038/nenergy.
2016.131.

Fabian Kley, Christian Lerch, and David Dallinger. New business models for electric cars-A holistic ap-
proach. Energy Policy, 39(6):3392-3403, 2011. ISSN 03014215. doi: 10.1016/j.enpol.2011.03.036. URL
http://dx.doi.org/10.1016/j.enpol.2011.03.036.

Ksenia Koroleva, Micha Kahlen, Wolf Ketter, Laurens Rook, and Fabian Lanz. TamagoCar: Using a Sim-
ulation App to Explore Price Elasticity of Demand for Electricity of Electric Vehicle Users. Icis-Rp, pages
1-11, 2014.

Dirk Kuiken, Heyd E Mds, Maryam Haji Ghasemi, Niels Blaauwbroek, Thai H. Vo, Thijs Van Der Klauw,
and Phuong H. Nguyen. Energy flexibility from large prosumers to support distribution system
operation-A technical and legal case study on the Amsterdam arena stadium. Energies, 2018. ISSN
19961073. doi: 10.3390/en11010122.

Peter D. Lund, Juuso Lindgren, Jani Mikkola, and Jyri Salpakari. Review of energy system flexibility mea-
sures to enable high levels of variable renewable electricity. Renewable and Sustainable Energy Reviews,
45:785-807, 2015. ISSN 13640321. doi: 10.1016/j.rser.2015.01.057.

Kevin Mets, Filip De Turck, and Chris Develder. Distributed smart charging of electric vehicles for bal-
ancing wind energy. 2012 IEEE 3rd International Conference on Smart Grid Communications, Smart-
GridComm 2012, pages 133-138, 2012. doi: 10.1109/SmartGridComm.2012.6485972.

Gautham Ram Chandra Mouli, Mahdi Kefayati, Ross Baldick, and Pavol Bauer. Integrated PV Charging
of EV Fleet Based on Energy Prices, V2G and Offer of Reserves. IEEE Transactions on Smart Grid, 2017.
ISSN 1949-3053. doi: 10.1109/TSG.2017.2763683.

Alejandro Navarro-Espinosa and Luis E Ochoa. Probabilistic Impact Assessment of Low Carbon Tech-
nologies in LV Distribution Systems. IEEE Transactions on Power Systems, 31(3):2192-2203, 2016. ISSN
08858950. doi: 10.1109/TPWRS.2015.2448663.

Simone Pagliuca, Ioannis Lampropoulos, Matteo Bonicolini, Barry Rawn, Madeleine Gibescu, and Wil L.
Kling. Capacity assessment of residential demand response. 46th International Universities Power Engi-
neering Conference, 2011.

Beatrix Wilhemina Armgard Koningin der Nederlanden Prinses van Lippe-Biesterfeld Prinses van
Oranje Nassau and E. M. H. Hirsch Ballin. Staatsblad van het Koninkrijk der Nederlanden. Staatsblad
651, (december):1-10, 1996.

Remy Prud’homme. Electric vehicles: A tentative economic and environmental evaluation. (November),
2010.


http://dx.doi.org/10.1016/j.enpol.2011.03.036

Bibliography 65

(28]

(29]

[30]

(31]

(32]

(33]

[34]

(35]

(36]

(37]

[38]

(39]

(40]

[41]

Truusje Quak, Marco Sinke, Pieter van Tol, Stijn van Langen, and Michiel van Briggen. Profie-
len elektricitetit 2019. Technical report, Expertgroup elektriciteitcomssie verbruiksprofielen (Essen-
t/RWE, Nuon/Vattenfall, Eneco, Uniper, NEDU), 2019. URL https://www.nedu.nl/documenten/

verbruiksprofielen/#.

Jairo Quirés-Tortos, Luis E Ochoa, Sahban W. Alnaser, and Tim Butler. Control of EV Charging Points
for Thermal and Voltage Management of LV Networks. IEEE Transactions on Power Systems, 31(4):3028-
3039, 2016. ISSN 08858950. doi: 10.1109/TPWRS.2015.2468062.

N. Sadeghianpourhamami, N. Refa, M. Strobbe, and C. Develder. Quantitive analysis of electric vehicle
flexibility: A data-driven approach. International Journal of Electrical Power and Energy Systems, 2018.
ISSN 01420615. doi: 10.1016/j.ijepes.2017.09.007.

Wenjing Shuai, Patrick Maille, and Alexander Pelov. Charging electric vehicles in the smart city: A survey
of economy-driven approaches. IEEE Transactions on Intelligent Transportation Systems, 17(8):2089—
2106, 2016. ISSN 15249050. doi: 10.1109/TITS.2016.2519499.

Jos Sijm Pieter Gockel Adriaan van der Welle Werner van Westering, ECN, and Alliander. Demand and
supply of flexibility in the power system of the Netherlands, 2015-2050 Key messages of the FLEXNET
project Project consortium partners 2 Acknowledgement. (November), 2017. URL https://www.tno.
nl/media/12359/e17063-flexnet-key-messages.pdf.

Benjamin K. Sovacool and Richard E Hirsh. Beyond batteries: An examination of the benefits and bar-
riers to plug-in hybrid electric vehicles (PHEVs) and a vehicle-to-grid (V2G) transition. Energy Policy,
2009. ISSN 03014215. doi: 10.1016/j.enpol.2008.10.005.

Simone Steinhilber, Peter Wells, and Samarthia Thankappan. Socio-technical inertia: Understanding
the barriers to electric vehicles. Energy Policy, 60:531-539, 2013. ISSN 03014215. doi: 10.1016/j.enpol.
2013.04.076. URLhttp://dx.doi. org/lO .1016/j.enpol.2013.04.076.

Fehmi Tanrisever, Kursad Derinkuyu, and Geert Jongen. Organization and functioning of liberalized
electricity markets: An overview of the Dutch market. Renewable and Sustainable Energy Reviews, 51
(11):1363-1374, 2015. ISSN 18790690. doi: 10.1016/j.rser.2015.07.019. URL http://dx.doi.org/10.
1016/j.rser.2015.07.019.

TenneT. Flexibility Roadmap. pages 1-40, 2018.

UNFCCC. Paris Climate Change Conference-November 2015, COP 21. Adoption of the Paris Agreement.
Proposal by the President., 21932(December):32, 2015. ISSN 1098-6596. doi: FCCC/CP/2015/L.9/Rev.1.
URLhttp://unfccc.int/resource/docs/2015/cop21/eng/109r01. pdf.

USEF Foundation. USEF : The Framework Explained. Technical report, Arnhem, 2015.

Ad Van Wijk and Leendert Verhoef. Our car as power plant. 2014. ISBN 9781614993773. doi: 10.3233/
978-1-61499-377-3-i.

Iana Vassileva and Javier Campillo. Adoption barriers for electric vehicles: Experiences from early
adopters in Sweden. Energy, 120:632-641, 2017. ISSN 03605442. doi: 10.1016/j.energy.2016.11.119.

R. A. Verzijlbergh and Z. Lukszo. System impacts of electric vehicle charging in an evolving market envi-
ronment. 2011 International Conference on Networking, Sensing and Control, ICNSC 2011, (April):20-25,
2011. doi: 10.1109/ICNSC.2011.5874924.


https://www.nedu.nl/documenten/verbruiksprofielen/#
https://www.nedu.nl/documenten/verbruiksprofielen/#
https://www.tno.nl/media/12359/e17063-flexnet-key-messages.pdf
https://www.tno.nl/media/12359/e17063-flexnet-key-messages.pdf
http://dx.doi.org/10.1016/j.enpol.2013.04.076
http://dx.doi.org/10.1016/j.rser.2015.07.019
http://dx.doi.org/10.1016/j.rser.2015.07.019
http://unfccc.int/resource/docs/2015/cop21/eng/l09r01.pdf

66 Bibliography

[42] R.A. Verzijlbergh. The Power of Electric Vehicles. 2013. ISBN 9789079787531.

[43] Hao Xing, Minyue Fu, Zhiyun Lin, and Yuting Mou. Decentralized optimal scheduling for charging and
discharging of plug-in electric vehicles in smart grids. IEEE Transactions on Power Systems, 31(5):4118—
4127, 2016. ISSN 08858950. doi: 10.1109/TPWRS.2015.2507179.



	
	Introduction
	The role of electric vehicles in the energy transition
	Smart charging as tool to balance the grid
	Stabilizing the electricity grid
	The energy transition is changing growing the need for flexibility in the electricity grid
	Price incentive as bare necessity for EV aggregator

	Research Approach
	Research problem definition: uncertainty of economic reward of smart charging
	Research objective and research questions
	Structure of the report
	Industrial collaboration


	Landscape & context
	Drivers and barriers for electric vehicle adoption
	The smart charging ecosystem in The Dutch electricity sector
	Roles and responsibilities
	The structure of a Dutch electricity bill
	Defining the smart charging strategy and benchmark


	Simulation method and analysis design
	Models: the commercial algorithms and solver
	Energy purchase algorithm
	Profile update optimization algorithm

	General approach of the simulations
	Simulation A: Worst case simulation
	Simulation B: The day ahead market simulation
	Simulation C: The imbalance simulation
	Simulation D: The forecast simulation
	Phase 1: day ahead situation
	Phase 2: near real-time situation

	The output of the simulations
	Metrics to compare the results
	Multiple regression analysis
	Multiple regression model
	The bivariate correlation
	Linearity and multicollinearity
	overview of the performed tests


	The simulation input data
	The EV charging dataset and preparation steps
	The day ahead market and imbalance prices
	Carbon intensity in The Netherlands and Germany

	Results and discussion
	The average price per session for the smart charging simulations
	Simulation A: The worst case scenario
	Simulation B: smart charging with day ahead prices
	Simulation C: combining day ahead and imbalance prices
	Simulation D: smart charging simulation with integration of forecasting errors

	The smart charging cost reduction per car per year
	Predicting the smart charging value with multiple regression models
	The impact of the session duration
	The impact of the maximum power of the charge point
	The impact of volume of the charging session

	The effect of smart charging on the carbon intensity
	The correlation between the day ahead price and the carbon intensity in the grid
	How is the average carbon intensity per session changing if comparing smart charging with dumb charging in The Netherlands and Germany?


	Conclusions and Recommendations
	Key insights
	Quantification of the smart charging costs reduction
	The average session price
	The costs savings based on the benchmark

	Strategies to improve the cost reduction of smart charging
	The session duration x1
	The maximum charging power of the session x2
	The volume of the session x3

	The effect of the smart charging on the carbon intensity of the charged electricity
	Recommendations to improve smart charging for an EV aggregator

	Bibliography

