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A B S T R A C T

The rise in electric vehicles (EVs) challenges energy suppliers with unpredictable charging behavior, making
demand forecasts less accurate and increasing financial risks from power imbalances. In Europe, retailers can
trade these imbalances in short-term markets like the continuous intraday (CID) market. By controlling EV
charging times, suppliers can shift charging to periods with lower prices, potentially benefiting financially.
However, the financial gains from trading this flexibility in the CID market remain uncertain due to EV user
behavior and price fluctuations. In this study, we develop and test trading strategies designed to manage the
power needs of a fleet of 1000 EVs across different segments of short-term electricity markets, focusing on the
day-ahead (DA) auction, and the CID market. To address EV-use uncertainty, we take an initial EV charging
flexibility forecast for the DA auction, and an updated forecast for the CID market. We find that trading in
the CID market reduces the overall cost of making power purchases by capitalizing on the flexibilities of EV
charging times. Our results suggest that energy suppliers trading in the CID market significantly reduce their
financial risk, even when there are high margins of error in EV flexibility forecasts. In our scenario with the
highest deviation between the DA and intraday (ID) flexibility metrics, applying the best CID strategies yielded
an average yearly profit of e37.52 and e4,840.63 in 2019 and 2022 respectively. In comparison to the baseline
strategy, which clears volumes as imbalances, the corresponding financial savings amounted to e1978.52 and
e16,632.25, respectively.
1. Introduction

There has been significant growth in the use of EVs in recent
years, boosted by regulation and the provision of state-financed incen-
tives. As this growth is expected to continue in the coming years [1],
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energy suppliers will need to meet growing power demands for EV
charging [2].

Energy suppliers use EV demand forecasts to help them plan, with
these often based on historical driving and charging patterns [3].
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However, due to the variable nature of EV users’ driving behaviors
and their evolving charging preferences, discrepancies arise between
forecast and actual charging demand [4]. These discrepancies might
ose financial risks for energy suppliers, particularly in European mar-
ets where market participants pay penalties if there are ‘‘imbalances’’

between expected and actual demand [5].
Energy suppliers in Europe can mitigate power imbalance penalties

by participating in short-term electricity markets, such as the DA
arket and the CID market. In Europe, the main difference between

hese markets is their gate closure times. In the DA market, gate closure
s typically around noon on the day prior to the product’s due delivery
ate. In the CID market, trading occurs up to a few minutes before

delivery, thus enabling energy suppliers to adjust schedules to real-time
demand [5]. Furthermore, when charging EVs in a controlled manner
(i.e. using ‘‘smart charging’’ techniques), EVs can serve as a flexible
asset [6,7]. Energy suppliers can leverage the flexibility provided by
EVs to charge the vehicles when prices are lower, enabling the energy
supplier to reduce procurement costs [8,9]. However, there remains
a lack of clarity regarding the potential financial gains and risks for
energy suppliers regarding the trading of EV charging flexibility in the
CID market. This is due to uncertainties in EV usage and electricity
market price fluctuations.

In the interests of facilitating EV flexibility trading in the CID
market, rolling window (RW) horizon optimization methods have been
proposed [10,11]. RW horizon optimization models allow energy sup-
pliers to adapt dynamically to CID market conditions. By using a
equential trading strategy, energy suppliers can first acquire most
f the power required to satisfy charging needs from the DA market
hile minimizing costs, and then also realize arbitrage gains by trading

on the CID market [11,12]. Modeling price uncertainties in the CID
arket is achieved by modeling different price scenarios with their

associated probabilities [12,13]. When modeling EVs flexibility, many
authors [11,12,14] assumed that the forecast demand from EVs would
remain constant when trading in the DA and CID markets.

Relying solely on the same DA EV demand forecasts when trading in
he CID market could be impractical. DA demand forecasts (including
V power requirements) are typically generated at least 36 h before
elivery, hence increasing the likelihood of inaccuracies due to changed
ircumstances. The closer a forecast is made to delivery time, the more
ccurate it will be thanks to the integration of the latest user data, such

as on-going plug-in and plug-out times. Also, using the same forecast for
both DA and CID markets risks overlooking potential additional imbal-
ance costs stemming from changes in demand for EV charging capacity.
Furthermore, including price uncertainty in modeled scenarios requires
prior knowledge of market prices, as these scenarios often fit the whole
modeling interval [12]. However, future market prices are difficult to
predict, leading to unrealistic forecast scenarios which are poorly suited
or practical applications. These require dynamic adaptation to changes

in market prices. In our paper, we propose a novel optimization model
that takes account of the uncertainties arising from (1) EV charging
flexibility, and (2) price volatility in the CID market.

To effectively model the uncertainties implicit in the provision of
V charging flexibility, we quantify the flexibility of an EV fleet by
tochastically combining individual flexibility metrics derived from a
ynthetic mobility dataset [15]. In our paper, we focus solely on the

demands of EV charging at home, specifically unidirectional charging.
Accordingly, we calculate the flexibility metrics for EVs connected to
home charging stations. These flexibility metrics include measurements
of power and energy over time. These metrics provide insights into the
extent to which charging power can be adjusted at each time step of
the process, while still ensuring that the EV battery receives sufficient
charge to meet the user’s needs when they are ready to depart. We
generate two sets of flexibility metrics: one that serves as a forecast for
the DA period, and a subsequent ID set updates the former, which then
serves as a forecast for all ID trading activities.
2 
To realistically capture price uncertainty in the CID market, we
reate a price forecasting model that features the average of the four
ost recent transactions in the current product. We thereby incorporate

he latest market price information into the model [16]. This approach
allows for optimized decisions to be made, given the difficulty of
anticipating future CID market price movements. In contrast, we use
realized market price data to evaluate the results of the optimization
process, thus measuring performance against real-world conditions.

Consequently, in this paper, we examine three different trading
strategies. In all three strategies, we first seek to procure most of the
ower needs required for EV charging from the DA market using the DA
V flexibility forecast. This is done while also seeking to minimize costs.
uring the subsequent ID period, market positions must be updated to

account for the updated ID EV flexibility forecast. The three strategies
feature different approaches to rescheduling during the ID period:

1. Baseline Strategy: This strategy settles power volumes neces-
sary to fulfill the ID schedule for the imbalance price, known
as "regelzonen bergreifender einheitlicher Bilanzausgleichsen-
ergiepreis" (cross-control area uniform balancing energy price)
(reBAP) in Germany [17]. The strategy minimizes the difference
between DA and ID power needs, thereby reducing imbalances
and the associated costs.

2. Static CID Strategy: Similar to the baseline strategy, this ap-
proach makes the same power volume adjustments but settles
them in the CID market instead of treating them as imbalances.
For simplicity, the strategy uses the ID1, a price index published
by the European Power Exchange (EPEX), which reflects the
price during the final trading hour of each product in the CID
market [18].

3. Dynamic CID Strategy: This strategy continuously adjusts posi-
tions in the CID market using a RW approach. The RW method
allows multiple re-optimizations during the CID trading window,
leveraging EV charging flexibility to arbitrage from changing
prices between products trading in parallel.

We evaluate all strategies on German EPEX market data for two sep-
arate years, 2019 and 2022, thereby providing an understanding of
the strategies’ efficacy in different market conditions. Specifically, we
quantify the benefit of adjusting positions taken in the DA market
by trading in the CID market, as opposed to settling deviations as
imbalances [5].

The remainder of the paper is structured as follows. Section 2
contains an introduction to the European wholesale power markets,
particularly to CID markets, using Germany as an example. Further-
more, we discuss the literature on EV power flexibility modeling and
trading. Section 3 introduces our sequential optimization model and
CID trading strategies. Section 4 gives an overview of the data used
in our paper. Section 5 covers the scenarios used for our simulations.
Section 6 presents and discusses our simulation results. Section 7
concludes the paper.

2. Background and related work

Section 2.1 provides a brief overview of European electricity mar-
ets to facilitate understanding of the rest of the paper. Subsequently,
ection 2.2 reviews related work and situates our study within the

existing literature.

2.1. Background: Electricity spot markets

In Europe, power market participants such as energy suppliers
an trade in short-term markets to reduce their demand and supply
mbalances until just a few minutes before delivery. Although these

markets are technically futures markets that feature a lag between
trading and physical delivery, they are commonly referred to as spot
markets [5]. Germany serves as an instructive case, as it is one of
Europe’s largest power markets by traded volume [19]. The German
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spot market includes a DA auction and an ID market. The ID market
s divided into two parts: an auction market, known as the intraday
uction (IDA) market, and a continuous market, referred to as the
ID market. Products traded in the spot market are characterized by
heir different delivery time intervals, which can be one hour, thirty
inutes, or fifteen minutes in length [20]. Within the German market,

hourly products exhibit the highest liquidity, followed by quarter-
ourly products [19,21]. Market participants such as energy suppliers
an meet their short-term power needs by participating in the different
arts of the spot market.

To participate in the European DA market, participants submit
ourly orders to the DA auction, which clears through an auction
echanism. Orders can contain two types of offers: (1) bids, i.e., prices

participants are willing to pay to buy power, and (2) asks, i.e., prices
they are willing to accept to sell power. In Germany the DA auction
takes place every day at noon for all hours of the following day [22].
Upon reaching the gate closure time (after which no more offers can
be posted), a clearing algorithm matches these orders to establish a
single product-specific clearing price for each market area, such as
the German-Luxembourgish market area, adhering to the merit order
principle [23].

While it is only possible to trade hourly products in the European
DA market, the European ID market also allows trading in thirty minute
nd fifteen minute products [24]. The IDA works similarly to the DA

auction and takes place every day at 3 PM for the products with
elivery during the following day [22]. Unlike auctions, where all

orders are cleared simultaneously based on the merit order princi-
ple, continuous trading in the CID market enables bids to be cleared
continuously throughout the trading period. At 3 PM, trading in the
European CID market starts [25]. In the CID market, the trading system
instantaneously clears bids and asks whenever an ask price undercuts
a bid [26]. In Germany, the CID market closes five minutes before
delivery, i.e., before the start of the respective product.

After ID market closure ex-post imbalances are handled by transmis-
sion system operators (TSOs) [27]. All wholesale market participants
elong to a balance responsible party (BRP), which compensates the

TSOs for activating the balancing services required to minimize the
imbalances caused by the activity of market players. It is important
to note that the compensation can be negative, indicating a reversal
in the direction of payment. In Germany, the compensation, (i.e., the
imbalance price) is called the reBAP [17].

2.2. Related work: EV smart charging algorithms

Smart charging enables energy suppliers to manage EV charging,
hereby reducing procurement costs by charging EVs when electricity
rices are lower [28,29]. Properly estimating EV flexibility is crucial
n developing smart charging algorithms. By accurately estimating
he flexibility provided by EVs, energy suppliers could determine the

potential for shifting the charging patterns while meeting EV users’
energy requirements. This flexibility, derived from historical mobility
patterns and charging preferences, requires accurate modeling of EV
usage [3].

EV usage is subject to several uncertainties due to variable driving
atterns and charging preferences. EV uncertainties could be related
o the number of vehicles connected to charging points at any mo-
ent, the arrival and departure times of the vehicles, and the energy

equired for powering EVs [30,31]. To capture EV uncertainty, the
likelihood of various parameters, such as trip distance, trip dura-
ion, trip start/end times, and others, are characterized by probability
istribution functions (PDFs) [32].

These PDFs then serve as an input to Monte Carlo simulations,
here stochastic EV usage patterns are modeled by drawing various
V parameters from the PDFs [33,34]. Another approach to model

the stochastic EV usage patterns is by using a Markov chain. In a
Markov chain, the transition between driving, parking/charging at
3 
different locations (e.g. workplace, home, commercial areas), and other
states are determined by using transition probabilities [35,36]. The
transition probabilities give the likelihood of the EV moving from one
state to another in the next time step, with this based solely on the
current state. These aid in developing a discrete-time state Markov
chain which captures the spatio-temporal dynamics of EV usage over
defined intervals (15 min, 30 min, 1 h) for a specific period (week,
month, year) [15,37].

With these usage patterns as inputs, the charging demand is es-
timated by implementing an uncontrolled charging regime in which
an EV is charged at full power until its requested energy need is
ulfilled [38]. The energy required for a charging session is assumed

to be equal to the estimated energy consumption of the EV for its next
trip, or the energy required to reach maximum battery capacity. The
necessary charging time can be calculated from the maximum charging
power and the required energy. The load profile, which gives an elec-
ricity consumption pattern of each EV, is calculated and superimposed,

representing the overall demand of EVs at each time step for a given
time period [39,40].

To smart charge EVs, EV charging scheduling can be formulated as
a mathematical optimization problem. This is because smart charging
typically involves allocating resources (i.e., charging power) to maxi-
mize the objectives (such as minimizing energy supplier costs) while
satisfying constraints (e.g. user requirements). In this notion, smart
charging algorithms can employ stochastic optimization models to
ptimally schedule EV charging whilst dealing with uncertainties [41].

A stochastic optimization model utilizes probability distributions to
represent uncertainties, allowing the model to account for a spectrum
of potential scenarios [42]. When formulating objective functions to
minimize costs for an energy supplier, various approaches are used.
For instance, the objective function might focus on maximizing the
xpected profits in the DA market by calculating the average perfor-
ance across different EV demand scenarios, based on their respective
robabilities [43]. Additionally, some stochastic optimization models
ncorporate risk measures such as conditional value at risk (CVaR) [41,

44,45] or variance [42] into the objective function, which could be
to minimize the costs in the DA market [44] or maximize the energy
uppliers profits [45]. Authors in [46] propose a hybrid stochastic and

Information Gap Decision Theory (IGDT) optimization to maximize the
EV aggregator profits. EV uncertainties are modeled with scenarios,
while price risk is handled through IGDT.

Authors in [41,43,44,46] focused on the trading of EV flexibility
rimarily in DA markets. This is because these markets often exhibit
ore stable and predictable price patterns compared to ID markets,

hus making it easier to model and optimize EV charging schedules.
However, by participating in DA and ID markets, energy suppliers

an spread their risk exposure and hedge against the uncertainties
created by fluctuating EV usage and market prices. Day-ahead markets
offer energy suppliers foresight to help them plan strategically for the

anifestation of anticipated patterns, while ID markets provide the
flexibility to respond quickly to unforeseen changes in EV demand.
The ID markets are also referred to as real-time (RT) markets in some
electricity markets, such as the Iberian market [47], the Nordic RT
market [48], and the PJM (US based) RT market [34,49].

Two-stage optimization models enable energy suppliers to optimize
EV charging in both DA and RT/ID markets. The first-stage decisions
usually correspond to DA market scheduling with the objective of
minimizing the costs of the energy supplier. The second-stage decisions
usually correspond to RT/ID markets where authors in [34,47] model
he objective function in order to reduce the power imbalances and
inimize the energy supplier’s costs. Liu et al. [48] formulated the

objective function to maximize the revenues of the energy supplier
while considering bidirectional charging. Many authors [34,48,49]
assumed perfect foresight, while in reality, market prices are uncertain
and not known in advance, as explained in Section 2.1. To model the
uncertainty in market prices, the authors in Sánchez-Martín et al. [47]
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Table 1
Literature overview — Electricity markets
† non-German market.

Research paper Electricity markets

DA IDA CID

Al-Awami and Sortomme [44] ✓ ✗ ✗

Aliasghari et al. [46] ✓ ✗ ✗

Balram et al. [45] ✓ ✗ ✗

Xu et al. [41] ✓ ✗ ✗

Zheng et al. [43] ✓ ✗ ✗

Liu et al. [48] ✓ ✓† ✗

Jin et al. [34] ✓ ✓† ✗

Silva et al. [49] ✓ ✓† ✗

Sánchez-Martín et al. [47] ✓ ✓† ✗

Naharudinsyah and Limmer [10] ✗ ✗ ✓

Chemudupaty et al. [51] ✓ ✗ ✓

Tepe et al. [11] ✓ ✗ ✓

Corinaldesi et al. [52] ✓ ✗ ✓

Shinde et al. [13] ✓ ✗ ✓

Vardanyan and Madsen [12] ✓ ✓ ✓

Meese et al. [50] ✓ ✓ ✓

Our paper ✓ ✗ ✓

employed forecasting models which predict price movements in ID
arkets. Meanwhile, the authors in [34,47–49] focused on modeling
T/ID markets which are similar to the IDA, where products are not

traded continuously, as we explained in Section 2.1.
To capture the dynamics of the CID markets where trading occurs

ontinuously, authors in [10,11] proposed an RW horizon optimization
method to optimize the EV charging schedule. The RW method divides
the problem into several windows over a specific time frame, allowing
continuous adaptation of evolving constraints and data. Consequently,
in the context of EV charging, the RW optimization model facilitates
the recurrent updating of EV scheduling decisions within each window,
while still minimizing the energy supplier’s costs when trading in CID
markets [10,13]. To represent the CID prices, authors implemented
wo approaches. In the first approach, authors in [11,50,51] consider
ingle prices for each product. While in the second approach, authors
n [10,14] consider multiple prices along the trading period. Multi-
rice modeling considers the price evolution within the trading sessions
f CID products by reoptimizing positions repeatedly throughout the
rading period [12,52]. At every repetition, the optimizations require

price inputs to calculate the energy supplier’s costs, since the opti-
ization objectives rely on minimizing costs. Most authors [10,11,50,

52] assumed perfect foresight of CID prices. Other authors in [12,13,
51] model the prices by assuming different scenarios, with associated
probabilities to account for uncertainty in CID prices.

In sequential trading across DA and ID markets, authors in [11,50]
rocured most of the power required for EV charging from the DA

market while still minimizing costs. Subsequently, the authors in [11,
50] only traded power in the ID markets if this produces additional
evenues. However, while modeling EV flexibility, most authors in [11–

13,50–52] assumed the same EV demand forecast for both DA and ID
arkets. Thus, they also did not account for the potential imbalances

and additional costs that could be incurred due to changes in EV
demand while trading in CID markets.

To draw attention to the contributions of our paper, we summarize
our literature review and compare existing literature with our paper in
Tables 1 and 2.

In Table 1, we present the electricity markets considered by various
papers for trading EV flexibility. Our paper focuses on trading EV
flexibility in DA and CID markets. We do not investigate the IDA due
to it having a similar clearing mechanism to the DA auction and lower
liquidity in the German market compared to the DA auction [19].

In Table 2, we compile the papers that explore the trading of EV
flexibility in CID markets, given our primary focus on modeling the
CID market. We differentiate papers based on their approaches to CID
4 
Table 2
Literature overview — CID Modeling.

Research paper CID price modeling Multistage
EV modeling

Multi-price Price input

Naharudinsyah and Limmer [10] ✓ perfect foresight ✗

Chemudupaty et al. [51] ✗ scenarios ✗

Tepe et al. [11] ✗ perfect foresight ✗

Corinaldesi et al. [52] ✓ perfect foresight ✗

Shinde et al. [13] ✓ scenarios ✗

Vardanyan and Madsen [12] ✓ scenarios ✗

Meese et al. [50] ✗ perfect foresight ✗

Our paper ✓ price forecast ✓

price modeling and EV flexibility modeling. Table 2 lists all the papers
focused on EV trading strategies within CID markets. We included all
relevant studies from our initial search that addressed CID trading
alongside EV flexibility. To the best of our knowledge, none of these
papers integrated CID market price forecasts into their EV trading
models. Our paper employs multiple prices for price modeling and
utilizes price forecasts. By using price forecasts, we eliminate the need
for prior knowledge of future prices during optimization. The price
forecasting approach better reflects real-world trading scenarios, where
decisions are made within trading sessions without prior knowledge
of future price developments. We also consider the variation in EV
demand between DA and CID markets. Therefore, we use an initial
DA forecast for DA optimization, and update it with an ID forecast for
CID trading. Using an updated ID forecast for CID trading enhances the
accuracy of EV charging schedule optimization because the forecasts
become more reliable over time. Additionally, we test different trading
frequencies within the CID market and compare CID trading with
settlement as an imbalance.

3. Methods

To enable the energy supplier to trade EV flexibility, we quantify the
EV flexibility in terms of power and energy as functions of time. This
will convey the information on the amount of power that can be varied
in a controllable fashion during each time step, while maintaining the
nergy levels required to meet the users’ requirements, and keeping

charging power below charger limits. We then use this aggregated
flexibility as an input to our optimization models to facilitate EV
flexibility trading in both the DA and the CID markets. Fig. 1 illustrates
he sequence of the different trading and optimization steps to obtain

the final EV charging schedule.
Consistent with prevalent hedging strategies in short-term power

markets, the objective is to meet all the power needs resulting from
he DA EV flexibility forecast in the DA market while minimizing
he procurement costs in line with [52]. Securing all volumes in the
A market is advantageous for hedging, offering higher liquidity than

he CID [19] and a single clearing price per product. Conversely,
continuous trading in the CID market increases risk due to fluctuating
and volatile prices [53]. The model tries to find the cheapest periods in
the DA timeframe to charge EVs without factoring in the ID markets or
any possible imbalances. The DA optimization runs with the assumption
of having perfect foresight of DA prices and an initial EV flexibility
orecast, resulting in a preliminary DA charging schedule.

During the ID period, a more accurate EV flexibility forecast be-
comes available. For simplicity’s sake, we assume that this forecast
matches actual EV flexibility at the time of charging. To adjust the
charging schedule to the updated flexibility forecast, we propose three
strategies. The first strategy, the baseline strategy, aims to reschedule
EV charging to minimize imbalances, specifically changes in the power
of the EV charging schedule. Afterwards, the strategy settles remaining
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Fig. 1. Overview of trading steps.

imbalances for the reBAP. The second strategy, the static CID strategy,
is similar, since it uses the same ID charging schedule. However, instead
of settling power volumes for the reBAP, it settles power volumes in
the CID market at the ID1 price. The third strategy, the dynamic CID
strategy, trades in the CID market, where the optimization model takes
account of CID price forecasts. The strategy uses an RW approach,
involving successive rounds of optimization and trading for the same
product. Note, that opting to trade in the CID market eliminates im-
balances, as all open volumes are traded in the CID market. All three
strategies result in a final ID charging schedule, according to which EVs
can be charged.

Section 3.1 quantifies the flexibility provided by an aggregated fleet
of EVs. Sections 3.2 and 3.3 illustrate how our optimization models
trade EV flexibility in the DA and CID markets, respectively. Section 3.4
summarizes the sequential optimization process.

3.1. EV flexibility model

3.1.1. Input parameters to quantify EV flexibility
In this Section, we outline the parameters of different user inputs,

EV batteries, and EV chargers that are relevant for quantifying EV
flexibility. The level of flexibility offered by an EV varies with each
charging session; influenced by the user’s driving and charging habits,
as well as the EV battery and charger specification.

To quantify the EV flexibility, we need the maximum charging
power of an EV charger, the plugin duration, and the energy that should
be transferred within a charging session. The maximum charging power
is the maximum power at which an EV can be charged (𝑃max

𝑣 ). The
plugin duration is the time between EV arrival time (𝑡arr) and departure
time (𝑡dep). The energy that should be transferred to satisfy the user’s
state of energy at departure (SOEdep) requirement is denoted by 𝐸dep

𝑣 .
In Fig. 2, we illustrate the typical EV battery with different energy

values. 𝐸max
𝑣 is the total battery capacity of the EV, 𝐸arr

𝑣 is the EV
battery capacity at the time of arrival (𝑡arr), and 𝐸dep

𝑣 is the energy that
should be transferred to satisfy the SOEdep requirement.

As we only consider unidirectional charging, the overall energy
capacity of the battery can never drop below 𝐸arr

𝑣 . Furthermore, the
user might not always request maximum SOEdep. This would mean that
the sum of 𝐸arr

𝑣 and 𝐸dep
𝑣 would not always be equal to 𝐸max

𝑣 . Therefore,
we only consider the part of the battery that can be charged i.e., 𝐸dep

𝑣
while estimating EV flexibility.
5 
Fig. 2. Typical EV battery and different energy values.

Fig. 3. Representation of EV flexibility in energy vs. time graph.

3.1.2. Quantification of individual EV flexibility
To estimate the flexibility provided by an EV, we quantify EV

flexibility during its plugin duration using time-dependent energy and
power metrics which are derived by using the parameters introduced
in Section 3.1.1. The energy metrics are minimum energy (𝐸min

𝑡,𝑣 ) and
maximum energy (𝐸max

𝑡,𝑣 ) at time 𝑡. The power metrics are minimum
power (𝑃min

𝑡,𝑣 ) and maximum power (𝑃max
𝑡,𝑣 ) at time 𝑡. These metrics will

convey the amount of power with which an EV can be charged while
maintaining upper and lower limits of cumulative energy transfer.

𝐸min
𝑡,𝑣 represents the minimum cumulative energy that must be trans-

ferred to the EV at time 𝑡 to satisfy the user’s energy requirement
i.e., 𝐸dep

𝑣 . The process to determine 𝐸min
𝑡,𝑣 is divided into two phases

within its plugin duration as illustrated in Fig. 3.
The first phase is the idle state where there is no energy transfer

to the EV until critical time (𝑡c). 𝑡c marks the moment when the EV
must begin charging at full power to meet the required energy level
by departure time (𝐸dep

𝑣 ). Therefore, the first phase to determine 𝐸min
𝑡,𝑣

extends from the 𝑡arr to the 𝑡c. The second phase covers the time
between 𝑡c and the time of departure (𝑡dep). During this phase, the EV is
charged at full power to ensure that 𝐸dep

𝑣 is achieved by the departure
time. We present the mathematical formulation to determine 𝐸min

𝑡,𝑣 in
Eqs. (1) and (2).

𝐸min
𝑡,𝑣 = 𝐸min

𝑡−1,𝑣 + 𝑃𝑡,𝑣 × 𝜂 × 𝛥𝑡 (1)

𝑃𝑡,𝑣 =

{

0 𝑡arr < 𝑡 ≤ 𝑡𝑐 (Phase 1)
𝑃max
𝑣 𝑡𝑐 < 𝑡 ≤ 𝑡dep (Phase 2)

(2)
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In reality, EV charging is not linear and involves different stages
(such as constant current and constant voltage) to optimize the charg-
ing process for safety and battery health [54]. However, for simplicity,

e assume linear charging of the EV where the charging power takes
ontinuous values. Therefore, we calculate 𝐸min

𝑡,𝑣 by using Eq. (1), where
𝑡,𝑣 is the charging power at time 𝑡, 𝜂 is the charging efficiency to
ccount for power losses while charging, and 𝛥𝑡 is the time interval

during which the charging power is delivered. The value of 𝑃𝑡,𝑣 to
calculate 𝐸min

𝑡,𝑣 in the first phase and the second phase are 0 and 𝑃max
𝑣

respectively, as depicted in Eq. (2).
𝐸max
𝑡,𝑣 represents the maximum cumulative energy that can be trans-

ferred to the EV at time 𝑡. Similar to 𝐸min
𝑡,𝑣 , the process for determining

𝐸max
𝑡,𝑣 is divided into two distinct phases (as illustrated in Fig. 3).

In the first phase, the EV is charged instantaneously at maximum
power until the energy required for departure, 𝐸dep

𝑣 , is met. The dura-
ion of this phase is from 𝑡arr (arrival time) to 𝑡inst, where 𝑡inst is the
ime needed to transfer 𝐸dep

𝑣 instantaneously at full power. The second
hase starts at 𝑡inst and lasts until 𝑡dep (departure time), during which
o energy transfer occurs.

We present the mathematical formulation for calculating 𝐸max
𝑡,𝑣 in

qs. (3) and (4). As we assume the linear charging of the EV, the
maximum energy level at time 𝑡, 𝐸max

𝑡,𝑣 is calculated by Eq. (3). The
𝑡,𝑣 value to calculate 𝐸max

𝑡,𝑣 in the first phase and second phase is 𝑃max
𝑣

nd 0 respectively, as depicted in Eq. (4).

𝐸max
𝑡,𝑣 = 𝐸max

𝑡−1,𝑣 + 𝑃𝑡,𝑣 × 𝜂 × 𝛥𝑡 (3)

𝑃𝑡,𝑣 =

{

𝑃max
𝑣 𝑡arr < 𝑡 ≤ 𝑡inst (Phase 1)

0 𝑡inst < 𝑡 ≤ 𝑡dep (Phase 2)
(4)

When plotting 𝐸max
𝑡,𝑣 and 𝐸min

𝑡,𝑣 on the energy vs. time graph, the
region bounded by these two energy metrics represents the degree of
flexibility (see Fig. 3). As depicted in Fig. 3, the EV offers flexibility
throughout the plugin duration, allowing the charging power to fluc-
tuate between maximum and minimum possible values. This variation
n charging power is possible as long as the cumulative energy transfer
emains within the defined flexibility region. Therefore, the value of
he minimum power flexibility metric - 𝑃min

𝑡,𝑣 , which represents the
inimum allowable power at which the EV must be charged at time

, is equal to 0 for the whole plugin duration.
The maximum power flexibility metric - 𝑃max

𝑡,𝑣 , represents the max-
imum allowable power at which the EV can be charged at time 𝑡.

herefore, 𝑃max
𝑡,𝑣 for the whole plugin duration is equal to 𝑃max

𝑣 .

3.1.3. Quantification of EV fleet flexibility
As we manage a portfolio of an energy supplier, (which includes an

V fleet) aggregating their flexibilities becomes essential to facilitating
rading in electricity markets. To obtain the aggregated flexibility of an
Vs fleet, we sum up the flexibilities of individual EVs. We represent the
esulting aggregated energy and power flexibility metrics as 𝐸min

𝑡 , 𝐸max
𝑡

and 𝑃min
𝑡 , 𝑃max

𝑡 . These metrics characterize a virtual battery model,
defined by its minimum and maximum thresholds for both power and
nergy levels. To account for uncertainties in EV flexibility forecasts,

we generate different flexibility metrics for the DA and ID period by
applying different weights to individual EV flexibility metrics during
summation. Section 4.2 provides more details on the generation of
he EV flexibility metrics. Consequently, we adapt the notation of
he flexibility metrics to distinguish between both periods. Taking the

minimum energy flexibility metric (𝐸min
𝑡 ) as an example, we denote the

DA metric as 𝐸min,DA
𝑡 and the ID metric as 𝐸min,ID

𝑡 .

3.2. DA optimization

We develop a linear optimization model with the objective of mini-
izing procurement costs incurred for charging the EV fleet. The input
ata for our optimization model are DA market prices and EV flexibility
 p
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forecasts. The EV flexibility forecasts for the DA market are calculated
using the flexibility model, detailed in Section 3.1. We assume perfect
oresight of DA prices in line with [43]. This assumption allows us to

isolate price uncertainty specifically within the CID market, aligning
ith our study’s focus. Importantly, this assumption’s impact is limited,

as the DA schedule serves only as an initial reference for subsequent
ID rescheduling, with our analysis centered on schedule changes made
during the ID phase.

Our objective function aims to minimize the energy supplier’s DA
rocurement costs (see Eq. (5)). The objective function considers the

variable 𝑃DA
𝑡 and parameter 𝐶DA,true

𝑡 , which are the power purchased
rom DA market and the DA price at time 𝑡, respectively. As we assume
erfect foresight of the DA price, 𝐶DA,true

𝑡 is the same as the clearing
rice of the DA market at time 𝑡.

min
𝑃DA
𝑡 ,𝐸DA

𝑡

∑

𝑡
𝐶DA,true
𝑡 × 𝑃DA

𝑡 × 𝛥𝑡 (5)

As we trade the aggregated flexibility of the EV fleet, we assume that
all the EVs connected to their respective charging points at residential
level create a large virtual battery [55]. In this regard, the power
and energy flexibility metrics represent the minimum and maximum
power and energy thresholds of the virtual battery (see Section 3.1.3).

herefore, 𝑃min,DA
𝑡 and 𝑃max,DA

𝑡 represent the minimum and maximum
harging power of the virtual battery for the DA market at time 𝑡. While,
min,DA
𝑡 and 𝐸max,DA

𝑡 represent the minimum and maximum energy that
ould be transferred to the virtual battery at time 𝑡, for the DA market.

In the context of the virtual battery, 𝑃DA
𝑡 represents the power

rocured from the DA market to charge the virtual battery. Thus, the
DA
𝑡 value should always be between 𝑃min,DA

𝑡 and 𝑃max,DA
𝑡 , ensured by

he constraint formulated in Eq. (6):

𝑃min,DA
𝑡 ≤ 𝑃DA

𝑡 ≤ 𝑃max,DA
𝑡 ∀ 𝑡 ∈ 𝑇 . (6)

The variable 𝐸DA
𝑡 represents the cumulative energy transferred to

this virtual battery at time 𝑡 in the DA market. The value of variable
𝐸DA
𝑡 should always be within 𝐸min,DA

𝑡 and 𝐸max,DA
𝑡 , ensured by the

constraint formulated in Eq. (7):

0 ≤ 𝐸min,DA
𝑡 ≤ 𝐸DA

𝑡 ≤ 𝐸max,DA
𝑡 ∀ 𝑡 ∈ 𝑇 . (7)

The following Eq. (8) depicts the energy balance of the virtual
battery:

𝐸DA
𝑡 = 𝐸DA

𝑡−1 + 𝑃DA
𝑡 × 𝛥𝑡 − 𝐸left,DA

𝑡 ∀ 𝑡 ∈ 𝑇 . (8)

𝐸DA
𝑡 is the variable illustrating the cumulative energy transferred to

the virtual battery at the time step 𝑡. Its value is affected by 𝐸DA
𝑡−1, 𝑃

DA
𝑡 ,

nd 𝐸left,DA
𝑡 . 𝐸DA

𝑡−1 is the cumulative energy transferred to the virtual
battery in the previous time step. 𝑃DA

𝑡 is the power procured to charge
the virtual battery at the current time step 𝑡. 𝐸left,DA

𝑡 is the cumulative
nergy transferred to the EVs that disconnect from the chargers at the
urrent time step 𝑡, i.e., they no longer contribute to the virtual battery.

3.3. CID optimization

While we assume perfect foresight of DA market prices during DA
ptimization (see Section 3.2), we perform the CID optimization pro-

cess using price forecasts of hourly CID products. Using price forecasts
for CID optimization aligns with a realistic scenario in which trading
decisions are made given uncertain knowledge of future prices. Given
that the CID market is typically only highly liquid during the last
few hours before delivery, we start optimization four hours before
delivery [56].

Fig. 4 illustrates the simultaneous trading process for multiple
ourly products, each represented by a distinct timeline. Each product
s defined by two characteristics: the delivery start and the delivery

eriod. The delivery start (indicated by the red dot) marks the exact
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Fig. 4. Parallel trading of several hourly CID products.

moment when power delivery begins, while the delivery period (repre-
sented by the shaded area following the red dot) specifies the duration
over which the power is supplied. For every product, the trading period
opens four hours before delivery starts and closes half an hour before
delivery starts. A timeline for a single product contains the following
subintervals (from left to right): The chronological breakdown of a
single product’s timeline contains the following three segments:

1. The first segment spans three hours and covers the CID trading
window of the respective product (light blue interval). This
phase permits the re-optimization of the power schedule follow-
ing updates in CID price forecasts.

2. The second segment, lasting 30 min, is a transition period where
re-optimization ceases, yet the trading of remaining open posi-
tions continues (dark blue interval). Trading activity then stops
30 min before the start of delivery, which aligns with the decou-
pling of German control areas [25].

3. The third segment, which extends for one hour, denotes the
product delivery period (light red interval). The start of this
period is indicated by a red dot.

At any point in time, three hourly products can be traded in parallel,
as highlighted by the dashed rectangles in Fig. 4.

We enter the CID market with an updated set of EV flexibility
metrics, which may differ from the DA metrics (see Section 3.1.3). The
updated flexibility metrics lead to updated ID constraints for the ID
charging schedules depicted by the Eqs. (9), (10), and (11):

𝑃min,ID
𝑡 ≤ 𝑃 ID

𝑡 ≤ 𝑃max,ID
𝑡 ∀𝑡 ∈ 𝑇 , (9)

0 ≤ 𝐸min,ID
𝑡 ≤ 𝐸ID

𝑡 ≤ 𝐸max,ID
𝑡 ∀𝑡 ∈ 𝑇 , (10)

𝐸ID
𝑡 = 𝐸ID

𝑡−1 + 𝑃 ID
𝑡 × 𝛥𝑡 − 𝐸left,ID

𝑡 ∀𝑡 ∈ 𝑇 . (11)

The corresponding DA constraints are depicted by the Eqs. (6), (7), and
(8). These constraint alterations could cause the DA solution (i.e., the
planned EV charging schedule comprising 𝐸DA

𝑡 and 𝑃DA
𝑡 ), to violate the

new ID constraints. As a result, it becomes necessary to reoptimize the
charging schedule to comply with the updated constraints, yielding an
ID charging schedule comprising 𝐸ID

𝑡 and 𝑃 ID
𝑡 .

We present three strategies for ID rescheduling. First, Section 3.3.1
discusses a baseline strategy aimed at minimizing deviations from the
DA power schedule. The strategy settles power volumes as imbalances
for the reBAP. Second, Section 3.3.2 introduces our static CID trading
strategy, that relies on the market index ID1 for power volume settle-
ment. Third, Section 3.3.3 presents our dynamic CID trading strategy
that takes advantage of parallel trading across different products. Par-
allel trading allows for arbitrage between the different CID products
within the limits of the constraints for the ID schedule.

3.3.1. Baseline strategy
Our baseline strategy ignores market prices while rescheduling.

Instead, it focuses solely on minimizing deviations from the DA sched-
ule. Not considering market prices significantly reduces rescheduling
complexity, since it allows for a single optimization run for every prod-
uct. This method starkly contrasts with strategies aiming to capitalize
7 
on the CID market’s continuous dynamics, which requires repeated
optimization runs in a RW fashion (see Section 3.3.3). The baseline
optimization serves as a benchmark for evaluating the continuous
optimization strategy. The optimization approach is also valuable for
market participants such as EV aggregators who aim to minimize
imbalances without delving into the complexities of forecasting CID
prices.

To express this strategy formally, for each product with a delivery
start time of 𝑡, we reoptimize the power and energy schedules one
hour before delivery, specifically at 𝑡− 1ℎ, using the objective function
corresponding to Eq. (12):

min
𝑃 ID
𝑘 ,𝐸ID

𝑘

∑

𝑘=𝑡,𝑡+1ℎ,𝑡+2ℎ
|𝑃DA

𝑘 − 𝑃 ID
𝑘 |. (12)

We apply the ID constraints given by the Eqs. (9), (10), and (11).
The optimization aims to minimize the gap between the DA and ID
EV power schedules, since any deviation requires market settlement.
Although the formulation of the objective function (Eq. (12)) is non-
linear, the objective function can be rendered linear (see Appendix A).
Note that the optimization takes account of three products simultane-
ously. Also note that a single optimization iteration only fixes 𝑃 ID

𝑘 and
𝐸ID
𝑘 for 𝑘 = 𝑡, as the decision variables for products with a later delivery

start (i.e., with larger 𝑘), might still undergo changes in subsequent
rounds of optimization.

After calculating the new schedules, we contemplate two options
for balancing the discrepancy between the DA power schedule 𝑃DA

𝑡
and the ID power schedule 𝑃 ID

𝑡 . The first option involves settling
open volumes as imbalances, effectively bypassing the CID market to
settle the difference and invoice the imbalance price (reBAP). The
corresponding formula for the ex-post evaluation of this approach is
Eq. (13):
∑

𝑡
𝐶reBAP
𝑡 × (𝑃DA

𝑡 − 𝑃 ID
𝑡 ) × 𝛥𝑡. (13)

Settling for the imbalance price eliminates the need to trade in the CID
market. This market can be complex due to its continuous nature.

3.3.2. Static CID strategy
Our second strategy reschedules power volumes in the same manner

as the baseline strategy (see Section 3.3.1). However the strategy settles
the power volumes financially in the CID market. According to the base-
line optimization schedule, the final schedule for any product becomes
known one hour before delivery, providing a half-hour trading window
before the decoupling of the German control areas [25]. The ID1 price
index, a volume-weighted average published by the EPEX, reflects
all transaction prices during this specific half-hour interval [18]. We
employ the ID1 price for settlement as it encompasses the relevant
trading period. Moreover, the ID1 serves as an indicator of the expected
transaction price within the given interval — a price that can be
expected in the long term. The corresponding formula for the ex-post
evaluation is Eq. (14):

∑

𝑡
𝐶𝑡 × (𝑃DA

𝑡 − 𝑃 ID
𝑡 ) × 𝛥𝑡

−𝐶CID,fee × |𝑃DA
𝑡 − 𝑃 ID

𝑡 | × 𝛥𝑡, (14)

where 𝐶CID,fee is a CID trading fee in e/MWh.
A limitation of this optimization strategy is that rescheduling is

price agnostic, penalizing any deviation from the DA power schedule
uniformly, regardless of variations in price signals. The subsequent
section will present an approach that incorporates CID price dynamics
and forecasts.

3.3.3. Dynamic CID strategy
This section explains our CID trading strategy, tailored to adapt

to CID market trends. The foundation of our trading strategy lies
in the DA schedule, available for all considered products during ID
reoptimization. As Fig. 4 illustrates (see Section 3.3), at any time the
CID strategy focuses on three hourly products at once in a RW fashion.
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Limiting the optimization interval to a three-hour window, starting
our hours before delivery, neglects charging needs beyond the three

products considered in parallel at any time. In practice, this means that
when prices are positive, the optimization may sell off any excess power
not required within that window, neglecting future charging needs.

To address this issue, our CID optimization consists of two stages.
he first stage identifies a ‘‘feasible energy target’’ based on the DA
nergy schedule. We use the DA schedule as a reference since it reflects

power needs beyond the immediate CID optimization window, while
till maintaining flexibility for trading within the current window. A
‘feasible energy target’’ is the minimum amount of energy that must
e stored in the virtual battery at the defined product delivery time.
ollowing this, the second stage trades in the CID market. The ‘‘feasible
nergy target’’ is the result of the first stage of our CID optimization.

The first stage runs two hours before the delivery start 𝑡 of every
roduct, i.e., at 𝑡 − 2ℎ. Eq. (15) depicts the objective function used to
ind a viable energy target for the product scheduled for delivery at
+ 2ℎ:

min
𝑃 ID,target
𝑘 ,𝐸ID,target

𝑘

|𝐸DA
𝑡+2ℎ − 𝐸ID,target

𝑡+2ℎ |, (15)

where 𝑘 represents the set of times {𝑡, 𝑡 + 1ℎ, 𝑡 + 2ℎ}, covering the
three hourly products that are traded simultaneously in the subsequent
hour. Note, that the optimization adheres to the ID constraints (see
Eqs. (9), (10), and (11)). The objective function (Eq. (15)) minimizes
the difference between the scheduled DA and a feasible ID energy target
(𝐸ID,target

𝑡+2ℎ ). When the DA schedule is feasible under the ID constraints,
the energy target defaults to the DA schedule. The objective function
(Eq. (15)) only considers the product with the latest delivery start
(𝑡+ 2ℎ), as the goal is to align with the DA energy forecast in a longer-
term perspective, thus providing flexibility in the preceding hours. The
remaining flexibility can then be leveraged to trade in the CID market.

The second stage covers the CID trading approach. To model con-
tinuous trading, we introduce the additional index 𝓁, representing
continuous decision making during a specific hour. For every product
with delivery start 𝑡, the optimization runs at 𝑡 − 2ℎ + 1ℎ

|𝐿| × 𝓁 for
∈ 𝐿. For instance, when trading at quarter-hourly frequency, we

obtain 𝐿 = {0, 1, 2, 3}, given that 1ℎ
|𝐿| = 15𝑚𝑖𝑛. For every delivery start

and every index 𝓁, we repeat the profit maximization optimization
rocess with the objective function given by Eq. (16) to obtain the ID
chedules for EV charging, which is composed of the power and energy
chedules (𝑃 ID

𝑘,𝓁 and 𝐸ID
𝑘,𝓁 respectively):

max
𝑃 ID
𝑘,𝓁 ,𝐸

ID
𝑘,𝓁

∑

𝑘=𝑡,𝑡+1ℎ,𝑡+2ℎ
𝐶CID,fcst
𝑘,𝓁 × (𝑃 ID

𝑘,𝓁−1 − 𝑃 ID
𝑘,𝓁) × 𝛥𝑡

−𝐶CID,fee × |𝑃 ID
𝑘,𝓁−1 − 𝑃 ID

𝑘,𝓁| × 𝛥𝑡. (16)

This operates under the ID constraints (see Eqs. (9), (10), and (11)) and
nder the additional energy level constraint (Eq. (17)):

𝐸ID
𝑡+2,𝓁 ≥ 𝐸ID,target

𝑡+2 . (17)

This forces the energy schedule to meet or exceed the energy target
ID,target
𝑡+2 . The first term in the objective function estimates the value
f trades which consider price forecasts 𝐶CID,fcst

𝑘,𝓁 . Here, 𝑃 ID
𝑘,𝓁−1 = 𝑃DA

𝑡 in
he first iteration of 𝓁. The second term considers volume-dependent
rading fees 𝐶CID,fee.

From this optimization, we obtain 𝑃 ID
𝑘,𝓁 and 𝐸ID

𝑘,𝓁 as the results, which
nable the calculation of the trading profit for the current 𝓁 with the

true future market prices 𝐶CID,true
𝑘,𝓁 using Eq. (18):

∑

𝑘=𝑡,𝑡+1ℎ,𝑡+2ℎ
𝐶CID,true
𝑘,𝓁 × (𝑃 ID

𝑘,𝓁−1 − 𝑃 ID
𝑘,𝓁) × 𝛥𝑡

−𝐶CID,fee × |𝑃 ID
𝑘,𝓁−1 − 𝑃 ID

𝑘,𝓁| × 𝛥𝑡, (18)

We repeat this procedure for all iterations of 𝓁 within a specific
trading hour. Thus, the presented method aims to follow the DA energy
schedule closely while executing a continuous optimization strategy in
he CID market. This allows adaptation to ID constraints and offers
 degree of freedom to facilitate a shift of power volumes between
roducts.
8 
Table 3
Overview of optimization processes.

DA Stage 1
Objective (5)

Constraints (6), (7), (8)

Result DA Schedule

Approach 1 Approach 2

ID

Stage 2
Objective (12) (15)

Constraints (9), (10), (11) (9), (10), (11)

Result ID Schedule Energy target

Stage 3
Objective N/A (16)

Constraints N/A (9), (10), (11), (17)

Result N/A ID Schedule

3.4. Optimization process summary

To summarize the optimization processes discussed in this paper,
Table 3 presents an overview. It lists the optimization stages along with
eferences to the objective and constraints of the respective optimiza-
ion problems. The first stage (Stage 1) contains the DA optimization
rocedure and yields a DA charging schedule. During the ID period,
e propose two possible optimization approaches. First, the baseline

trategy and the static CID strategy requires only one additional stage
Stage 2) to compute an ID charging schedule. Second, the dynamic
ID strategy requires two additional optimization stages (Stage 2 and

Stage 3). Stage 2 yields an energy target, i.e., a lower bound for the
battery energy level. Afterwards, Stage 3 optimizes the CID schedule,
taking into account the energy level bound from the previous stage.
Regardless of the approach chosen, both approaches result in a final ID
schedule for EV charging.

4. Data

The following section introduces the data we use in this paper.
Section 4.1 outlines the mobility data. Section 4.2 describes the com-
utation of flexibilities for both the DA and ID periods, based on the
obility data. Finally, Section 4.3 details the price data used in our

study.

4.1. Mobility data

We use existing synthetic mobility data to derive the inputs required
to calculate the flexibility metrics for each EV [15]. The synthetic
mobility data stems from a German mobility survey [57]. The mobility
ata consists of 200 unique mobility profiles of residential EVs. The
obility profile is time series data that gives the location of the vehicle,

he distance traveled, and the energy consumed every 15 min over a
one year period. We analyze only the home charging case since major-
ity of the vehicles currently charge at home [58], with the following
ssumptions:

• All vehicles charge at home as our focus is on home charging.
• To simplify our model, we assume that all vehicles are plugged in

whenever parked at home. We consider that plugging in the ve-
hicle daily might not be a significant burden for users, especially
if they could derive tangible benefits from participating in smart
charging programs.

• All vehicles are charged until maximum state of energy (SOE) is
reached, or the highest possible SOE that can be reached during
the time the vehicle is plugged in.

• The battery capacity of all vehicles is 75 kWh, which is similar to
that of the Tesla Model S [59].

• As per IEC 61851-1:2017 standard, we consider a Level 2 charger
with a mean power rating of 7.4 kW, typically used for home
charging [60].

• The charging efficiency 𝜂 is 95% which is within the efficiency
range of a Level 2 charger [61].
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4.2. EV flexibility data

As input for the optimization process, we generate multiple flex-
ibility forecasts for the EV fleet, distinguishing between forecasts for
the DA period and the ID period. These forecasts depend on individ-
ual EV flexibility metrics (see Section 4.1). Specifically, we construct
linear combinations of the 200 individual EV flexibility metrics (see
Section 4.1). Each aggregated flexibility metric incorporates variables

min
𝑡 , 𝐸max

𝑡 , 𝑃min
𝑡 , 𝑃max

𝑡 , and 𝐸left
𝑡 . The computational approach remains

consistent across all variables, thus we present equations only for
𝐸min
𝑡 . For the DA period, we use a single aggregated flexibility metric

computed using Eq. (19):

𝐸min,DA
𝑡 =

200
∑

𝑣=1
𝑤𝑣 × 𝐸min

𝑡,𝑣 ∀𝑡 ∈ 𝑇 , (19)

Here, the individual vehicle weight 𝑤𝑣 = 5 holds for all vehicles (𝑣),
leading to an aggregated flexibility metric for 1000 EVs (200 × 5). In
other words, we assume that the fleet of 1000 EVs has five types of EV,
of which there are 200 each. For the ID period, we introduce variations
by altering the weights associated with individual EV flexibility metrics,
following Eq. (20):

𝐸min,ID
𝑡 =

200
∑

𝑣=1
round(𝑤̃𝑣) × 𝐸min

𝑡,𝑣 ∀𝑡 ∈ 𝑇 , (20)

with 𝑤̃𝑣 ∼  (𝜇 = 5, 𝜎2) truncated to [−0.49̄, 10.49̄] for ∀𝑣. Since
individual EV metrics represent discrete users, we round the weights
to integers. Truncation guarantees that the values of the final weights
(𝑤̃) are non-negative and less than or equal to ten, thus obtaining a
ymmetrical distribution of weights. The degree of divergence from the

DA schedule increases with higher variance 𝜎2 in the truncated normal
istribution.

After drawing weights from the distribution, we correct them to
chieve unbiased power consumption estimates in the specific ID and
A schedules. Mathematically, we minimize the difference between the
nergy consumption in the DA and ID periods (see Eq. (21)):

min
𝑤̃𝑣

|

|

|

|

|

∑

𝑡
𝐸left,ID
𝑡 −

∑

𝑡
𝐸left,DA
𝑡

|

|

|

|

|

, (21)

where, ∑𝑡 𝐸
left,ID
𝑡 and ∑

𝑡 𝐸
left,DA
𝑡 represent the total energy consump-

tion in the ID and DA schedules, respectively. Long-term lack of bias
requires there to be no overestimation nor underestimation of power
consumption occurring throughout the simulation. This is an important
factor for schedules which are used as forecasts for power procurement.

4.3. Price data

Our study uses various historical price datasets, using the German
market as a reference: DA auction prices, CID market transactions,
and reBAPs. We obtain all DA and CID market data from EPEX [24]
nd focus solely on hourly product price data. For the DA market, we
irectly use auction clearing prices. However, handling CID market
ata is more complex due to the large number and random timing
f trades. As a solution, we calculate volume-weighted average prices
VWAPs) at different intervals.

We generate two types of VWAPs for calculating the price forecasts
and transaction prices during CID optimization. For forecasting, we
calculate backward-looking price averages aligning with the efficient
market hypothesis, which states that current asset prices reflect avail-
able information at any given time [62]. More specifically, we use
the average price of the four most recent completed trades, as this
method has demonstrated strong forecasting accuracy across various
forecasting horizons [16]. Within the CID market context, this implies
hat the latest transaction prices are indicative of the most up-to-
ate information available. For ex-post price calculation, we employ
orward-looking quarter-hourly VWAPs. Although market liquidity is
 e

9 
generally high, there is no guarantee that trades occur for a prod-
uct during every considered interval, potentially leading to situations
where orders remain uncleared. To address this, we use a backfilling
approach, relying on future prices to fill these gaps. While this method
introduces a delay in the timing of specific transactions, the trades
are still executed, ensuring that the simulation results remain valid.
Meanwhile, for CID prices, we also use a VWAP, considering trades
between one hour and half an hour before delivery, known as ID1 and
available from EPEX since 2021 [18]. For periods predating 2021, we
compute our own ID1 index. For trades in the CID market, we assume
a volume trading fee of 0.1e∕MWh [63].

Lastly, we obtain reBAP prices from TransnetBW [64] up to 2022
and Netztransparentz.de [65] starting from 2023. Since reBAP prices
are quarter-hourly [17] and our study focuses on hourly products, we
average the quarter-hourly prices to derive hourly prices.

5. Scenarios

We run our optimization across different scenarios defined by sev-
ral dimensions. Section 5.1 presents the time frames, specifically the
ime period used for testing. Section 5.2 contains the parameterizations

for the uncertainty modeling of EV flexibility. Section 5.3 covers the
arameterization of the different trading strategies.

5.1. Timeframe

The study focuses on two specific time frames: the years 2019
and 2022. The year 2019 is chosen as it precedes both the Covid-
9 pandemic and the Ukraine war, events that significantly impacted

electricity markets [66]. In contrast, we include 2022 due to the
heightened market price volatility in this year [66]. Examining periods
of high price volatility contributes to the evaluation of the resilience of
trading strategies under atypical market conditions. In our study, the
EV schedules follow weekly patterns, requiring us to adjust the time
intervals to start on the first Monday of the relevant year. For scenarios
set in 2019, the specific dates range from January 2, 2019, to January
1, 2020. Similarly, for the 2022 scenarios, the time frame extends from
January 5, 2022, to January 4, 2023.

5.2. EV uncertainty parameterization

We examine multiple forecasting scenarios for EVs. We employ
he same DA flexibility metrics across all scenarios and generate a

collection of ID flexibility metrics, each varying to a certain degree from
the DA schedule. Section 4.2 elaborates on the method we use to create
hese flexibility metrics, based on individual EV profiles. We consider
our different scenarios with increasing deviation between the DA and

ID metrics, each characterized by a distinct standard deviation 𝜎 used
for the distribution of the weights of individual EV metrics 𝑤̃𝑣:

1. Perfect forecast: 𝜎 = 0
2. Low deviation: 𝜎 = 1
3. Medium deviation: 𝜎 = 2
4. High deviation: 𝜎 = 3

Appendix B contains a more detailed evaluation of EV flexibility met-
rics. To obtain robust results, we repeat the calculations 128 times.

he reason to do this is that we generate the aggregated ID flexibility
etrics randomly. We selected 128 repetitions to match the hardware

n which we carry out the computations: a high performance comput-
ng (HPC) node with two physical sockets, each containing an AMD
pyc ROME 7H12 processor with 64 cores, resulting in a total of 128

cores per node [67]. This hardware configuration enables the parallel
xecution of all scenarios.
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Table 4
Trading strategies.

Strategy Description Section Parameters

𝐵 𝐿reBAP
𝑃 Baseline strategy

with settlement of
volumes for reBAP

3.3.1 N/A

𝐵 𝐿ID1
𝑃 Static CID strategy

with settlement of
volumes for ID1

3.3.2 N/A

𝐶 𝐼 𝐷𝑥
𝐸 Dynamic CID strategy

with continuous
settlement of volumes
in CID market

3.3.3 x∈{2 min, 5 min,
10 min, 15 min,
20 min, 30 min,

60 min}

5.3. Trading strategies

We investigate various trading strategies for power settlement in
the ID period. While the volumes acquired in the DA market stay
constant across all trading strategies, we assess three unique trading
strategies for rescheduling in response to the ID updates to EV sched-
ules. Table 4 contains an overview of these strategies. The first two
strategies (𝐵 𝐿reBAP

𝑃 and 𝐵 𝐿ID1
𝑃 ) aim to closely align the ID schedule

(𝑃 ID
𝑡 ) with the DA power schedule (𝑃DA

𝑡 )(see Sections 3.3.1 and 3.3.2).
However, these two strategies settle the discrepancies in the power
schedules differently. The first strategy (𝐵 𝐿reBAP

𝑃 ) settles power volumes
as imbalances for the reBAP and the second strategy (𝐵 𝐿ID1

𝑃 ) settles
power volumes in the CID market for the ID1 price, which is a VWAP
covering the period from one hour to half an hour before the start of
delivery. Our third trading strategy (𝐶 𝐼 𝐷𝑥

𝐸), operates continuously in
the CID market and has different parametrizations (see Section 3.3.3).
More specifically, these parameters define the hourly frequency at
which the strategy runs, as defined by the period length (𝑥) between
single runs. We consider seven different such period lengths (𝑥): 2 min,
5 min, 10 min, 15 min, 20 min, 30 min, and 60 min, which means that
the optimization runs between thirty times and once per hour.

Our analysis evaluates the three trading strategies across two dis-
tinct periods, specifically the years 2019 and 2022 (see Section 5.1).
Furthermore, we assess each strategy under a range of different EV
flexibility uncertainties (see Section 5.2). We structure the analysis of
our optimization strategies around the different trading strategies.

6. Results and discussion

This study introduces optimization models for EV scheduling in both
DA and ID markets. In particular, our study focuses on the rescheduling
of DA schedules during the ID period, taking account of price and
EV user uncertainties. Section 6.1 illustrates the rescheduling process
across the DA and ID time periods by discussing an exemplary period.
Section 6.2, compares the different trading strategies, calculating the
annual profit derived from trading EV flexibility in ID markets. Sec-
tion 6.3 broadens the scope of comparison by evaluating the different
trading strategies.

6.1. Rescheduling example

To illustrate the rescheduling process, we present results for an
exemplary period of three days: June 6 to June 8, 2022. Each step
contains flexibility metrics and schedules for power and energy respec-
tively. The power schedule corresponds to the power purchased from
the respective power markets. The energy schedule is the cumulative
energy of all EVs connected to the grid. At any time, the power and
energy schedules must stay between the bounds determined by the
flexibility metrics, i.e., 𝑃min

𝑡 and 𝑃max
𝑡 for the power procured from

market and 𝐸min
𝑡 and 𝐸max

𝑡 for the cumulative energy.
Fig. 5 contains the results of the DA optimization step (see Sec-

tion 3.2). The DA energy and power schedules (𝐸DA and 𝑃DA) are
𝑡 𝑡
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Fig. 5. Exemplary DA schedule for EV fleet from June 6 to June 8, 2022.

depicted as dashed lines (in gray), whereas the flexibility metrics are
in the form of lower (𝐸min,DA

𝑡 , 𝑃min,DA
𝑡 ) and upper bounds (𝐸max,DA

𝑡 ,
𝑃max,DA
𝑡 ) are shown as dashed lines with double dots (blue and orange

respectively). The DA schedule (𝑃DA
𝑡 , 𝐸DA

𝑡 ) always stays between the
limits defined by the flexibility metrics. The power schedule (𝑃DA

𝑡 )
never reaches the upper limit and often takes the value of its lower
limit (𝑃min,DA

𝑡 ) which is zero. In contrast, the energy schedule (𝐸DA
𝑡 )

reaches both the bottom and the top limit, for example on June 6
during the intervals of 8:00–13:00 and 14:00–17:00 respectively. The
DA schedule (𝐸DA

𝑡 , 𝑃DA
𝑡 ) serve as the starting points for the subsequent

ID optimizations, for which the paper covers three options: a baseline
strategy (see Section 3.3.1), a static CID strategy (see Section 3.3.2),
and a dynamic CID strategy (see Section 3.3.3). Note that both the
baseline strategy and the static CID strategy produce identical power
and energy schedules, as neither incorporates price signals during
rescheduling.

Fig. 6 illustrates the rescheduling in the ID period by the baseline
strategy (or the static CID strategy), extending Fig. 5. In addition to
the DA flexibility metrics and schedules, it additionally contains the
ID flexibility metrics and the baseline ID schedule. The lower (𝐸min,ID

𝑡 ,
𝑃min,ID
𝑡 ) and upper bounds (𝐸max,ID

𝑡 , 𝑃max,ID
𝑡 ) are dashed lines with

double dots (green and red respectively); and the ID baseline schedule
(𝑃 BL

𝑡 , 𝐸BL
𝑡 ) is the dashdot line (black). Similar to the DA case, the

baseline ID schedule remains within the boundaries defined by the ID
flexibility metrics. More specifically, the power schedule (𝑃 BL

𝑡 ) never
reaches its upper limit, while the energy schedule (𝐸BL

𝑡 ) reaches both
the upper and the lower limits.

Fig. 7 exemplifies the dynamic CID rescheduling by extending Fig. 5.
Just as for the baseline rescheduling, the figure contains the ID bounds.
In addition, it also contains the final ID schedule for a CID optimization
(𝐸CID

𝑡 , 𝑃 CID
𝑡 ) with 15 min trading frequency as dashdot line (cyan).

Similarly to the DA and baseline cases, the CID schedule (𝐸CID
𝑡 , 𝑃 CID

𝑡 )
stays within the bounds set by the ID flexibility metrics, where the
power schedule (𝑃 CID

𝑡 ) mostly follows the lower bound (𝑃min,ID
𝑡 ) and the

energy schedule reaches both the lower and the higher energy bounds
(𝐸min,ID

𝑡 and 𝐸max,ID
𝑡 ).

Taking a closer look at Fig. 6 or Fig. 7, we observe that the DA
schedule violates the ID bounds. Note that the ID flexibility metrics are
the same in both figures. For example, on June 6 at 14:00–18:00 the DA
energy schedule (𝐸DA

𝑡 ) violates the ID upper energy boundary (𝐸max,ID
𝑡 ).

This violation highlights the need for rescheduling the DA schedule to
comply with the ID boundaries.

We discuss two distinct rescheduling approaches: the baseline (or
static CID) rescheduling (see Fig. 6) and the CID trading strategy (see
Fig. 7). The core difference between these approaches lies in their
power schedules. The baseline strategy and static CID strategy (see
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Fig. 6. Exemplary baseline schedule for EV fleet from June 6 to June 8, 2022.

Fig. 7. Exemplary CID final schedule for EV fleet from June 6 to June 8, 2022.

Fig. 6) aim to minimize trading volumes. Therefore, they selects a
power schedule that tracks closely the DA schedule (𝐸DA

𝑡 ). As a result,
the resulting power schedule (𝑃 BL

𝑡 ) predominantly adjusts the power
magnitude, while maintaining the original timing of the DA power
schedule (𝑃DA

𝑡 ). An instance of such an adjustment occurs on June 7
at 3:00. In contrast, the power schedule of the dynamic CID strategy
(𝑃 CID

𝑡 ) deviates significantly from the DA power schedule (𝑃DA
𝑡 ) in both

timing and magnitude (see Fig. 7). For example, this deviation can be
seen on June 7 where the optimization shifts power from 3:00 in DA
to 1:00 in CID. The different rescheduling results are a consequence
of the strategy’s dual objectives: to adhere to ID constraints and to
capitalize on price arbitrage opportunities. Consequently, the times
when charging power is scheduled differ between the DA and ID
schedules. This leads to situations where EVs end up being charged at
different times under the ID schedule compared to what was originally
planned in the DA period.

To sum up, all strategies successfully adjust their schedules to stay
within the ID energy and power constraints. However, the differences
in their power schedules highlight their different optimization targets.

6.2. Trading profit

The financial evaluation of the rescheduling strategies involves
calculating the expected yearly profits for 1000 EVs under each strat-
egy. For each strategy, we compute the annual profits during the ID
period by aggregating the value of all transactions occurring within
11 
Fig. 8. Comparison of yearly profits for different trading strategies in 2019 and 2022.

this period. This includes all trades in the CID including CID fees and
imbalance settlement costs. More precisely, under the assumption of
positive prices, profit rises when selling power volumes and declines
when acquiring power volumes. Conversely, when prices are negative,
the profit directions invert. The optimization algorithms behind the
strategies operate without knowledge of future prices. They rely on
price forecasts. However, the computation of profit uses actual prices
for both the CID and imbalances, namely the reBAP. We analyze the
two years 2019 and 2022 separately due to different market conditions,
yielding two sets of profits.

The bar charts in Fig. 8 illustrates the mean annual profits generated
by the various trading strategies. The chart contains four bars for each
strategy, with each bar representing a different level of discrepancy
between the DA and ID EV flexibility forecasts. From left to right the
bars represent a perfect forecast (in blue), low deviation (in orange),
a medium deviation (in green), and high deviation (in red) (see Sec-
tions 4.2 and 5.2 for more details on EV flexibility forecasts). To provide
information on the variability of profit, each bar includes whiskers that
extend to show a range of two standard deviations above and below
the average profit. The strategies 𝐵 𝐿reBAP

𝑃 and 𝐵 𝐿ID1
𝑃 only vary in their

power volume clearing approach. The strategy 𝐵 𝐿reBAP
𝑃 takes power

volumes to the imbalance market, clearing for the reBAP, and 𝐵 𝐿ID1
𝑃

trades in the CID market clearing for the ID1 price. The range of strate-
gies from 𝐶 𝐼 𝐷2𝑚𝑖𝑛

𝐸 to 𝐶 𝐼 𝐷60𝑚𝑖𝑛
𝐸 represent different parametrizations of

the dynamic CID strategy, distinguished by their decision frequency
intervals, specifically 2 min and 60 min in the mentioned strategies,
as described in Sections 3.3.3 and 5.3.

Analyzing the strategies employed during these two years, we ob-
serve a consistent trend across all strategies. Profit declines noticeably
as the deviation between the DA and ID EV flexibility forecasts in-
creases. Further, the decline of profit correlates with an increase in
profit variability, as indicated by the expanding whisker intervals. This
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trend occurs since larger deviations between the DA and ID EV flex-
ibility forecasts necessitate more involuntary rescheduling. The term
‘involuntary rescheduling’’ refers to rescheduling due to violations of
D flexibility metrics, in contrast to ‘‘voluntary rescheduling’’, which
ccurs exclusively to enhance profit through arbitrage. The occurrence
f involuntary rescheduling reduces the flexibility available for volun-
ary rescheduling, thereby reducing the potential and increasing the
olatility of profits.

Focusing on the baseline strategy and the static CID strategy, namely
 𝐿ID1
𝑃 and 𝐵 𝐿reBAP

𝑃 , the strategies yield zero profit in the perfect
forecast scenario. This outcome is a consequence of their design, which
minimizes traded volumes. In other words, when forecasts are perfect,
these strategies do not engage in trading, leading to the generation
of neutral profits. However, the profits from these strategies become
increasingly negative in the scenarios with higher deviation between
the DA and ID EV flexibility forecasts. These negative profits are a
onsequence of involuntary rescheduling and limited exploitation of EV
lexibility inherent to these strategies, as they only adapt schedules to
D flexibility metrics.

In contrast, the outcomes for the dynamic CID strategies are more
avorable. These strategies (ranging from 𝐶 𝐼 𝐷2𝑚𝑖𝑛

𝐸 to 𝐶 𝐼 𝐷60𝑚𝑖𝑛
𝐸 ), do not

nly adjust positions to comply with the ID flexibility constraints, but
hey also exploit arbitrage opportunities when trading across different
roducts. In the year 2019, only the 𝐶 𝐼 𝐷20𝑚𝑖𝑛

𝐸 strategy yields positive
rofits across all levels of deviation, reaching up to e1,067.98. The
ear 2022 has different characteristics, with all CID strategies except
 𝐼 𝐷60𝑚𝑖𝑛

𝐸 generating positive profits at all deviation levels. Notably,
he overall profit in 2022 is significantly higher. The top-performing
trategy 𝐶 𝐼 𝐷5𝑚𝑖𝑛

𝐸 reaches profit of up to e10,670.59.
The comparison of the results from 2019 and 2022 reveals two dif-

erences. First, profit margins vary significantly between the two years,
eing significantly higher in 2022. This rise reflects the differing market
onditions, particularly the higher prices in 2022 and the ensuing rise
n volatility. Secondly, the optimal dynamic CID strategy differed be-
ween the years. In 2019, the 𝐶 𝐼 𝐷20𝑚𝑖𝑛

𝐸 strategy performs best, whereas
n 2022, the 𝐶 𝐼 𝐷5𝑚𝑖𝑛

𝐸 strategy performs best. The strategies differ in
heir trading frequency (every 5 min as opposed to every 20 min).
his difference indicates that a higher trading frequency was beneficial

n 2022, contrary to 2019. This finding contradicts the expectation
hat higher frequency trading should yield more profit by revealing
 greater arbitrage opportunities. However, market liquidity is limited
nd changes over time. Markets in 2019 were less liquid than those in
022. The increase in CID market liquidity from 2019 to 2022 provides
 plausible explanation for the shift towards a higher optimal trading
requency.

In summary, the analysis over two years reveals that trading profit
ecreases with downgrades of EV flexibility forecasts. The baseline
trategy and the static CID strategy minimize traded volumes, and
herefore yield no profits under perfect forecasts, and lead to losses

with greater forecast deviations. In contrast, dynamic CID strategies
an incur profits, with higher frequency CID trading strategies being

more profitable in 2022 than in 2019. Overall margins are significantly
higher in 2022 than in 2019. Additionally, the results underscore the
importance of accurate EV flexibility forecasts, and the need for trading
to adapt to market conditions.

6.3. Trading profits over imbalance baseline

Expanding our analysis, we evaluate the relative profitability of
strategies trading in the CID market against the baseline strategy
(𝐵 𝐿reBAP

𝑃 ) that takes volumes to the imbalance market and incurs the
reBAP. Consideration of relative profits enables us to illustrate the
financial implications of participating in the CID market, as opposed
to settling volumes as imbalances which incur the reBAP price.

Fig. 9 displays differences in profits of the 1000 EVs for all strategies
trading in the CID (𝐵 𝐿ID1 , and 𝐶 𝐼 𝐷2𝑚𝑖𝑛 to 𝐶 𝐼 𝐷60𝑚𝑖𝑛) over the baseline
𝑃 𝐸 𝐸

12 
Fig. 9. Comparison of yearly improvement over 𝐵 𝐿reBAP
𝑃 as a share of DA costs in 2019

and 2022.

strategy 𝐵 𝐿reBAP
𝑃 . To represent uncertainty, each bar has whiskers that

extend two standard deviations above and below the mean profit dif-
ferences. Echoing the approach in Fig. 8, Fig. 9 also displays results for
different levels of deviation between the DA and ID flexibility forecasts.
It also features two plots, one for each of the years 2019 and 2022.

Comparing the various strategies, the static CID strategy 𝐵 𝐿ID1
𝑃 ,

which settles volumes at the ID1 price, performs similarly to the base-
line strategy (𝐵 𝐿reBAP

𝑃 ), as indicated by the approximate zero values
in the figure. Within the dynamic CID strategies, the most yield an
improvement over the static CID strategy 𝐵 𝐿ID1

𝑃 in both 2019 and
2022. A singular exception is the 𝐶 𝐼 𝐷2𝑚𝑖𝑛

𝐸 strategy under the perfect
forecast scenario in 2019, which under-performs relative to the baseline
strategy, a fact underscored by the negative values on the graph. Con-
versely, all other dynamic CID strategies show gains over the baseline
strategy, suggesting that energy suppliers would benefit from adopting
these strategies rather than depending on the baseline strategy and
settling additional power needs in imbalance markets. The extent of
these improvements increases with the level of deviation between the
DA and ID schedules.

The increased benefit of participating in the CID market under
conditions of higher uncertainty in EV schedules arises from the dy-
namic CID strategy being able to facilitate the exploitation of EV
charging flexibility for arbitrage across products with different delivery
intervals. Our dynamic CID trading strategy capitalizes efficiently on
these arbitrage opportunities. EV charging is particularly suitable for
such optimization. Given the constraints set by user requirements, the
charging intervals can be optimized not only to reduce imbalances, but
also to generate profit.
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6.4. Limitations and outlook

We acknowledge limitations in our study that open avenues for
uture research. Although we focused on the German market, our
ethodology could be adapted to other European markets due to the

harmonization of power market designs [68]. Incorporating additional
arket segments like the IDA could provide more trading opportunities.
pplying cross-market optimization instead of sequential optimization
ight increase profits and allow for the selection of the most favorable
rices. Future research could explore the optimal distribution of pur-
hase volumes across various markets in a multi-market optimization
ramework, though this requires advanced price forecasts beyond our
urrent scope.

Enhancing CID price forecasting models and increasing the temporal
esolution of products to 15-minute intervals could improve profitabil-
ty and provide more granular insights. Our assumption that ID EV
lexibility forecasts equal realized flexibility stems from the fact that the
D forecasting time is very close to the actual realization and that we are
onsidering a fleet of EVs. However, this assumption requires further
nvestigation, as there may still be discrepancies between forecasts and
ctual flexibility.

To quantify EV flexibility in our paper, we use synthetic data
generated from the German mobility patterns. While this approach is
effective, it may overlook certain uncertainties in driving and charg-
ng behaviors. For instance, mobility patterns in Germany could shift

during the holiday season—a detail that synthetic data may not fully
capture. Future research could use real-world data to quantify EV flexi-
ility, allowing for a more precise modeling of such seasonal variations
nd behavioral uncertainties. Additionally, we assume linear charging
or simplicity. In reality, charging power decreases when the state of

charge (SOC) of the battery is getting closer to full battery capacity,
hich can extend charging times and might reduce flexibility. Despite

this, aggregating multiple EVs helps minimize the individual discrepan-
cies, so the impact on overall profits from trading EV flexibility in the
CID market remains relatively small. Finally, while our current model
assumes full flexibility provision by EV users, exploring scenarios with
partial flexibility provision is essential for understanding the strategies’
applicability.

7. Conclusion

In this paper we explored the potential of EV charging flexibility
rading in the CID market. Our focus was twofold: examining market
rice dynamics in the CID market, and the uncertainties caused by
npredictable EV user behavior. To address CID price uncertainties, we
sed a forecasting model to inform trading decisions. When considering
he uncertainties of EV charging requirements, we took account of a DA

forecast, which later underwent an update with a new forecast made
during the ID period.

Our method involved a two-step optimization process. First, we
optimized power acquisition in the DA market according to the DA EV
charging flexibility forecast. Second, based on an updated ID EV flexi-
ility forecast, we reoptimized the charging schedules. We introduced
everal trading strategies for this readjustment. The baseline strategy
voids completely any trading in the CID market, opting instead to
lways settle imbalances through the reBAP. In contrast, our alternative
trategies settle power volumes directly in the CID market. We paid
pecial attention to strategies that exploit EV charging flexibility, as

these feature arbitrage opportunities within the CID market. We also
explored rolling windows with their different trading frequencies.

The empirical results suggest that higher differences in EV charging
lexibility metrics between the DA and ID coincide with decreased

profits across all examined strategies. Nonetheless, the advantage of
trading in the CID market increases with greater EV charging schedule
uncertainty. Active trading in CID markets improves profit margins, as

this creates market arbitrage opportunities by exploiting EVs’ charging r
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flexibility. Adhering to a baseline strategy and clearing the remaining
power differences through imbalance markets incurs considerable costs.
Our optimization method can facilitate more successful trading in
the CID market, thus helping to manage forecast discrepancies in EV
schedules and potentially generating profits. In our scenario with the
highest deviation between the DA and ID flexibility metrics, applying
the best CID strategies yielded an average yearly profit of e37.52 and
e4,840.63 for 1000 EVs in 2019 and 2022 respectively. In comparison
to the baseline strategy, which clears volumes as imbalances, the cor-
responding financial savings amounted to e1,978.52 and e16,632.25
respectively.

Our findings suggest that with an appropriate trading strategy, en-
ergy suppliers serving EV users can mitigate financial risks arising from
naccuracies in the forecasts of EV power requirements. The efficacy
f such a strategy relies on two key components: First, it requires
V users to facilitate flexibility, specifically through the adoption of
mart charging practices. Second, it requires strategic trading in the CID
arket. A profitable trading strategy should not only take account of

he flexibility offered by EVs, but should also feature arbitrage between
roducts that are traded in parallel.
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Appendix A. Absolute values in LP objective functions

Objective functions containing absolute values are not inherently
solvable by a linear programming (LP) solvers. However, in specific
scenarios, these objective functions can be linearized. Consider the
objective function expressed in Eq. (A.1):

min
∑

𝑖
|𝑎𝑖 − 𝑏𝑖|, (A.1)

where 𝑎𝑖 and 𝑏𝑖 represent variables, potentially subject to linear con-
straints. Linearizing this objective function involves introducing auxil-
iary variables (𝑧𝑖∀𝑖) alongside additional constraints (see Eqs. (A.3) and
(A.4)). The modified optimization problem is defined by the objective
function in Eq. (A.2):

min
∑

𝑖
𝑧𝑖, (A.2)

subject to the new constraints:

𝑧𝑖 ≥ 𝑎𝑖 − 𝑏𝑖 ∀𝑖, (A.3)

𝑧𝑖 ≥ 𝑏𝑖 − 𝑎𝑖 ∀𝑖, (A.4)

in addition to the original problem’s constraints. This reformulation
aligns with an LP formulation. Note that this transformation is applica-
ble exclusively to minimization problems.

Appendix B. Aggregated EV flexibility evaluation

To validate the parameterization of the resulting schedules, we
quantify the deviation between the DA and ID schedules using two
established error metrics: the root mean squared error (RMSE) and
the mean absolute error (MAE). For instance, the respective metric
definitions for 𝐸min

𝑡 are given by:

𝑀 𝐴𝐸(𝐸min
𝑡 ) = 1

|𝑇 |
∑

𝑡∈𝑇

|

|

|

𝐸min,ID
𝑡 − 𝐸min,DA

𝑡
|

|

|

(B.1)

𝑅𝑀 𝑆 𝐸(𝐸min
𝑡 ) =

√

1
|𝑇 |

∑

𝑡∈𝑇

(

𝐸min,ID
𝑡 − 𝐸min,DA

𝑡

)2
, (B.2)

where 𝐸min,ID
𝑡 denotes the ID bound for 𝐸min

𝑡 , while 𝐸min,DA
𝑡 denotes the

DA bound for 𝐸min
𝑡 . The same definition applies to: 𝐸min

𝑡 , 𝐸max
𝑡 , 𝑃max

𝑡 ,
and 𝐸left

𝑡 . We omit 𝑃min
𝑡 from further consideration as we assume that

𝑃min,DA
𝑡 = 𝑃min,ID

𝑡 = 0, implying that both RMSE and MAE yield errors
of zero.

Fig. B.10 depicts the resulting error metric values for the low,
medium, and high deviations between the DA and ID flexibility metrics
(see Section 3.1.3). Table B.5 contains the exact values depicted in
Fig. B.10. We omit the results for the perfect forecast scenario in the
figure, since all errors are zero. In the figure, the whiskers span two
standard deviations both above and below the mean, meaning that, if
we assume normality of the errors, the whiskers cover over 95% of the
target population.

Comparing the different variables, both the RMSE and MAE errors
for the maximum energy level 𝐸max

𝑡 exceed the errors of the other
variables. This implies, that the maximum energy level 𝐸max

𝑡 is most
sensitive to forecast errors in EV user behavior. Comparing the different
scenarios yields a consistent pattern across variables. The errors for
the variables increase in line with the deviation level between the DA
and ID schedules, validating our generation approach for the schedule
bounds.

Data availability

The authors do not have permission to share data.
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Fig. B.10. Mean absolute percentage error (MAPE) and root mean squared percentage
error (RMSPE) for the different flexibility metrics.

Table B.5
Means and standard deviations of relative errors of EV schedule variables for different
levels of deviations EV flexibility forecast deviations in %.

(a) 2019

Strategy Mean Std.

Low Medium High Low Medium High

MAE(𝑃max
𝑡 ) 3.23 5.94 7.54 0.71 1.16 1.45

MAE(𝐸min
𝑡 ) 4.0 7.54 9.73 0.23 0.41 0.48

MAE(𝐸max
𝑡 ) 11.67 21.8 27.91 0.8 1.37 1.68

MAE(𝐸 lef t
𝑡 ) 2.08 3.95 5.12 0.12 0.22 0.25

RMSE(𝑃max
𝑡 ) 4.22 7.78 9.9 0.64 1.03 1.29

RMSE(𝐸min
𝑡 ) 6.47 12.11 15.46 0.38 0.66 0.76

RMSE(𝐸max
𝑡 ) 14.98 27.99 35.73 1.04 1.76 2.17

RMSE(𝐸 lef t
𝑡 ) 3.96 7.41 9.45 0.22 0.38 0.43

(b) 2022

Strategy Mean Std.

Low Medium High Low Medium High

MAE(𝑃max
𝑡 ) 3.22 5.92 7.57 0.67 1.18 1.48

MAE(𝐸min
𝑡 ) 4.01 7.52 9.71 0.22 0.41 0.45

MAE(𝐸max
𝑡 ) 11.66 21.77 27.89 0.74 1.4 1.58

MAE(𝐸 lef t
𝑡 ) 2.08 3.94 5.11 0.12 0.22 0.25

RMSE(𝑃max
𝑡 ) 4.2 7.76 9.92 0.6 1.05 1.3

RMSE(𝐸min
𝑡 ) 6.48 12.08 15.43 0.36 0.68 0.73

RMSE(𝐸max
𝑡 ) 14.98 27.95 35.7 0.98 1.81 2.06

RMSE(𝐸 lef t
𝑡 ) 3.96 7.39 9.44 0.21 0.39 0.42
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