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Abstract

Electric vehicle (EV) users who aim to become flexibility providers face a tradeoff between staying in control of charging and
minimizing their electricity costs. The common practice is to charge immediately after plugging in and use more electricity
than necessary. Changing this can increase the EV’s flexibility potential and reduce electricity costs. Our extended electricity
cost optimization model systematically examines how different changes to this practice influence electricity costs. Based
on the Prospect Theory and substantiated by empirical data, it captures EV users’ tradeoff between relinquishing control
and reducing charging costs. Lowering the need to control charging results in disproportionally large savings in electricity
costs. This finding incentivizes EV-users to relinquish even more control of charging. We analyzed changes to two charging
settings that express the need for control. We found that changing only one setting offsets the other and reduces its positive
effect on cost savings. Behavioral aspects, such as rebound effects and inertia that are widely documented in the literature,
support this finding and underline the fit of our model extension to capture different charging behaviors. Our findings suggest
that service providers should convince EV-users to relinquish control of both settings.

Keywords Smart charging - Electric vehicle - Prospect Theory - Discomfort cost - Direct load control - Prosumer

Introduction

Electric vehicle (EV) users can become flexibility provid-
ers if they adapt their charging behavior to electricity mar-
ket price signals. Charging can be shifted across the time
parked, providing the vehicle is charged sufficiently by the
time of departure. Instead of EV-users shifting charging
manually, providers of smart charging services can facilitate
this activity with an optimized charging pattern.
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Smart charging services based on price signals follow
a charging pattern that differs from most EV-users. EV-
users charge earlier and use more electricity than necessary
because of uncertainty (e.g., unpredictable trips), competing
interests (e.g., the comfort of not having to plan ahead), and
other biases (e.g., range anxiety) (Libertson 2022).

Two parameters of smart charging services allow EV-
users to control charging according to their needs. The
targeted state of charge (SOC) determines the requested
amount of electricity during the charging session. The level
of direct load control (DLC) defines the degree of freedom
with which the service provider determines the timing of
the charging (Gschwendtner et al. 2021; Lehmann et al.
2022). While the target-SOC can be adapted on a daily basis
depending on the scheduled trips, the decision about the
level of DLC is more fundamental. It is usually made when
selecting a smart charging service and is expressed as the
right to overrule an optimized charging schedule or imme-
diately charge up to a minimum-SOC (Gschwendtner et al.
2021; SchmalfuB et al. 2015).

Both parameter choices, target-SOC and DLC-level,
are based on the EV-users’ tradeoff between minimizing
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the charging costs and retaining control. How the control
parameters correspond to charging cost savings depends
on the interplay between charging and price signals. For
instance, a request for immediate charging would comply
with an optimized charging pattern during periods with high
renewable supply.

Successful smart charging services must consider the
EV-users’ need for control while ensuring certain degrees
of freedom for optimizing charging. It is the service
provider’s challenge to balance these two aspects and gain
the EV-user’s trust so they relinquish more control (Sloot
et al. 2022). This balancing act gives rise to the following
research question: “How to balance the need of EV-users
to control charging with minimizing their charging costs?”.

To answer this question, we tested different control
parameters, which reflect the heterogeneous needs for
control of EV-users, and analyzed the resulting impact
on the charging costs. This was done in three steps: (I)
implementing both parameters in the electricity cost
optimization to represent the EV-users’ needs for control,
(I) analyzing the correlation between different control
needs and charging costs if both control parameters are
adapted consistently (i.e., ranging from a low target-SOC
and high DLC to a high target-SOC and low DLC), and (III)
analyzing the correlation if only one parameter is adapted.
The accepted levels of DLC are based on a vignette survey
on smart charging services in Germany (n=1116) (Pelka
et al. 2024b). The target-SOCs were taken from a field
experiment with German prosumers (n=39) (Gabriel et al.
2022). For step 111, this field experiment also provided data
about the reduction in the target-SOCs over time due to the
service provider’s influence. Since no data were available for
the change of the other parameters, we combined reversed
levels of DLC with the given target-SOCs in a hypothetical
scenario.

Answering the above research question bridges the gap
between empirical research on acceptable control parameters
and energy system models calculating the flexibility
potential of cost-optimal charging. We extend the electricity
cost optimization of an existing agent-based model (ABM)
by adding discomfort costs for relinquishing control over
charging. For the latter, we apply the Prospect Theory (PT)
of Kahneman and Tversky (1979) to capture EV users’ urge
to charge immediately and for longer than is needed.

The following literature section (Sect. 2) provides
an overview of the control parameters of EV-users and
their biases, as well as how charging is implemented in
ABM (with and without PT). Section 3 describes how we
applied PT to the electricity cost optimization problem in
the existing ABM and the underlying data for the model
extension. The results section (Sect. 4) presents the changes
in the households’ charging cost depending on different
combinations of the two control parameters. A sensitivity
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analysis of the other parameters to test the robustness of
the results can be found in Appendix E. The results are
discussed and conclusions are drawn in Sects. 5 and 6.

Modeling charging behavior

This section describes the literature on charging behavior,
including biases and the existing implementations of such
behavior in energy system models.

Charging behavior and biases

The literature on EV charging behavior has expanded
rapidly over the last few years. The adoption of EVs by
new user groups indicates how, where, and when people
charge them and may evolve further. After an initial focus
on technical charging aspects, empirical insights into
behavioral aspects are now also available (Sovacool et al.
2018; Krueger and Cruden 2020). The lack of alternative
charging points, such as public charging stations, has
resulted in EV-users primarily charging at home. The
reported stress due to the lack of charging alternatives
has resulted in the widespread practice of always fully
charging the battery (Delmonte et al. 2020; Libertson
2022).

Most users charge their EVs when arriving home in the
evening (Morrissey et al. 2016). Charging shifts are most
acceptable at night (Lehmann et al. 2022). While some
research has explored the acceptance of self-executed
shifts based on variable tariffs (Delmonte et al. 2020),
most studies have examined smart charging services
controlled by third parties (Garcia-Villalobos et al. 2014).
Constraints set for controlled charging mainly involve
technical dimensions of the battery (volume, capacity),
the conditions when the EV is plugged in (connection
duration, start-SOC), and the requirements for departure
(departure time, target-SOC) (SchmalfuB} et al. 2015).

Control by third parties requires measures to guarantee
that EV-users retain control of their charging and ensure
that their mobility needs are covered. A minimum-
SOC that needs to be reached after plugging in the EV
is often stated as a key prerequisite for joining smart
charging services (Bailey and Axsen 2015; Geske and
Schumann 2018; Schmalfull et al. 2015). The largest
class in the survey of Bailey and Axsen (2015) (33% of
the participants) not only refuses a deviation from this
minimum-SOC but is also willing to pay more for a higher
SOC. Willingness to pay for additional driving range (35
to 75 USD per mile) and faster charging (425 to 3250 USD
per hour) was also detected by Hidrue et al. (2011). The
participants of the field experiment by Schmalfuf} et al.
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(2015) accepted a minimum-SOC of 30 and 45% of the
battery volume. Other empirical research has highlighted
an overriding option for the charging shifts (Yilmaz et al.
2021) or an immediate charge button as key features for a
smart charging service (Gschwendtner et al. 2021).

Common charging practice 1: charging immediately after
plugging in to achieve a certain SOC

These features are in partial conflict with the provision of
flexibility. This concerns the general participation in smart
charging services and choosing more ambitious control
parameters if they participate (e.g., a lower minimum or
departure SOC) (Axsen et al. 2017; Sovacool et al. 2018).
Even though EV-users were significantly motivated to
contribute to grid stability and renewable integration,
the survey evaluation of Will and Schuller (2016) ranked
safeguarding flexible mobility needs as equally important.
Having to plan ahead, and plug in their EVs more frequently,
as well as being more dependent and less flexible when
driving, creates discomfort (Gschwendtner et al. 2021;
Schmalfuf} et al. 2015). Despite larger battery volumes,
range anxiety and unexpected trips remain the main concerns
(Noel et al. 2019; Gschwendtner et al. 2021). EV-users argue
that they can decide to share control but not the flexibility
they provide since this depends on external factors, such as
their working patterns, financial resources, and access to
charging stations (Libertson 2022).

Common charging practice 2: charging more than
needed and maintaining a certain SOC due to uncertainty
or comfort

Prospect Theory and its implementations
of charging behavior

Charging immediately and more than needed creates a
feeling of comfort. Charging less restricts mobility needs
and creates discomfort. PT provides a basis for modeling
this non-linear relation between charging and the perceived
(dis-)comfort. Following a brief introduction to PT, this
section describes how charging behavior and other cases of
residential load shifting are modeled with and without PT.

PT and its sloped value function by Kahneman and
Tversky (1979) express a diminishing marginal value as
subject to deviations from a neutral reference point on
which the function is centered. Two parameters shape the
marginal value. First, the coefficient lambda A expresses
the asymmetric value assignment of negative (losses) and
positive deviations (gains) from the reference point. A loss
aversion implies that the discomfort created by a negative
deviation is stronger (2 to 2.5 times in the literature) than
the comfort of a positive deviation. Referring to common
charging practice 1, EV-users with stronger loss aversion
charge more electricity immediately than those with lower
loss aversion.

Second, the risk attitude exponent alpha a determines the
slope of the curve. Alpha values close to 0 express a strong
change in the perceived value, corresponding to strongly
provoked feelings. Referring to common charging practice
2, these more erratic EV-users require higher electricity
prices to accept discharging and offset their strong feelings
of discomfort. Alpha values close to 1 represent more even-
tempered users and express a more linear relation between
the perceived value and the reference point change. This
is associated with so-called rational behavior and is more
frequently applied in the literature (Klein and Deissenroth
2017; Kahneman and Tversky 1979, 2019a, b).

In the literature on households’ load-shifting decisions,
a popular, simplified approach to considering such values
is to include a fixed discomfort cost parameter in the
optimization function. This reflects the effort of enforcing
load-shifting measures of flexible appliances (Reis et al.
2019; Gongalves et al. 2019) or deviations from a desirable
state (e.g., lower thermal comfort due to shifted heat pumps)
(Tiwari and Pindoriya 2021; Nguyen and Le 2014; Javadi
et al. 2021). Yan et al. (2021), Esmaili et al. (2018), and
Mao et al. (2018) determine this desirable state concerning
EV users’ SOC. If the SOC is too low for the upcoming
trips, the discomfort costs incite sufficient and foresighted
charging. The discomfort costs are implemented in a binary
way, i.e., they occur only in the case of uncovered trips.
We propose to implement a diminishing marginal value
of charged electricity since the uncertainty of unexpected
trips does not provide an exact threshold for needed and not
needed charged electricity.

In residential energy research, PT is often applied to
reflect uncertainty in the availability of resources, such
as limited charging infrastructure, weather-dependent
renewable supply, and price risks in the energy market. The
strategies implemented to handle such uncertainties involve
purchasing hedging products of service providers (Bruninx
2021; Yao et al. 2020), using resources earlier under less
financially attractive conditions (Liu et al. 2014; Hu et al.
2019; Wang and Saad 2015; Mediwaththe and Smith 2018)
or placing more conservative pricing bids (Shuai 2022;
Barabadi and Yaghmaee 2019). Charging applications of
PT represent risk preferences towards fluctuating prices,
range anxiety, and limited charging infrastructure. Despite
its fit, PT has not been used so far to examine the common
practices of charging immediately and maintaining a certain
SOC level.

We investigate this research gap based on a mixture of
recently collected empirical data on charging behavior
and well-established PT parameters. For instance, Klein
and Deissenroth (2017) found that German household PV
investments are driven by total revenue and relative change
due to regulatory uncertainty.
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Materials and methods

This section describes the experimental design, its methods
and materials. The latter comprises the existing ABM model
with its electricity cost-minimization (Sect. 3.2.1) and our
discomfort cost extension based on PT (Sect. 3.2.2), as well
as the underlying data (Sect. 3.3).

Experiment design and scenarios

We examine the research question “How to balance the
need of EV-users to control charging with minimizing
their charging costs?” in three steps: (I) implementing both
parameters in the electricity cost optimization to represent
the EV-users’ control needs, (II) analyzing the correlation
between different control needs and charging costs if both
control parameters are adapted consistently, and (III)
analyzing the correlation if only one parameter is adapted.

To validate whether the resulting charging pattern of the
discomfort cost extension imitates the common charging
practices identified in the literature (Sect. 2.1, Step I), we
compared one scenario without (reference scenario, see
Table 1) and one with the discomfort cost extension (need
for control scenario). In Step II, we compare the differences
between the household groups in the need for control
scenario to examine the impact of varying needs to retain
control on the charging costs.

For Step 111, we adapt one control parameter of the need
for control scenario to examine its impact on the charging
costs. One control parameter, the target-SOC, was adapted
based on empirical app data from a field experiment
(lowered target-SOC scenario) (Pelka et al. 2024a). Since
the data for the other control parameter, DLC-level, do
not involve changes over time, we analyzed its impact in
an explorative manner by reversely exchanging its values
among the groups (reverse scenario). For instance, a high
DLC-level is (counterintuitively) assigned to households
with high control needs.

Table 1 Scenario overview

In each step, the main outcome variable, charging costs
per household, is compared between two scenarios or
between household groups that differ with regard to their
need to control charging. As another outcome variable, we
analyze the charging pattern of their EVs to explain cost
differences. The outcome variables are calculated using the
ABM described in Sect. 3.2. In the ABM, the electricity
cost-minimization function is extended by the discomfort
cost of having a low SOC. In real life, households control
this discomfort level by setting a target-SOC and DLC-
level in their smart charging app. We capture their different
needs to retain control by integrating both settings as control
parameters in the discomfort cost extension.

Model

The modeling is based on an ABM developed by Kiihnbach
et al. (2022). It consists of a cost-minimization for
prosuming agents that are embedded in a simulated German
electricity market. To answer our research question, the cost-
minimization was extended by the discomfort cost of having
a low SOC based on the assumption that EV-users are only
willing to pay for the electricity charged if the discomfort of
having a low SOC is higher than the electricity costs. The
discomfort costs diminish with a higher SOC. Thereby, the
two common charging practices from Sect. 2.1, charging
immediately and more than needed, are captured in the
model. We apply PT to express the diminishing marginal
discomfort costs.

Before describing the discomfort cost extension, we
outline the relevant parts of the existing cost-minimization
model—in particular, the cost-minimization function and the
constraints for charging the EV. Further information on the
model can be found in Kiihnbach et al. (2022). An overview
of the variables and parameters is given in Table 4.

Scenario name

Elements of the cost-

Control parameters differentiated for the groups

minimization function

Electricity cost Discomfort cost Target-SOC DLC-level

1) Reference (electricity cost only) Applied Not applied - -

2) Need for control (electricity and discomfort costs) Applied Applied Initial target-SOC DLC-level

3.a) Lowered target-SOC, moderate (based on need for ~ Applied Applied Lowered target-SOC, moderate DLC-level
control)

3.b) Lowered target-SOC, moderate (based on need for ~ Applied Applied Lowered target-SOC, extreme  DLC-level
control)

4) Reverse (based on need for need for control) Applied Applied Initial target-SOC DLC-level reverse
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Existing electricity cost-minimization function

For each prosumer k, a mixed-integer linear optimization
(MILP) is set up to optimize their electricity consump-
tion given the price signal from the electricity market
P p*l8) and their technical constraints. The objec-
tive function, as shown in Eq. (1), minimizes the electricity
cost incurred over the optimization period of 1 day. This
includes the cost of purchasing electricity and the revenue
of selling electricity to the market:
=R
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The EV-battery is divided into a flexible and an inflexible
fraction to meet the constraints of covering the user’s mobil-
ity demand and enabling demand response. The inflexible
fraction of the EV-battery, called EV, is operated to cover
the EV-user’s inflexible hourly charging profile Pf‘E

mel’t ’
which ensures a sufficient SOC on time to cover the upcom-

ing trips (see Eq. (2)):
k _ Pk,grid*EV +P1;,PV—’EV + Pi{,bat—>EV +PfEVflex—>EV
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The flexible fraction, called EV-flex, is modeled as a stor-
age unit. This can shift charging to periods of low prices of
PP and discharging to periods of high prices of pi*""¢.
The electricity stored in EV-flex can be used to cover the
inflexible charging profile and household energy demand or
sold to the market. The stored electricity in time t equals the
SOC of the previous hour SOCf_1 plus all power inflows and

minus all power outflows (see Eq. (3)):
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In addition to planned trips expressed by the inflexible
charging profile, we implement additional unexpected ones
at the level of 20% of the initial SOC. This amount of elec-
tricity Pg’unexPeCted is deducted from SOCf in the first hour
of the day.

The storage capacity of EV-flex is constrained by Eq. (4):
kEVflex k kEVflex
SFL-*"* < SOC; < SFL - 4)

The usage of both combined battery fractions is con-
strained by the maximum charging power P<*"M2X and dis-
charging power as well as the availability of the EV at the

home location in hour t (vsh*
conn,?

), as depicted in Egs. (5)

and (6):
Pf,grid—»Ev + Pf,gridaEVflex + Pi{,pv—>EV + Pf,pvaEVflex
k,bat—EV k,bat—EVflex k.evMax | k
+ P + P <P VShy o (5)
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(6)

50% of the EV-battery capacity is used as a flexible

fraction. The target-SOC in the following model extension

expresses whether EV-users keep a further share of the

flexible fraction permanently charged (e.g., for unexpected
trips).

Discomfort cost extension of the cost-minimization
function

The marginal value of the charged electricity depends on
its contribution to meeting the target-SOC. It diminishes
with an increasing SOC. This means that charging an
empty EV-battery creates a higher added value than charg-
ing an almost full EV-battery. The sloped value function of
PT in Kahneman and Tversky (1979) expresses this dimin-
ishing marginal value. In our case, the value function as
subject to the SOC is centered on the target-SOC (SOC’l;ef)
of the EV-user k as the neutral reference point. If SOCf is
lower than SOC]];ef, the EV-user perceives discomfort costs
at the level of the SOC delta, captured by the discomfort
notion. If SOC:C is higher than SOC’]‘M, the EV-user has an
increased comfort level, captured by the comfort notion.
We extend the cost-minimization function with these two
notions in Eq. (7):

1=
. k.grid—EV k.grid—EVfI k.grid—hh k.grid—bat buyi
minC* = Z [(P; gri +P gri ex +P grid—/i +P erid—ba ) Aplu)mg

tot
1=hy,

_ (Pi(.EVflexagrid " Pf.pv—»grid " Pf.bm—ogrid) ‘p.:'el]ingj

(SOC} = SOC} )" - Vlieqnyt if SOC} > SOCh ¢

—J - (SOChy = SOCH™ - sheopye if SOC; < SOCy

(N
where 6% is the weight assigned to the discomfort cost in
relation to the electricity cost for EV-user k. In other words,
how willing the EV-user is to compromise on her control
need for the benefit of more electricity cost savings. The
weight parameter expresses the level of accepted DLC in
a reverse manner. A higher weight on the discomfort cost
expresses a lower level of accepted DLC (i.e., lower will-
ingness to relinquish control). me describes the monetary
value, which is assigned to the delta between SOCi< and
SOC]]‘M. The parameterization is presented in Sect. 3.3.

S(1=6%) = 6F - mvE -
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The non-linear relation between the charged electricity
and discomfort costs is expressed as a mixed-integer non-
linear problem (MINLP), consisting of two if-conditions
for the comfort and discomfort notions. We decompose the
MINLP into optimization constraints based on the BigM
method (Cococcioni and Fiaschi 2021); see Appendix B.
The large value of BigM combined with a slack variable §,

expresses the two if-conditions (i.e., whether SOCi< is equal

to, larger or smaller than SOC’éef, see constraints (B.2) and

(B.3)) and the impact of this SOC delta on the discomfort
costs (called utilityf, see constraints (B.4)—(B.7)).

The relation between the two cost elements in the
combined cost-minimization function determines the
charging and discharging of the EV-battery. We illustrate
this mechanism based on two stylized examples in Appendix
C.

Assumptions and data

This section describes how we parameterize the extended
cost-minimization using empirical data. Four household
groups are distinguished by varying the two control
parameters for our comparative analysis, the target-SOC
and DLC-level, which capture a household’s need to retain
control of charging (Sect. 3.3.3). The other parameters of the
households’ technical equipment (Sect. 3.3.1) and the shape
of the diminishing marginal value (Sect. 3.3.2) are the same
for all four groups to ensure the comparability of the results.

We base the evaluation on a scenario of the German
electricity market in 2030, which was developed and vali-
dated by the previous work with this model (Kiihnbach et al.
2022). We adopted the individual profiles used here for the
inflexible household demand and the configuration of the
prosumer’s PV and battery systems. From the original 480
prosuming agents implemented by Kiihnbach et al. (2022),
we selected 80 with EV, PV, and stationary batteries as the
target group of this analysis. We applied the same profiles

Table 2 Behavioral parameters for calculating the discomfort cost

for the inflexible EV and household demand across all
groups for comparability. According to the empirical data
on control needs in Sect. 3.3.3, the smallest group comprises
9% of households. Therefore, we created a set of seven dif-
ferent profile combinations, which we applied several times
for larger groups.

Parameters of the households’ technical equipment

The assumptions concerning technical charging aspects
were taken from the study by Kiihnbach et al. (2022). It is
assumed that EVs are only charged at their home location
(Scherrer et al. 2019). The average charging power at
residential locations is assumed to be 6.2 kW (Gnann and
Speth 2021). Assuming an EV-battery of 62 kWh, as in
Kiihnbach et al. (2022), we assigned half of the maximum
storage level to the flexible fraction of the EV-battery (31
kWh). The installed PV capacity of each prosumer is set to
8.1 kWp. A battery of 7.8 kWh and a charging power of 7.8
kWh are assumed for the stationary storage.

Parameters influencing the diminishing marginal value

Parameters influencing the diminishing marginal value are
alpha and lambda, as well as the monetary value of being
able to drive. Alpha and lambda are set to well-established
values (see Table 2) proposed by Kahneman and Tversky
(1979) and confirmed by other scholars, such as Klein and
Deissenroth (2017).

Since empirical evidence is missing for the monetary
value, we randomly assigned electricity market prices based
on the assumption that EV-users are willing to pay these
prices for charging and that they reflect the monetary value
of being able to drive. The randomization expresses the
time-dependent value of being able to drive, ranging from
urgent (e.g., need to go to the hospital) to flexible trips (e.g.,
grocery shopping).

Group (sorted
from EV-users
with the lowest

Group size Parameters influencing the
diminishing marginal value
(identical for the groups)

Parameters expressing the need to retain control of charging
(differentiated for the groups)

need for need for

control to one Alpha Lambda Monetary value DLC-level Initial target- Lowered target- Lowered DLC-
with the highest) SOC SOC, moderate target-SOC, level
extreme reverse
# - - [EUR/kWh] [kWh] [kWh] [kWh] -
Gl 7 0.88 2.25 Random 0.211 9.3 7.7 0 0.844
G2 27 0.88 2.25 assignment 0.422 17.2 14.2 0 0.633
G3 39 0.88 225 based on 0.633 26.7 22.1 1.9 0.422
electricity
G4 7 0.88 2.25 prices 0.844 31 25.7 18.6 0.211
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Parameters expressing the need to retain control
of charging

We varied the parameters expressing the need to retain
control of charging among the four household groups. We
used the empirical data collected from German EV-users
in a field experiment (n=111) of the Horizon 2020 project
NUDGE (H2020 NUDGE 2023) for the target-SOC and
data from a vignette survey (n=1.116) of a German
research project for the DLC-level. We applied the data
set to the larger sample, the vignette survey, for the
assignment of the 80 model agents into the four household
groups.

The vignette survey asked 1116 current or prospective
owners of flexible technologies (in particular, EVs, heat
pumps, or stationary batteries) to rate the likelihood
of using four services facilitating the optimization of
their flexible technologies on a 5-point Likert scale. We
conducted a linear regression based on the likelihood of
using a service that forces them to relinquish control with
the need to retain control as a regressor. The f-coefficient
of the need to stay in control (f = 0.221) combined with
the 5-point Likert scale for usage likelihood (excluding
the middle response) creates the DLC-level for the four
groups (see Table 2).

For the assignment to the four household groups, two
smaller groups (9% respectively) represented the extreme
need for control and extreme indifference to control based
on the sample that responded “very unlikely to use” or
“very likely to use”. The two more moderate household
groups correspond to the 19% who were unlikely to use
it and the 35% who were likely to use it (also excluding
the middle response). Further information on the vignette
survey is provided in Pelka et al. (2024b).

In the Horizon 2020 project NUDGE field experiment,
39 out of the 111 prosuming participants own a
controllable EV and use a smart charging app that
automatically optimizes their charging based on the target-
SOC and other parameters. Information on the charging
optimization is displayed in the app to encourage users to
set a lower target-SOC (Gabriel et al. 2022). Other studies
based on this field experiment have shown that such
information led to a significant reduction in electricity
costs (Pelka et al. 2024a; Burkhardt et al. 2022).

However, only a small sub-group of eight participants
frequently interacted with the app and adapted their target-
SOC. We focused on this group to extract the initial target-
SOC, its average, and extreme reduction. The quantiles
of the minimum target-SOCs were applied as an extreme
case. For the moderate case, we deducted the standard
deviation of 17% of the values from the initial target-
SOCs. Appendix D explains how the target-SOCs of the
field experiment were transformed into model parameters.

Matching the resulting parameters in Table 2 with the
scenarios in Sect. 3.1, we combined the DLC-level and
initial target-SOC in the need for control scenario. For
the scenarios testing the adaptation of one parameter, we
replaced the initial SOC with the lowered target-SOC or
the DLC-level with its reversed version.

Changes in the households’ charging costs
due to their charging practices

The results section is structured by the three steps taken to
answer the research question “How to balance the need of
EV-users to control charging with minimizing their charging
costs?”. Section 4.1 compares the reference (assuming
EV-users optimize based only on electricity cost) with the
need for control scenario (also including discomfort costs).
It shows whether including discomfort costs captures the
common charging practices of charging immediately and
for longer than needed (Step I). Section 4.2 compares the
four household groups of the need for control scenario and
analyzes how their varying need to retain control influences
their charging cost (Step II). The two control parameters are
set consistently to represent the group’s high or low need for
control. Subsequently, we change one control parameter of
the control need scenario to explore its individual impact
(Step III). Section 4.3 shows how changes to the target-SOC
influence charging costs, and Sect. 4.4 shows how changes to
the DLC-level influence these costs.

For all steps, we first report the interplay between price
signals, control needs and charging patterns. Second, we
examine the resulting charging costs and pay particular
attention to the weighted average prices during charging and
discharging and the average SOC.

Capturing common charging practices
in the charging optimization control parameter

The reference scenario demonstrates an optimized charging
pattern based purely on electricity costs: The early morning
hours with low prices are used to charge the EV-battery with
electricity from the market (Fig. 1). As the price peaks for the
first time in the day, electricity is sold to the market. During the
daytime, self-consumption from the PV system is maximized,
and electricity from the grid is used to fill the remaining EV
and stationary battery capacity in expectation of a high-price
period in the evening. In the evening, both the stationary bat-
tery and the EV-battery cover the electricity demand as far as
possible, avoiding purchasing expensive electricity from the
market.

In contrast, the need for control scenario shows how the
discomfort cost extension distorts the optimized charging
pattern and captures the common charging practice: EV-users
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Fig. 1 Average in- and outflows of the EV-battery over 24 h for sce-
nario control need, distinguished by sources (In_[...]=charged elec-
tricity from [...], Out_[...]=discharged electricity provided to [...],
spot =electricity spot market, bat=stationary battery, EV =inflexible

charge earlier (common charging practice 1), realize a higher
SOC, and maintain this during the day (common charging
practice 2) (Fig. 1).

Effects of different needs to control the charging

Comparing the household groups with different needs for
control in the need for control scenario reveals how an
increased need restricts their response to electricity price
signals and the local electricity demand. Conversely, a
lower need for control offers households financial benefits
since this leads to disproportionally large cost savings. We
elaborate on these findings, referring to the four household
groups, which range from group 1 (G1) with the lowest
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charging demand, HH =inflexible household demand), the SOC val-
ues in Wh are divided by 10 to fit the primary x-axis

control needs (i.e., low target-SOC and high DLC) to group
4 (G4) with the highest control needs (i.e., high target-SOC
and low DLC).

EV-users’ price responsiveness decreases with an
increasing need to control charging. EV-users in G1 and
G2 with lower control needs charge larger amounts of elec-
tricity during low-price periods and discharge more during
high-price periods than G3 and G4, which have higher
control needs (Fig. 1). The lack of price responsiveness in
G3 and G4 is especially apparent for charging during the
first hours of the day and for discharging during the last
hours of the day. These groups charge during the high-
price periods of the first hours to immediately reduce the
discomfort of having a low SOC. Because of their already
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Fig.2 Average market supply within 24 h, distinguished by sources (bat=stationary battery, EV-flex=EV-battery, PV =PV system), the SOC

values in Wh are divided by 10 to fit the primary x-axis

full EV-battery, they sell their self-generated electric-
ity to the market during the midday price drop instead
of consuming it themselves (Fig. 2). During the evening
price peak, they opt for increased comfort and decide to
maintain the high SOC level up to the last hours of the day
instead of selling the stored electricity.

For G1 and G2, they balance the discomfort of a low SOC
level (such as G3 and G4) with realizing cost savings (such
as the cost-optimal reference scenario). In particular, they
decided to spread the charging over the first hours of the day
and the discharging over the last hours of the day.

Restricting the usage of the EV-battery as a flexibility
source results in a more frequent usage of the stationary
battery to cover the inflexible demand during price peaks.
For instance, while the stationary battery only covers 4%

of the inflexible EV demand in the cost-optimal reference
scenario, it covers 26-27% for G3 and G4. Figure 2
shows the cost-optimal usage of the stationary battery in
the reference scenario. For G3 and G4, the simultaneity
of inflexible demand and price peaks does not allow the
stationary battery to sell its electricity during the price
peaks.

As illustrated in Fig. 3, the less price-responsive charg-
ing pattern of the groups with a higher need to retain con-
trol leads to increased charging costs. The average monthly
charging cost between the groups ranges between 0.45 EUR
for G1 and 16.03 EUR for G4. Comparing the changes in the
control parameters to changes in the charging costs reveals
a disproportional development. EV-users can save on aver-
age 1.5 EUR per lowered target-SOC by switching from the
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control parameters of G2 to those of G1. In contrast, they
only save 0.3 EUR per lowered target-SOC when switching
from G4 to G3 or G3 to G2.

We can identify how the different groups realize cost
savings in their weighted average prices and average SOC.
Compared to G3 and G4, G1 and G2, with lower control
needs, are able to exploit the price spreads and realize
additional revenues when charging and discharging the
EV-battery. This practice results in an average SOC above
their target-SOC. In contrast, the discomfort-driven charging
of G3 and G4 during the morning price peak leads to high
purchasing prices (up to 43.84 EUR/MWh) and a radical
drop in the selling price (up to 5.63 EUR/MWh).

Overall, more relaxed control parameters result in greater
charging cost savings. To what extent the low costs of G1 are
due to its low target-SOC or its high DLC-level is explored
in Sect. 4.4.

Effects of reducing the target-SOC

The following analysis tests the impact of reducing the
target-SOC (compared to the need for control scenario)
while the other control parameter, the DLC-level, remains
the same. The results indicate that the highest cost savings
result from a lower target-SOC combined with a high DLC-
level. If a lower target-SOC is combined with a low DLC-
level, the EV-user creates additional comfort (and electricity
costs) by charging more than targeted. We first elaborate on
the savings in the case of an extreme target-SOC reduction
(i.e., a complete reduction to 0 kWh for G1 and G2, a 93%
reduction for G3 and 40% for G4), followed by a moderate
target-SOC reduction (i.e., 17% per group).

G1’s higher DLC-level leads to higher relative cost sav-
ings than G2. With a reduction of 7.05 EUR on their average
monthly charging costs, G1 has the second-highest abso-
lute and the highest relative savings per reduced target-SOC
(i.e., 0.76 EUR /target-SOC). G2, which displays the largest
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target-SOC reduction (17.2 kWh), has the highest absolute
cost savings, a reduction of 9.22 EUR, and the second-high-
est relative savings (i.e., 0.54 EUR/target-SOC). The lower
target-SOC allows both groups to charge more during the
later morning hours with falling prices and discharge more
during the evening price peak. Due to its higher DLC-level,
G1 can align the discharging with the highest prices. In con-
trast, G2 delays discharging for a few hours to minimize the
remaining time with a lower SOC (see Fig. 4).

Remarkably, G4’s reduction of 12.4 kWh leads to an
average monthly cost increase of 6.45 EUR (see Fig. 3).
Since G4 charges more electricity during the first hours of
the day (see Fig. 4) and reaches the target-SOC faster, it
creates additional comfort by charging the EV-battery more
than targeted. Lowering the target-SOC combined with a
low DLC-level leads to (uncontrolled) surplus charging and
increases costs.

The slightly increased price responsiveness due to the
moderate target-SOC reduction leads to minor cost sav-
ings (see Fig. 3). The largest difference compared to the
need for control scenario is for G3, whose monthly charg-
ing cost even increases by 3.82 EUR. G3’s low DLC-level
only allows the EV-battery to discharge at the end of the
day. Although this charging strategy successfully decreases
discomfort costs over the last hours, it requires additionally
charged electricity at the beginning of the following day (see
Fig. 5). Optimization periods longer than 1 day are expected
to reduce the particularity of discharged electricity at the end
of the optimization period.

Effects of increasing the levels of direct load control

The previous section demonstrated that additional degrees of
freedom for one control parameter, the target-SOC, result in
the greatest cost savings if they align with a similar degree of
freedom in the other parameters, the DLC-level. We used a
hypothetical scenario that reversed the values of both param-
eters to assess how varying both control parameters impacts
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Fig.4 Delta calculation between scenarios lowered target-SOC
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Fig.5 Delta calculation between scenarios lowered target-SOC (mod-
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Table 3 Comparison of the extreme values of each control parameter w.r.t. the mean monthly costs, the mean SOC, the weighted average pur-

chasing and selling price

Mean monthly charging cost [EUR] Target-SOC analysis

Mean SOC [kWh] Target-SOC analysis

9.3 kWh 31 kWh Diff 9.3 kWh 31 kWh Diff
DLC-level 0.211 0.45 17.26 16.80 DLC-level 0211 18.66 2531  6.66
analysis 0.844 16.65 16.03 -0.63  analysis 0.844 28.88 26.51  -2.37
Diff 16.20 -1.23 Diff 10.22 1.19
Selling price for EV [EUR/MWh]  Target-SOC analysis Purchas. price for EV Target-SOC analysis
- [EUR/MWh] -
9.3 kWh 31 kWh Diff 9.3 kWh 31 kWh Diff
DLC-level 0.211 53.43 47.11 -6.32 DLC-level 0211 37.18 4042  3.24
analysis 0.844 0.45 5.63 519  analysis 0.844 41.53 4384 231
Diff -52.98 -41.48 Diff 4.35 3.43
Reading guidance for the tables
Indicator [metric] Target-SOC analysis
Relaxed (9.3 kWh) Restrictive (31 kWh) Diff

DLC-level  Relaxed Control need G1 Rev. G4 Diff. for relaxed DLC
analysis 0.211)
Restrictive  Rev. G1 Control need G4 Diff. for restrictive DLC
(0.844)
Dift Dift. for relaxed target-SOC Diff. for restrictive target-

SOC

the charging cost. We examine the difference in the charging
costs if one or both parameters are switched from a restric-
tive value (target-SOC of 31 kWh and DLC of 0.844) to a
relaxed one (target-SOC of 9.3 kWh and/or DLC of 0.211)
(Table 3).

The switch from a restrictive to a relaxed value results in
similar charging cost savings for both control parameters. In
fact, if one parameter is already defined in a relaxed manner,
the switch of the other parameters creates higher savings
(16.80 EUR for the target-SOC-switch or 16.20 EUR for
the DLC-switch) than in the case of an already restrictively
defined parameter (—0.63 EUR and 1.23 EUR).

How the two parameters affect the charging costs
becomes apparent when looking at the weighted average
prices and the average SOC. A relaxed DLC-level allows
the service provider to select a more cost-optimal time to
sell. In particular, the relaxed DLC-level of 0.211 leads
to higher, more favorable selling prices (53.43 and 47.1
EUR/MWh) compared to the other combinations with a
restrictive DLC-level of 0.822 (0.45 and 5.63 EUR/MWh).
On the other side, a low target-SOC allows the EV-battery
to be charged less fully, especially not during high-price
periods, and results in lower purchasing prices (37.18
and 41.53 EUR/MWh) than the other two combinations
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with a high target-SOC (40.42 and 43.84 EUR/MWh,
respectively).

Remarkably, combining both restrictive parameters leads
to lower charging costs (16.03 EUR) than a combination with
only one restrictive setting (16.80 EUR and 16.20 EUR). If
only one control parameter is adapted, the other compensates
for the EV-user’s need for control, leading to higher charging
costs. The implication is that service providers should aim
for consistently chosen control parameters.

An easy-to-reach target-SOC combined with a restrictive
DLC-level act as a strong incentive to charge beyond this
level for EV-users, since the restrictive DLC-level does not
permit the service provider to enforce compliance with the
target-SOC. This additionally charged electricity is apparent
in the high average SOC of 28.88 kWh.

Conversely, a more relaxed DLC-level (i.e., lower weight
of 0.211) creates fewer incentives to charge the EV-battery.
As a result, it takes longer to cover the SOC delta. This
inertia has a particularly strong effect when combined with
a restrictive, high target-SOC. EV-users lack the incentive
to meet the target-SOC and miss opportunities to optimize
their charging costs by selling electricity.

In a sensitivity analysis in Appendix E, we illustrate the
effect of varying other parameters from Sect. 3.3.2. Lowering
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the risk attitude exponent alpha a has the strongest impact
on charging costs. In this case, the marginal discomfort
cost hardly decreases at the start of the optimization with
an empty EV-battery and creates no incentive to charge
electricity. We discuss the impact of the parameters affecting
the diminishing marginal discomfort cost in Sect. 5.

Discussion

Our extension to the electricity cost optimization model
of Kiihnbach et al. (2022) allows us to systematically vary
two parameters (target-SOC and DLC-level) that capture
EV-users’ need to retain control of charging and to explore
the impact of these variations on the cost of charging in a
future energy system with a higher share of renewables. If
both parameters are set to provide greater degrees of freedom
for the optimization, there is a disproportional increase in the
additional cost savings. The prospect of additional savings
incites EV-users to relinquish more control over their
charging. However, if only one parameter is set to provide
increased degrees of freedom, the other (constant) parameter
offsets its positive impact on cost savings. Providers of
smart charging services should try to incentivize that both
parameters are set to maximize cost savings.

Our extended cost optimization analysis confirms
expected findings but also reveals surprising particularities
of EV-users’ charging behavior. On the one hand, the
model extension based on Prospect Theory achieves its aim
of reproducing common charging practices documented
in the literature. It confirms that a higher need to retain
control results in higher charging costs. On the other hand,
the model revealed an unexpected correlation between
relinquished control and cost savings (in particular, if only
one parameter is adapted). In the following, we discuss
how the modeling results support the interpretation of
these unexpected correlations by exposing the underlying
mechanism of control needs and charging cost.

The comparison of the household groups with different
needs to retain control demonstrates that changes in the
control parameters result only in additional cost savings of
the same magnitude if parameters are aligned. If EV-users
decide to switch to more relaxed control parameters, the
average cost savings are larger for those who already have
relaxed parameters than for those with more restrictive
ones. The group with the lowest needs for control realizes
an almost cost-optimal level of charging costs. A scale-free
variation of parameters over a larger range would help to
explore the correlation between control needs and costs.
Our finding of disproportionally large savings should be
subjected to further research.

Changing only one parameter demonstrates behavioral
peculiarities (rebound effects and inertia) that are known

from other social science studies of residential energy. If
the target-SOC is reduced, but service providers are not
allowed to ensure compliance (=low DLC), then EV-users
are inclined to charge beyond the target-SOC for the
comfort of having a higher SOC. Since a lower target-SOC
achieves cost savings by reducing the urge to purchase a
large amount of electricity during high-price periods, the
additional charging offsets any potential cost savings.
Conversely, if service providers are allowed to control the
charging (=high DLC) but are faced with a high target-
SOC, their focus on optimizing charging costs leads to a
high SOC delta for an extensive period. The discomfort
cost of a high SOC delta distorts the optimization. This is
counterproductive, as the higher DLC-level is supposed to
create cost savings by selecting a more cost-optimal time to
sell electricity. Both findings demonstrate that the properties
of the sloped PT value function are a good fit for capturing
different behavioral peculiarities. How different slopes and
their diminishing marginal discomfort costs affect these
peculiarities is a subject for further research.

The empirically substantiated implementation of
diminishing discomfort costs that drive EV-users’ charging
decisions captures common charging practices. It allows
us to explore the interaction between EV-users and the
electricity market systematically, based on the empirical
evidence. Nevertheless, we recommend caution with
interpreting these findings for a future electricity market for
two reasons. First, current EV-users’ need to retain control
might change in the context of our reference electricity
system in 2030. Second, the composition of the EV-user
group is likely to change with a more widespread adoption
of EVs. Future EV-users are less likely to own private
charging infrastructure and to relinquish more control of
charging (Pelka et al. 2024b). These changes need to be
examined in the future using updated empirical data or in
countries where smart charging services are already more
widely established.

Updating and extending the existing empirical data basis
would increase the robustness of the results. Future research
should seek to substantiate the monetary value of being able
to drive by collecting subject- and time-dependent values.
For instance, if they are ill, EV-users in remote areas may
be willing to pay more for a sufficient SOC to drive to the
hospital than healthy urban EV-users.

Apart from improving the empirical data basis of the
model input, we propose two model adaptations to capture
charging behavior more realistically. On the one hand,
EV-users are expected to adapt the control parameters
depending on their mobility experiences. If EV-users
are unable to make planned trips, high discomfort costs
occur, and they will select their control parameters more
restrictively as a result. We recommend implementing
a learning algorithm based on these experiences and a
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more targeted occurrence of unexpected trips (so far,
only randomly implemented for different distances
and points in time). On the other hand, EV-users are
expected to optimize their charging over a longer time
period. Participants of the field experiment described in
Sect. 3.3.3 reported charging their EV every 3 days on
average (Gabriel et al. 2022). Longer periods to optimize
the charging process are likely to augment the differences
between EV-users with varying control needs. As a future
model adaptation, such longer charging periods could be
implemented as longer, rolling optimization horizons.

For policymakers and service providers, our extended
cost optimization reveals which changes in the control
parameters have the biggest impact on saving charging
costs and providing flexibility. Our recommendation to
encourage equal relaxation of both control parameters
might be in conflict with EV users’ charging practices. In
the field experiment described in Sect. 3.3.3, participants
changed their target-SOC more frequently than their DLC-
level. A possible explanation for this discrepancy is that
the DLC-level is associated with greater uncertainties
and other biases (e.g., concern about having to make
unexpected trips), while the electricity needed to cover
planned trips is easier to predict on a daily basis. Empirical
research needs to identify EV users’ preferences and
conditions for accepting the transfer of control over both
charging aspects.

Conclusion

We investigated how EV-users’ need to retain control of charg-
ing affects them becoming flexibility providers for the elec-
tricity system. Our results suggest providers of smart charg-
ing services should encourage EV-users to transfer a greater
degree of control of charging. Ideally, any relaxation of control
should equally apply to both assessed control parameters, the
target-SOC and the DLC-level, as they are mutually depend-
ent. We arrived at these results by modeling EV-users’ trade-
off between minimizing the discomfort of relinquishing con-
trol and minimizing the charging costs by implementing two
cost elements in one cost-minimization function. This novel
approach extends the current state-of-the-art in modeling
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smart charging. It allows us to consider the EV-users’ need
for more nuanced estimations of the flexibility potential and
to make recommendations for the design of smart charging
services.

Our results show that the charging cost savings for EV-
users increase disproportionally if they lower their need to
retain control of the charging. The prospect of additional
savings incites EV-users to relinquish further control. We
find that both control parameters, the level of DLC and
the target-SOC of the EV-battery, are equally important
for realizing electricity cost savings. While lowering the
target-SOC reduces the purchasing price and the amount
of charged electricity, higher degrees of freedom when
choosing the (dis-)charging timing (i.e., higher DLC) have
a significant impact on the selling price.

We, therefore, encourage service providers to convince
EV-users to transfer a greater degree of control for both
parameters equally. If only one parameter is changed, the
other (constant) parameter offsets the positive impact on cost
savings. For instance, if the target-SOC is reduced, but the
service provider is not allowed to ensure its compliance via
a high level of DLC, EV-users are inclined to charge beyond
the target-SOC for the comfort of having a higher SOC. In real
life, this inconsistent setting of control parameters is likely to
lead to erratic, additional charging activities.

How households charge their EVs is strongly but not
exclusively driven by electricity costs. Limited time, lack of
perfect information (e.g., unscheduled trips), and competing
needs (e.g., comfort of not planning ahead) strongly influence
their decision-making. We successfully combine these cost-
and comfort-driven aspects in our model extension and
recommend further exploiting the synergies between empirical
and model-based research. As a next step, empirical research
is required to determine whether EV-users would be willing to
transfer control over both control parameters equally in light
of the potential charging cost savings.

Appendix 1: Variables and parameters used
for the prosumer modeling

See Table 4.
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Table 4 Variables and parameters used for the prosumer modeling

Variables and parameters used for the prosumer modeling in the original minimization of energy costs from Kiihnbach et al. (2022)
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Hours per optimization interval

Prosumer k

Price for selling electricity to the market in hour t
Price for buying electricity from the market in hour t
Total EV charging load in hour t

Minimum and maximum charging power of the EV
Efficiency of EV-battery when charging/discharging

Minimum and maximum storage fill level of the EV storage (i.e., the share of the
EV-battery available for demand response) Parameters declaring if an EV is connected
at home or mobile in t

Minimum and maximum charging power of the EV PV generation in hour t
Electricity flow from the market to the prosumer

Electricity flow from the market to the home storage system

Electricity flow from the home storage system to the market

Electricity from the PV unit sold to the market

Electricity generated by the prosumer’s own PV unit to charge the EV-battery

Electricity flow from the home storage system to the EV-battery energy content of the
home storage system in kWh Power flow from spot market to the DR-ready fraction of
the EV-battery

Power flow from spot market to the mobility fraction of the EV-battery

Power flow from the DR-ready fraction of the EV-battery to the mobility fraction of the
EV-battery energy content of the (virtual) DR-fraction of the EV-battery in kWh Power
flow from PV to the demand response fraction of the EV-battery

Power flow from home storage system to the demand response fraction of the EV-battery
Power of unexpected trips deducted from SOCf in the first hour of the day

Binary parameter indicating whether the EV is connected [1] or disconnected from the
grid [0]

Variables and parameters used for the prosumer modeling in the extended minimization of discomfort costs

oF Weighting parameter, which indicates how much importance prosumer k assigns to the
discomfort cost in relation to energy cost
SOCﬁ o Target-SOC that is indicated by prosumer k as needed state of charge to cover her
mobility needs
me Monetary value, which is assigned to the delta between SOCf and § OC];?L,/.
A Coefficient expressing the loss aversion
a Exponent expressing the risk attitude
Appendix 2: Implementation of MINLP sock > SOCzkegf —bigM « (1-8,) (B.2)
based on BigM method
k k :
This MINLP is implemented with the BigM method SOC; < SOCy, +bigM « 5, (B.3)
(Cococcioni and Fiaschi 2021):
- utilityt > (SOC* — SOC, P = big « (1-6) (B.4)
minCt = Z [ ( pherid=EV | pherid—EVfiex | pkgrid=hh | Pk,grizﬁbar) .pbu_ving &
tot 1 t t t t
t=h,,;,
— (Pf.EVﬁexﬁgrid + Pixzpv—>grid +P ) _pfdlingj . (1 _ 9:() Mtllllyf S (Soci( _ SOC;ef)a + blgM . (1 _ 5[) (BS)
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B.1)  wility} = (SOCy,, — SOC} Y — bigM « 6, (B.6)
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utility! < (SOCy,, — SOC})’ + bigM + 5, (B.7)

In order to assess the risk of finding local optima rather
than global ones, we implement a linear transformation
of our MINLP with an exemplary set of parameters. After

comparing both approaches, we recognize no significant
differences and assess the risk of distortions due to local
optima as small.

Due to risk of local optima, the results of the MINLP
were compared with those of the linear approximation
approach. As an example, Fig. 6 depicts the results of both

Value
- (S0Cf = SOCE, )" - UShe gk if SOCt = S0Cf,,
Utility = ~2-(SOCk,; — SOCKYP - vsh,  if SOCK < SOCk,
a(x) ooz . . L .
Example calculation of linearization of g,(x) at point x,=25 kWh
o with SOCgy; = 9 kWh:
2(x)
Since X > SOCges : Y(X) = (X — SOCrep)™ = (x — 25)°%8
Nele) 0.88
Y= (x — 25)012
0 kWh Reference 31 kWh (x=25)
point
slope = y'(xy) = 0.631
intercept = y(x,) = 11.472
91(x) = slope *x + intercept = 0.631 * x + 11.472
Fig.6 Linear approximation of MINLP
Fig.7 Comparison of MINLP 35000
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Fig.9 Simplified illustration of the cost mechanism, which determines the amount of charged electricity based on the electricity price and the

discomfort cost, when the EV-battery is empty

approaches for the EV-battery SOC and for the prosumer
utility. The results are based on one data from a test run:
both approaches were run for one prosumer for 1 month,
and the resulting SOCs and utility values were used. As
Figs. 7 and 8 show, both approaches produce the same
results except for minimal deviations.

Appendix 3: Stylized examples
for the relation between both cost elements
in the combined cost-minimization function

We illustrate how the relation between the charging and
discomfort cost determines the charging and discharging of
the EV-battery by two stylized examples of SOCs for the
four groups. In Figs. 9 and 10, the four curves represent
the value function of each prosumer group as subject to the
quantity of charged electricity. The red line represents the
electricity costs. The EV-users are willing to pay for the
charged electricity, as long as the electricity costs are below
the discomfort costs of having a low SOC. The willingness
to pay for the charged electricity decreases with a higher

SOC. We illustrate this based on empty EV-batteries (Fig. 9)
and EV-batteries that reached half of the target-SOC of the
four groups (Fig. 10).

Appendix 4: Transforming the lowered
target-SOC in the field experiment
into model parameters for the EV-battery

The minimum of target-SOC of eight responsive participants
ranged between 25 and 80% of their EV-battery volume. The
average standard deviation accounted for 17%. We use the
standard deviation as a moderate scenario with a medium
target-SOC and the quartiles of the minimum target-SOC
as an extreme scenario for the adjusted mobility needs due
to smart charging services. The target-SOC in % is applied
to the standard battery volume of the model (62 kWh). In
addition, 50% of the EV-battery volume, which is withheld
for its inflexible fraction, are deducted. For the scenario with
a minimum target-SOC, this implies that no fraction of the
flexible battery is withheld as safety buffer for group 1 and

@ Springer
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Fig. 10 Simplified illustration of the cost mechanism, which determines the amount of charged electricity based on the electricity price and the

discomfort cost, when the EV-battery reached half of the target-SOC

2, since the first (35%) and second quartile (45%) is below
this threshold.

Appendix 5: Sensitivity analysis of other
behavioral parameters

We presented in Sect. 4 how changes in the target-SOC and
the DLC-level parameter influence the electricity cost sav-
ings. In the following, we test how a change of the other
behavioral parameters, particularly the alpha, lambda, and
monetary value, influence the results. Since the values for

@ Springer

lambda and alpha are already at the higher end of their
range, we reduce them (alpha from 0.88 to 0.5, lambda from
2.25 to 1.125). Furthermore, we test a higher spread of the
monetary values (2 X its standard deviation), as well as its
overall reduction (0.5 X its mean). We use the control need
scenario as the basis for the sensitivity analysis.

As illustrated in Fig. 11, the greatest changes are recog-
nized for the lowered alpha. It entails that the slope of the
discomfort cost curve increases around the target-SOC and
shows saturation at the outer side of the curve. The initially
empty EV-battery combined with this lower alpha leads
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to almost constant discomfort costs, independently of the
change in SOC. These minor incentives to increase the SOC
are overruled by the price signals. Consequently, they charge
their EV more cost optimally (see Fig. 12).

The given implementation of PT successfully captures
the tradeoff on the amount of charged electricity when a
high alpha is applied. For the application of smaller alphas,

another formulation of the SOC delta or a higher initial SOC
needs to be defined.

The decrease of the discomfort costs in all other
parameter variations leads to a more cost-optimal charg-
ing behavior of G1. For the other groups with a higher
DLC-level and target-SOC, the decrease does not substan-
tially change the tradeoff between minimizing charging

Fig. 11 Changes in electricity 50% 100%
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and discomfort costs. We expect this result since G1’s low
target-SOC results in high marginal discomfort costs. Its
relative decrease has a stronger effect on G1 than the other
groups.

Acknowledgements The authors gratefully acknowledge the contribu-
tions of Werner Neumeier and Dorina Rauth from the energy solution
supplier beegy, and Johanna Isenhuth from the utility MVV Energie
AG for carrying out the field experiment, as well as the anonymous par-
ticipants. Furthermore, we are grateful to Michael Haendel and Marian
Klobasa for their guidance, as well as Vasilios Anatolitis for being a
tireless, creative and smart sparring partner.

Author contributions SP: conceptualization, methodology, formal
analysis, investigation, software, data curation, writing—original
draft preparation, writing—review and editing. AB: methodology,
investigation, software, data curation, writing—review and editing.
EC: conceptualization, writing—review and editing, supervision. FL:
software, writing—review and editing. MK: software, writing—review
and editing. LdV: writing—review and editing, supervision.

Funding Open Access funding enabled and organized by Projekt
DEAL.

Data availability The data presented in this study are available on
request from the corresponding author. The data are not publicly avail-
able to safeguard the anonymity and privacy of the local stakeholders.

Declarations

Conflict of interest The data collection for this work was supported by
the European Union’s Horizon 2020 research and innovation program
project NUDGE under grant agreement no. 927012, as well as the pro-
ject “Digitale Geschiftsmodelle mit selbstbestimmten Anwendern fiir
smarte Verteilnetze (DiMA-Grids)”, funded by the German Federal
Ministry for Economic Affairs and Climate Action under grant number
no. 03EI6038A. The authors have no competing interests to declare
that are relevant to the content of this article.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Axsen J, Langman B, Goldberg S (2017) Confusion of innovations:
mainstream consumer perceptions and misperceptions of electric-
drive vehicles and charging programs in Canada. Energy Res Soc
Sci 27:163-173. https://doi.org/10.1016/j.erss.2017.03.008

Bailey J, Axsen J (2015) Anticipating PEV buyers’ acceptance of utility
controlled charging. Transport Res Part a Policy Pract 82:29-46.
https://doi.org/10.1016/j.tra.2015.09.004

@ Springer

Barabadi B, Yaghmaee MH (2019) A new pricing mechanism for opti-
mal load scheduling in smart grid. IEEE Syst J 13(2):1737-1746.
https://doi.org/10.1109/JSYST.2019.2901426

Bruninx K (2021) Accomodating bounded rational behavior of electric-
ity consumers in short-term markets. Working Paper. University of
Leuven Energy Institute, Leuven. https://lirias.kuleuven.be/retri
eve/636491.

Burkhardt J, Pelka S, Kithnbach M (2022) Intervening me softly—
modeling nudging interventions to change EV-user preferences.
In: ECEEE summer study 2022

Cococcioni M, Fiaschi L (2021) The Big-M method with the numerical
infinite M. Optim Lett 15(7):2455-2468. https://doi.org/10.1007/
s11590-020-01644-6

Delmonte E, Kinnear N, Jenkins B, Skippon S (2020) What do con-
sumers think of smart charging? Perceptions among actual and
potential plug-in electric vehicle adopters in the United King-
dom. Energy Res Soc Sci 60:101318. https://doi.org/10.1016/j.
erss.2019.101318

Esmaili M, Shafiee H, Aghaei J (2018) Range anxiety of electric vehi-
cles in energy management of microgrids with controllable loads.
J Energy Storage 20:57—-66. https://doi.org/10.1016/j.est.2018.08.
023

Figgener J, Haberschusz D, Kairies K-P, Wessels O, Tepe B, Sauer
DU (2018) Wissenschaftliches Mess- und Evaluierungsprogramm
Solarstromspeicher 2.0: Jahresbericht 2018. Aachen Institut Fiir
Stromrichtertechnik Und Elektrische Antriebe, RWTH Aachen.
https://doi.org/10.13140/RG.2.2.30057.19047

Gabriel M, Keranidis S, Voulgarakis D, Neumeier W, Vandewalle E,
Nad Lu et al. (2022): Report on pilot results: interim report. Deliv-
erable D4.1 / D4.3 of the H2020 project NUDGE, for further
information visit: https://www.nudgeproject.eu/wp-content/uploa
ds/2022/11/NUDGE-D4.1-D4.3-Report-on-pilot-results-interim-
report-_-FINAL-SUBMITTED.pdf

Garcia-Villalobos J, Zamora I, San Martin JI, Asensio FJ, Aperribay V
(2014) Plug-in electric vehicles in electric distribution networks: a
review of smart charging approaches. Renew Sustain Energy Rev
38:717-731. https://doi.org/10.1016/j.rser.2014.07.040

Geske J, Schumann D (2018) Willing to participate in vehicle-to-grid
(V2G)? Why not! Energy Policy 120:392—401. https://doi.org/10.
1016/j.enpol.2018.05.004

Gnann T, Speth D (2021) Electric vehicle profiles for the research
project "MODEX EnSaVes—model experiments—development
paths for new power applications and their impact on critical sup-
ply situations 2021

Gongalves I, Gomes A, Henggeler Antunes C (2019) Optimizing the
management of smart home energy resources under different
power cost scenarios. Appl Energy 242:351-363. https://doi.
org/10.1016/j.apenergy.2019.03.108

Gschwendtner C, Sinsel SR, Stephan A (2021) Vehicle-to-X (V2X)
implementation: an overview of predominate trial configura-
tions and technical, social and regulatory challenges. Renew
Sustain Energy Rev 145:110977. https://doi.org/10.1016/j.rser.
2021.110977

H2020 NUDGE (2023) https://www.nudgeproject.eu/. H2020
NUDGE project—nudging consumers towards energy efficiency
through behavioural science. Accessed 20 Mar 2023

Hidrue MK, Parsons GR, Kempton W, Gardner MP (2011) Willing-
ness to pay for electric vehicles and their attributes. Resour
Energy Econ 33(3):686—705. https://doi.org/10.1016/j.resen
eeco.2011.02.002

Hu L, Dong J, Lin Z (2019) Modeling charging behavior of battery
electric vehicle drivers: a cumulative prospect theory based
approach. Transport Res Part ¢ Emerg Technol 102:474-489.
https://doi.org/10.1016/j.trc.2019.03.027

Javadi MS, Nezhad AE, Nardelli PHJ, Gough M, Lotfi M, Santos
S, Cataldo JPS (2021) Self-scheduling model for home energy


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.erss.2017.03.008
https://doi.org/10.1016/j.tra.2015.09.004
https://doi.org/10.1109/JSYST.2019.2901426
https://lirias.kuleuven.be/retrieve/636491
https://lirias.kuleuven.be/retrieve/636491
https://doi.org/10.1007/s11590-020-01644-6
https://doi.org/10.1007/s11590-020-01644-6
https://doi.org/10.1016/j.erss.2019.101318
https://doi.org/10.1016/j.erss.2019.101318
https://doi.org/10.1016/j.est.2018.08.023
https://doi.org/10.1016/j.est.2018.08.023
https://doi.org/10.13140/RG.2.2.30057.19047
https://www.nudgeproject.eu/wp-content/uploads/2022/11/NUDGE-D4.1-D4.3-Report-on-pilot-results-interim-report-_-FINAL-SUBMITTED.pdf
https://www.nudgeproject.eu/wp-content/uploads/2022/11/NUDGE-D4.1-D4.3-Report-on-pilot-results-interim-report-_-FINAL-SUBMITTED.pdf
https://www.nudgeproject.eu/wp-content/uploads/2022/11/NUDGE-D4.1-D4.3-Report-on-pilot-results-interim-report-_-FINAL-SUBMITTED.pdf
https://doi.org/10.1016/j.rser.2014.07.040
https://doi.org/10.1016/j.enpol.2018.05.004
https://doi.org/10.1016/j.enpol.2018.05.004
https://doi.org/10.1016/j.apenergy.2019.03.108
https://doi.org/10.1016/j.apenergy.2019.03.108
https://doi.org/10.1016/j.rser.2021.110977
https://doi.org/10.1016/j.rser.2021.110977
https://www.nudgeproject.eu/
https://doi.org/10.1016/j.reseneeco.2011.02.002
https://doi.org/10.1016/j.reseneeco.2011.02.002
https://doi.org/10.1016/j.trc.2019.03.027

Sustainability Science

management systems considering the end-users discomfort
index within price-based demand response programs. Sustain
Cities Soc 68:1-20. https://doi.org/10.1016/j.s¢cs.2021.102792

Kahneman D, Tversky A (eds) (2019a) Choices, values, and frames.
Cambridge University Press, Cambridge

Kahneman D, Tversky A (1979) Prospect theory: an analysis of deci-
sion under risk. Econometrica 47(2):263-292. https://doi.org/
10.2307/1914185

Kahneman D, Tversky A (2019) Prospect theory: an analysis of deci-
sion under risk. In: Kahneman D, Tversky A (eds) Choices,
values, and frames. Cambridge University Press, Cambridge,
pp 17-43

Klein M, Deissenroth M (2017) When do households invest in solar
photovoltaics? An application of prospect theory. Energy Policy
109(5970):270-278. https://doi.org/10.1016/j.enpol.2017.06.
067

Krueger H, Cruden A (2020) Integration of electric vehicle user charg-
ing preferences into Vehicle-to-Grid aggregator controls. Energy
Rep 6:86-95. https://doi.org/10.1016/j.egyr.2020.02.031

Kiithnbach M, Bekk A, Weidlich A (2022) Towards improved pro-
sumer participation: electricity trading in local markets. Energy
239:122445. https://doi.org/10.1016/j.energy.2021.122445

Lehmann N, Sloot D, Ardone A, Fichtner W (2022) Consumer prefer-
ences for the design of a demand response quota scheme—results
of a choice experiment in Germany. Energy Policy 167:113023.
https://doi.org/10.1016/j.enpol.2022.113023

Libertson F (2022) Requesting control and flexibility: exploring Swed-
ish user perspectives of electric vehicle smart charging. Energy
Res Soc Sci 92:102774. https://doi.org/10.1016/j.erss.2022.
102774

Liu L, Lyu X, Jiang C, Xie Da (2014) Decision-making of determining
the start time of charging/discharging of electrical vehicle based
on prospect theory. J Electric Eng Technol 9(3):803-811. https://
doi.org/10.5370/JEET.2014.9.3.803

Mao T, Lau W-H, Shum C, Chung HS-H, Tsang K-F, Tse NC-F (2018)
A regulation policy of EV discharging price for demand schedul-
ing. IEEE Trans Power Syst 33(2):1275-1288. https://doi.org/10.
1109/TPWRS.2017.2727323

Mediwaththe CP, Smith DB (2018) Game-theoretic electric vehicle
charging management resilient to non-ideal user behavior. IEEE
Trans Intell Transport Syst 19(11):3486-3495. https://doi.org/10.
1109/TITS.2017.2784418

Morrissey P, Weldon P, O’Mahony M (2016) Future standard and fast
charging infrastructure planning: an analysis of electric vehicle
charging behaviour. Energy Policy 89:257-270. https://doi.org/
10.1016/j.enpol.2015.12.001

Nguyen DT, Le LB (2014) Joint optimization of electric vehicle and
home energy scheduling considering user comfort preference.
IEEE Trans Smart Grid 5(1):188-199. https://doi.org/10.1109/
TSG.2013.2274521

Noel L, Zarazua de Rubens G, Sovacool BK, Kester J (2019) Fear
and loathing of electric vehicles: the reactionary rhetoric of range
anxiety. Energy Res Soc Sci 48:96-107. https://doi.org/10.1016/j.
erss.2018.10.001

Pelka S, Kesselring A, Preu S, Chappin E, de Vries L (2024a) Can
nudging optimize self-consumption? Evidence from a field experi-
ment with prosumers in Germany. Smart Energy (forthcoming)

Pelka S, Preuf3 S, Stute J, Chappin E, de Vries L (2024b) Demand
response dilemma: Do household preferences for demand response
services in Germany depend on their flexible technology and
adoption level? Energy Research Social Science (forthcoming)

Reis IFG, Gongalves I, Lopes MAR, Antunes CH (2019) Residential
demand-side flexibility in energy communities: a combination of

optimization and agent modeling approaches. In: 2019 Interna-
tional Conference on Smart Energy Systems and Technologies
(SEST). 2019 International Conference on Smart Energy Systems
and Technologies (SEST), pp. 1-6

Scherrer A, Burghard U, Wietschel M, Duetschke E (2019) Early
Adopter von E-Fahrzeugen: Ladeleistungen, Eigenerzeugung
und Einstellungen zum Lademanagement. Energiewirtschaftli-
che Tagesfragen

Schmalfull F, Mair C, Dobelt S, Kampfe B, Wiistemann R, Krems
JF, Keinath A (2015) User responses to a smart charging system
in Germany: battery electric vehicle driver motivation, attitudes
and acceptance. Energy Res Soc Sci 9:60-71. https://doi.org/10.
1016/j.erss.2015.08.019

Shuai W (2022) Pricing game of smart charging services for risk-averse
users in the smart grid. J Circuit Syst Comp 31(17):2350052.
https://doi.org/10.1142/S0218126623500524

Sloot D, Lehmann N, Ardone A (2022) Explaining and promoting par-
ticipation in demand response programs: the role of rational and
moral motivations among German energy consumers. Energy Res
Soc Sci 84:102431. https://doi.org/10.1016/j.erss.2021.102431

Sovacool BK, Noel L, Axsen J, Kempton W (2018) The neglected
social dimensions to a vehicle-to-grid (V2G) transition: a critical
and systematic review. Environ Res Lett 13(1):1-19. https://doi.
org/10.1088/1748-9326/aa9¢c6d

Tiwari A, Pindoriya NM (2021) Automated demand response for resi-
dential prosumer with electric vehicle and battery energy storage
system. In: Developments towards inclusive growth for sustain-
able and resilient grid. ICPS 2021: 9th International Conference
on Power Systems (ICPS) 2021: December 16-18, 2021. 2021
9th IEEE International Conference on Power Systems (ICPS).
Kharagpur, India, 12/16/2021-12/18/2021. [Piscataway, NJ]:
IEEE, pp. 1-6

Wang Y, Saad W (2015) On the role of utility framing in smart grid
energy storage management. In: 2015 IEEE International Confer-
ence on Communication Workshop (ICCW). 2015 ICC—2015
IEEE International Conference on Communications Workshops
(ICC). London, United Kingdom, 6/8/2015—6/12/2015: IEEE/
Institute of Electrical and Electronics Engineers Incorporated,
pp. 1946-1951

Will C, Schuller A (2016) Understanding user acceptance factors of
electric vehicle smart charging. Transport Res Part c Emerg Tech-
nol 71:198-214. https://doi.org/10.1016/j.trc.2016.07.006

Yan L, Chen X, Zhou J, Chen Y, Wen J (2021) Deep reinforcement
learning for continuous electric vehicles charging control with
dynamic user behaviors. IEEE Trans Smart Grid 12(6):5124—
5134. https://doi.org/10.1109/tsg.2021.3098298

Yao Y, Yang J, Chen S, Gao C, Chen T (2020) Design of Distributed
Power Trading Mechanism Based on P2P Contract. In: 2020 12th
IEEE PES Asia-Pacific Power and Energy Engineering Confer-
ence (APPEEC) 12, pp. 1-5. https://doi.org/10.1109/APPEE
C48164.2020.9220421

Yilmaz S, Cuony P, Chanez C (2021) Prioritize your heat pump or
electric vehicle? Analysing design preferences for Direct Load
Control programmes in Swiss households. Energy Res Soc Sci
82:102319. https://doi.org/10.1016/j.erss.2021.102319

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1016/j.scs.2021.102792
https://doi.org/10.2307/1914185
https://doi.org/10.2307/1914185
https://doi.org/10.1016/j.enpol.2017.06.067
https://doi.org/10.1016/j.enpol.2017.06.067
https://doi.org/10.1016/j.egyr.2020.02.031
https://doi.org/10.1016/j.energy.2021.122445
https://doi.org/10.1016/j.enpol.2022.113023
https://doi.org/10.1016/j.erss.2022.102774
https://doi.org/10.1016/j.erss.2022.102774
https://doi.org/10.5370/JEET.2014.9.3.803
https://doi.org/10.5370/JEET.2014.9.3.803
https://doi.org/10.1109/TPWRS.2017.2727323
https://doi.org/10.1109/TPWRS.2017.2727323
https://doi.org/10.1109/TITS.2017.2784418
https://doi.org/10.1109/TITS.2017.2784418
https://doi.org/10.1016/j.enpol.2015.12.001
https://doi.org/10.1016/j.enpol.2015.12.001
https://doi.org/10.1109/TSG.2013.2274521
https://doi.org/10.1109/TSG.2013.2274521
https://doi.org/10.1016/j.erss.2018.10.001
https://doi.org/10.1016/j.erss.2018.10.001
https://doi.org/10.1016/j.erss.2015.08.019
https://doi.org/10.1016/j.erss.2015.08.019
https://doi.org/10.1142/S0218126623500524
https://doi.org/10.1016/j.erss.2021.102431
https://doi.org/10.1088/1748-9326/aa9c6d
https://doi.org/10.1088/1748-9326/aa9c6d
https://doi.org/10.1016/j.trc.2016.07.006
https://doi.org/10.1109/tsg.2021.3098298
https://doi.org/10.1109/APPEEC48164.2020.9220421
https://doi.org/10.1109/APPEEC48164.2020.9220421
https://doi.org/10.1016/j.erss.2021.102319

	To charge or not to charge? Using Prospect Theory to model the tradeoffs of electric vehicle users
	Abstract
	Introduction
	Modeling charging behavior
	Charging behavior and biases
	Prospect Theory and its implementations of charging behavior

	Materials and methods
	Experiment design and scenarios
	Model
	Existing electricity cost-minimization function
	Discomfort cost extension of the cost-minimization function
	Assumptions and data
	Parameters of the households’ technical equipment
	Parameters influencing the diminishing marginal value
	Parameters expressing the need to retain control of charging


	Changes in the households’ charging costs due to their charging practices
	Capturing common charging practices in the charging optimization control parameter
	Effects of different needs to control the charging
	Effects of reducing the target-SOC
	Effects of increasing the levels of direct load control

	Discussion
	Conclusion
	Appendix 1: Variables and parameters used for the prosumer modeling
	Appendix 2: Implementation of MINLP based on BigM method
	Appendix 3: Stylized examples for the relation between both cost elements in the combined cost-minimization function
	Appendix 4: Transforming the lowered target-SOC in the field experiment into model parameters for the EV-battery
	Appendix 5: Sensitivity analysis of other behavioral parameters
	Acknowledgements 
	References


