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ARTICLE INFO ABSTRACT

Keywords: While electric vehicles (EVs) are expected to support decarbonizing transport, EVs can challenge the electricity
Electric vehicles system. Investigating the EV charging load and its flexibility, e.g., by shifting load, is therefore crucial to ensure
Charging behavior a secure and sustainable energy system. We develop an agent-based model to investigate how different plug-in
Mobility behavior behaviors can affect (future) EV charging load profiles and their spatial-temporal flexibility. We contribute
i;:;fs:sféi l:;el to extant literature by (1) revealing the effect of diverse plug-in behaviors on EV load profiles, particularly
Load profiles the flexibility potential resulting from different plug-in behaviors; (2) presenting the (future) charging load in

different spatial structures, i.e. urban, rural, or suburban, and home, work, or public charging locations; and
(3) demonstrating the effect of detailed driving profiles in high spatial and temporal resolution. We implement
three future scenarios regarding EV and charging infrastructure diffusion and technology developments. We
find that the impact of potential changes in plug-in behavior on EV charging load would be highest for urban
areas and increases as charging infrastructure becomes more spatially diversified. Decision-makers in policy
and industry can use these insights to evaluate the impact of EV charging on distribution grids and design

incentives to leverage the flexibility potential of EVs.

1. Introduction

To decarbonize urban energy systems, high shares of renewable
electricity supply and low-carbon technologies, such as electric vehicles
(EVs), need to be deployed. Matching supply and demand becomes
more difficult due to intermittent renewable electricity supply and in-
creased peak demand from households (e.g., Kapustin & Grushevenko,
2020; Knezovi¢, Marinelli, Zecchino, Andersen, & Traeholt, 2017).
These developments are particularly challenging for distribution grids
covering urban, rural or suburban areas, which consequently might
require grid reinforcements (e.g., Brinkel, Schram, AlSkaif, Lampropou-
los, & van Sark, 2020; Coignard, Macdougall, Stadtmueller, & Vrettos,
2019). EVs, however, can offer flexibility, e.g., peak reduction and
load shifting, and consequently support the integration of renewable
energy (Anwar et al., 2022; Schwarz, Auzepy, & Knoeri, 2020). For
example, EV charging load can be shifted towards lunch time, when
solar PV electricity supply is high, while spreading the load across
locations and decreasing the evening peak (Akhavan-Rezai, Shaaban,
El-Saadany, & Karray, 2017; Knezovi¢ et al., 2017). With increased
EV uptake and the high dependence of charging loads on behavioral
aspects, we need to investigate (future) EV charging load and its
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flexibility so we can plan long-term energy systems (Muratori et al.,
2020).

More specifically, the heterogeneity of EV load profiles and resulting
flexibility need to be further investigated (Crozier, Morstyn, & Mec-
Culloch, 2019; Powell, Cezar, & Rajagopal, 2022) to capture realistic
charging loads across different areas and EV users. The diversity of
charging loads is particularly relevant at distribution-grid level, as rare
patterns might aggregate within specific small geographical scopes,
e.g., low diversity of driving and charging behavior could result in a
particularly high peak. Although extant literature finds high hetero-
geneity in charging behavior (e.g., Helmus, Lees, & van den Hoed,
2020; Xu, Colak, Kara, Moura, & Gonzalez, 2018), this heterogeneity is
often overlooked in EV charging models (Salah, Ilg, Flath, Basse, & van
Dinther, 2015), even though it could be used to exploit the flexibility
of charging loads and manage revenues from charging services (Daina,
Sivakumar, & Polak, 2017a). Policymakers and industry therefore need
to understand a variety of possible charging behaviors to investigate
the impact of EV charging and its flexibility on demand load.

Most studies investigating the flexibility potential of EV charging
load focus on automated charging processes within a specific dwell-
time (e.g., Arias, Granada, & Castro, 2017; Xiang, Liu, & Liu, 2016),

Received 17 June 2022; Received in revised form 18 September 2022; Accepted 15 October 2022

Available online 21 October 2022

2210-6707/© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nec-nd/4.0/).


http://www.elsevier.com/locate/scs
http://www.elsevier.com/locate/scs
mailto:cgschwendtner@ethz.ch
https://doi.org/10.1016/j.scs.2022.104263
https://doi.org/10.1016/j.scs.2022.104263
http://crossmark.crossref.org/dialog/?doi=10.1016/j.scs.2022.104263&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

C. Gschwendtner et al.

Nomenclature

ABM Agent-based model

BEV Battery electric vehicle

cappy Battery capacity in kWh

CCcv Constant Current, Constant Voltage

congy Energy consumption of the EV in kWh/km

d Distance of the trip since the previous
dwell-time in km

Heharge Charging efficiency

EV Electric vehicle

FR Freiburg

GPS Global Positioning System

GR Graubunden

ICE Internal combustion engine

i Index for cars

Jj Index for dwell-times

k Index for clusters

N Total number of cars across all clusters

ny Total number of cars in cluster k

ODD Overview, Design concepts, Details

Py, Charging power in kW

PHEV Plug-in hybrid electric vehicle

SOC State-of-charge

50C,,,(j—1) State-of-charge at the end of the previous
dwell-time

SO0Cq,,,.(j) State-of-charge at the start of the dwell-time
J

Tehargey End time of the charging event in h

! charge sy Start time of the charging event in h

x; Feature vector of the ith car belonging to
cluster k

Vi Centroid of cluster k

ZH Zurich

neglecting the flexibility potential resulting from plug-in behavior.
However, plug-in behavior is the basis for the spatial and temporal
distribution of connected EVs and, hence, the flexibility of their charg-
ing load (Gschwendtner, Sinsel, & Stephan, 2021). We therefore extend
these approaches by distinguishing between two different aspects of
charging behavior: plug-in behavior and the (un)controlled charging
process. We define plug-in behavior as the plugging-in of the EV at the
beginning of a dwell-time with the intention to charge, followed by
the charging process itself, which we define as the charging within a
specific dwell-time. Consequently, changes in plug-in behavior relate
to the spatial and temporal distribution of charging load between
different dwell-times, while changes in the charging process within a
specific dwell-time relate to temporal distribution alone. The plug-in
component depends on social behavior, i.e. where and when an EV
user plugs in their car, whereas the charging process, once it is adopted
by the EV user, is mostly automated, with minimum interaction of EV
users.

To investigate our research question of how different plug-in behav-
iors affect (future) EV charging load profiles and their spatial-temporal
flexibility, it is important to include high EV diffusion scenarios beyond
pilot phases of EV use and incorporate socio-demographic charac-
teristics as well as behavioral and spatial elements in the analysis.
Additionally, it is crucial to use appropriate modeling approaches that
can capture different socio-demographic characteristics of EV users
and implement diverse driving and charging behavior. Diverse spatial
structures and mobility behavior as well as future developments also
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need to be considered. The following paragraphs provide an overview
of extant work regarding these aspects.

While pilot projects observe real charging behavior (including plug-
in behavior and charging processes), their limited scope cannot pro-
vide insights into charging behavior at high EV diffusion stages (e.g.,
Pareschi, Kiing, Georges, & Boulouchos, 2020; Speidel & Braunl, 2014).
In models, assumptions on charging opportunities and behavior are
typically oversimplified. For example, extant work has assumed that a
pre-specified time determines when all vehicles are charged (Muratori,
2018); that all EV users charge only at home (Crozier, Morstyn, &
McCulloch, 2021) or if the vehicle cannot reach the next destination
with the remaining state-of-charge (SOC) (Xing et al., 2019). Further
assumptions include that all users charge at the end of the last trip
of the day (Harris & Webber, 2014), as soon as possible, below a
critical SOC (Arias & Bae, 2017; Lojowska, Kurowicka, Papaefthymiou,
& Van Der Sluis, 2012), or with 50% probability (e.g., Chaudhari, Kan-
dasamy, Krishnan, Ukil, & Gooi, 2019; Sheppard, Waraich, Campbell,
Pozdnukhov, & Gopal, 2017). While people might base their charging
behavior on heuristics rather than detailed analyses of required SOC
or minimizing costs (Wen, MacKenzie, & Keith, 2016), there are still
variations in charging duration, SOC at the beginning of the charging
event, and costs (Daina et al., 2017a). Although charging behavior
depends on customer segments (Wenig, Sodenkamp, & Staake, 2019),
such as commuters, knowledge on the typologies of EV users’ charging
behavior is still scarce, with first results by Helmus et al. (2020). A
review of different modeling approaches for EV use shows that more
work on detailed spatial and temporal modeling of EV use — including
incorporating more detailed charging behavior — is required for a
smooth integration of electric transport and electricity systems (Daina,
Sivakumar, & Polak, 2017b).

Due to the limited representativeness of pilot projects, some stud-
ies combine collected real-world data with modeling (e.g., Flammini
et al., 2019; Pareschi et al., 2020). Table A.2 provides an overview of
empirical studies worldwide from 2013 to 2020 that investigate charg-
ing behavior, including data from pilot projects, real-world charging
stations, and surveys. The studies comprise domestic (e.g., Farhar, Mak-
simovic, Tomac, & Coburn, 2016) or commercial vehicles (e.g., Speidel
& Brédunl, 2014) or both (e.g., Wolbertus, Kroesen, van den Hoed, &
Chorus, 2018), as well as battery (e.g., Latinopoulos, Sivakumar, &
Polak, 2017) and/or plug-in hybrid vehicles (e.g., Zoepf et al., 2013).
Most studies focus on urban areas as well as home (e.g., Harris &
Webber, 2014) and/or public charging (e.g., Flammini et al., 2019).
The detailed findings of these empirical studies are further discussed in
Section 2 as we use their insights for our modeling approach.

Extant work has started to implement socio-demographic charac-
teristics as well as behavioral and spatial elements into EV charging
models, which have been shown to significantly affect load profiles
(e.g., Fischer, Harbrecht, Surmann, & McKenna, 2019; Roy & Law,
2022). Table A.1 summarizes the influencing factors on charging be-
havior derived from empirical literature. Factors integrated into the
charging decision at different charging locations in models include
the charging price, SOC, charging habits, individual charging pref-
erences, and the spatial and temporal availability of other charging
locations (Kontou, Liu, Xie, Wu, & Lin, 2019; Zhou, Wen, Wang, & Cali,
2020). Other approaches include a time-dependent charging probabil-
ity (Harris & Webber, 2014), fixed thresholds of SOC below which EV
users charge (Arias & Bae, 2017; Lojowska et al., 2012), the distance
from home (Omran & Filizadeh, 2014), and whether the vehicle can
reach the next destination with the remaining SOC (Xing et al., 2019).
While some studies use optimization to maximize the SOC while mini-
mizing costs (e.g., Zhang, Kang, & Kwon, 2020), other studies maximize
utility functions that represent the value of charging to an EV user
(e.g., Daina et al., 2017a). These functions include costs, available en-
ergy, dwell-time, variables for road conditions, and socio-demographic
characteristics (e.g., Chakraborty, Bunch, Lee, & Tal, 2019; Yi, Zhang,
Lin, & Liu, 2020).
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Different modeling approaches have been used for investigating EV
charging behavior. We complement existing model approaches, such
as deterministic models applied to stochastic vehicle use, stochastic
models applied to deterministic vehicle use and top-down stochastic
charging models (Crozier et al., 2019), and address the lack of imple-
menting charging stations as rival goods (Wolbertus et al., 2018). For
detailed overviews of other modeling approaches, we refer the reader
to Crozier et al. (2019), Daina et al. (2017b), and Mangipinto et al.
(2022).

Although Daina et al. (2017b) identify activity-based modeling as
the most attractive model type to investigate the daily EV charging
demand, agent-based models have rarely been used to model detailed
charging behavior (Daina et al., 2017b). More specifically, activity-
based models are considered to be particularly useful because they
allow for different aggregation levels due to their bottom-up approach,
can be used for modeling responses to electricity tariffs, and cap-
ture the relation between travel patterns and possible charging dwell-
time durations. One key limitation of the current approaches using
activity-based modeling is “the lack of realism how charging behavior
is represented” (Daina et al., 2017b).

Consequently, the implementation of diverse charging behavior in
agent-based models, particularly based on empirical findings, is miss-
ing (Daina et al., 2017b). One of the few extant agent-based models
integrates travel demand and charging processes for the case of Switzer-
land by including a “Transportation Energy Simulation” (including
vehicle energy consumption, charging schemes, charging infrastructure
etc.) into the agent- and activity-based transport simulation tool MAT-
Sim (Galus et al., 2012; Waraich et al., 2013). However, the model does
not seem to be based on empirical findings, which results in limitations,
specifically related to the representation of charging behavior, such as
range anxiety (Daina et al., 2017b). Other agent-based models also
implement only simple charging behavior, such as charging only at
home, or with 50% probability (e.g., Chaudhari et al., 2019; Sheppard
et al., 2017) or focus on the charging process rather than the plug-in
behavior (e.g., Ensslen et al., 2018).

Regarding spatial structures, most studies focus on urban areas
while rural areas are particularly underrepresented (e.g., Kang, Kong,
Lin, & Dang, 2022; Kaya, Tortum, Alemdar, & Codur, 2020). As stud-
ies tend to focus on home charging (Crozier et al., 2021) - with
some studies starting to investigate home, work, and public charg-
ing (e.g. Shepero & Munkhammar, 2018) - the competition among
EV users for charging stations and the spatial and temporal distri-
bution of charging events, particularly beyond urban areas, tend to
be neglected (Wolbertus et al., 2018). Additionally, extant literature
does typically not focus on differences between these spatial struc-
tures (i.e., urban, rural, or suburban areas and home, work, or public
locations) and potential differences in grid impact, which might be
particularly relevant for future grid planning (Chaudhari et al., 2019;
Olivella-Rosell, Villafafila-Robles, Sumper, & Bergas-Jané, 2015). Fur-
thermore, our work complements the methods used in previous studies
on the spatial distribution of EV charging stations, for instance, us-
ing a mix of GIS-based methods and multi-criteria decision making
(e.g., Kaya, Alemdar, Atalay, Codur, & Tortum, 2022; Kaya, Alemdar,
& Codur, 2020), multi-objective stochastic planning (Gholami, Karimi,
& Anvari-Moghaddam, 2022), optimization (Li, Liu, & Wang, 2022),
a map matching-based method (Yu, Wu, Li, & Bai, 2022), or machine
learning approaches (Roy & Law, 2022).

Mobility behavior in detailed spatial and temporal resolution, in-
cluding modal split, is crucial to investigate EV charging (Xu et al.,
2018) as driving behavior is one of the most important influencing fac-
tors of charging behavior (Cenex, 2019; Element Energy et al., 2019).
However, the integration of EVs into the electricity system is often
investigated without considering different driving profiles (e.g., Mu,
Wu, Jenkins, Jia, & Wang, 2014; Poghosyan, Greetham, Haben, & Lee,
2015). EV load profiles used to assess the effect of EVs on electricity
grids cannot be based only on average assumptions about daily travel
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mileage or a single driving profile, such as commuters, but must also
account for the heterogeneity of driving behavior (Wang, Zhao, Meng,
Ong, & Lee, 2020). Some studies have started to incorporate spatial and
temporal distributions of EVs in their models (e.g., Muratori, 2018; Xu
et al., 2018) and use detailed travel demand data (e.g., Li et al., 2019;
Waraich et al., 2013). However, they do not focus on the impact of
changes in plug-in behavior on charging loads.

Furthermore, many studies focus on current scenarios and hence
lack detailed understanding of future developments, including EV bat-
tery and charging infrastructure developments and diffusion, and the
interaction of technology with user behavior (e.g., Hecht, Das, Bus-
sar, & Uwe, 2020; Mangipinto et al., 2022). As most challenges for
distribution grids are expected at higher EV diffusion stages, there
is a need to investigate future EV load profiles in scenarios of high
EV diffusion. It is therefore important to integrate future technolog-
ical developments and diffusion alongside changes in mobility behav-
ior (Gschwendtner & Krauss, 2022). With the increased diffusion of EVs,
more diverse EV user types need to be considered beyond the typical
early adopters (Plotz, Schneider, Globisch, & Diitschke, 2014), since
this diversity results in different driving and charging behavior.

Overall, current findings do not investigate how different plug-in
behaviors affect (future) EV charging load profiles and their spatial-
temporal flexibility. We therefore extend previous work by

1. Revealing the effect of diverse plug-in behaviors on EV load pro-
files, particularly the flexibility potential resulting from different
plug-in behaviors;

2. Presenting the (future) charging load in different spatial struc-
tures, i.e. urban, rural, or suburban and residential or mixed
areas, and home, work, or public charging locations; and

3. Demonstrating the effect of detailed driving profiles based on
simulated mobility data with high spatial and temporal reso-
lution to account for modal split and the heterogeneity in car
use.

We expect that plug-in behavior has a substantial impact on (future)
EV charging load and its flexibility and that EV charging load differs
between different spatial structures and driving profiles. Policymakers
and decision-makers in the electricity and transport system and city
planners can use these insights to evaluate the impact of EV charging
on distribution grids in different geographical areas, to investigate
potential flexibility requirements to avoid grid reinforcements, and to
design customized incentives for different groups to steer their charging
behavior.

We develop an agent-based model (ABM) for domestic EVs, con-
sidering different future scenarios to account for technological devel-
opment and increased diffusion of EVs and charging infrastructure.
Using an ABM offers the advantage of considering different socio-
demographic characteristics of EV users while implementing a rep-
resentative population to account for mass adoption (Crozier, Apos-
tolopoulou, & McCulloch, 2018). Furthermore, ABMs allow us to imple-
ment diverse driving and charging behavior based on empirical findings
while considering the interactions of EV users among themselves, with
charging stations, and with the environment — e.g., the occupation of
charging stations by other EV users. In addition, ABMs allow that the
future technological developments and diffusion considered can change
EV users’ behavior (Pagani, Korosec, Chokani, & Abhari, 2019).

As we aim to investigate the impact of different spatial structures
and driving profiles, we need to select a geographical case with di-
verse spatial structures, i.e., urban agglomerations and rural areas, and
diverse mobility behavior, particularly related to car ownership. Based
on these case selection criteria, we choose three Cantons in Switzerland
that show a stark contrast in urban and rural areas as well as car
ownership. Switzerland has an EV diffusion of ca. 2% (EBP Schweiz AG,
2021), its charging infrastructure is well developed (Schweiz, 2020),
and data availability is high. Additionally, Switzerland has specified
policy measures to increase the share of EVs by making them an
attractive alternative to conventional cars (Swiss Government, 2018),
which increases the relevance of our study for policymakers.
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Key inputs Agent-based model
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Key outputs

‘ Urban agglomeration 15min resolution:

‘ Rural multicentric

For each EV:

Rural monocentric

Class 1: Domestic EVs

Charging locations
Charging durations

Plug-in behavior

Charging intention
C Update SOC

SOC over time

~
S8l v v v v v D D
& Class 2: Dwell-time Aggregated and average EV
Slv v v v v locations charging load profiles for
$ - different grid settings:
v v v v Vv ) No, one, or several charging « Areas (urban, rural, suburban)
g stations
e

Charging power

« Types (residential, mixed)

Fig. 1. Overview of the agent-based model (descriptions of class attributes can be found in Table B.1). The key inputs include three geographical cases with different spatial
structures each of which is implemented in the model with four frame-scenarios specifying (future) technology diffusion and development. Each frame-scenario includes one mobility
behavior scenario and is combined with five plug-in behavior scenarios. The agent-based model consists of two implemented classes (domestic EVs and dwell-time locations), which
interact with each other in 15 min time-steps. The interaction occurs during the dwell-times of the EV agents and is described in Fig. 3. Key outputs include detailed information
about charging locations and durations as well as the battery state-of-charge for each EV. Using this information, we calculate the aggregated and average EV charging load profiles

for different grid settings, which we specify as areas and types.

2. Method
2.1. Agent-based model description

This following section loosely follows the ODD protocol (i.e.
overview, design concepts, details) for describing ABMs (Grimm et al.,
2010). We first present the model purpose and overview, followed by a
description of the key model entities and scales, and a brief outline of
the model process. Subsequently, we describe in detail the key model
inputs (i.e. plug-in behavior, frame-scenarios, geographical cases, and
mobility behavior), each in a separate subsection. A full description of
all model concepts and data used can be found in Appendix B, C, and
D.

2.1.1. Model purpose and overview

Fig. 1 shows an overview of the ABM developed to simulate EV
load profiles, considering diverse plug-in behavior, spatial structures,
and driving profiles. The purpose of the model is to analyze the impact
of different plug-in behaviors (input scenarios) on the aggregated and
average EV load profiles in different grid settings (key output) and
geographies (geographical cases) under current and different future de-
velopments (frame-scenarios), considering detailed mobility behavior
(input). We incorporate detailed plug-in behavior (see Section 2.2),
overcoming its restricted implementation in extant work that typically
neglects empirical findings such as range anxiety or different charging
locations (Daina et al., 2017b). The bottom-up approach of the ABM
also allows aggregating charging load at different levels, which we use
to investigate different spatial categories, such as urban, rural, or sub-
urban and mixed or residential postcode areas as well as home, work,
and public locations. By using an ABM, we can also implement detailed
simulated mobility data, capturing the relation between travel patterns
and possible charging dwell-time durations (Daina et al., 2017b; Pagani
et al.,, 2019). Based on the outputs of the ABM, we investigate the
flexibility potential resulting from different plug-in behavior scenarios.
We define flexibility as the reduction of daily peak and the total shifted
load in one day between each plug-in behavior scenario and a base-case
scenario.

2.1.2. Entities, state variables, and scales

The ABM includes two classes: domestic EVs as agents and dwell-
time locations as entities. The number of “domestic EV” agents depends
on the geographical case and the EV diffusion in the frame-scenario
and ranges from 70 to 21,125, as specified in Table 2. The dwell-time
locations include all locations at which the EV agents park, of which
a certain percentage have charging stations, depending on the frame-
scenario. The “domestic EVs” are characterized by attributes such as

the mobility schedule for each EV agent, EV type, battery capacity,
risk attitude (averse or affine), early adopters, the energy consumption
per trip, charging intention, and SOC. The “dwell-time locations” have
attributes such as location type (home, work, or public), charging
station availability, and charging power, as well as potential occupation
and waiting agents. Each location can have no, one, or several charging
stations, and in the case of occupation, EVs can decide to queue or
move on to their next destination. A detailed description of the class
attributes can be found in Table B.1.

Spatial scale: We choose three geographical cases covering an urban
agglomeration (Canton Zurich), a rural multicentric (Canton Fribourg),
and a rural monocentric (Canton Graubunden) case to cover different
spatial structures and mobility behavior (Axhausen et al., 2020). Each
of the geographical cases contains multiple postcodes, with a category
for the area (urban, rural, or suburban) and the type (residential or
mixed). The model uses exact coordinates of the dwell-time locations,
which we aggregate to postcodes as our spatial unit in our analysis.

Temporal scale: We simulate one typical weekday derived from the
mobility data in 15 min resolution. We use one typical day because,
during weekdays, the variation in charging behavior is considered
negligible (Lee, Chakraborty, Hardman, & Tal, 2020) and only very
few charging sessions last longer than 24 h (Sadeghianpourhamami,
Refa, Strobbe, & Develder, 2018). We simulate two days, using the
first day as an initialization period and the output of the second for
further analyses.! While many studies use an hourly resolution over
a day (e.g., Mu et al.,, 2014), the 15 min resolution allows for more
detailed analyses of the impact of EV charging loads on distribution
grids.

Input data: To be able to derive conclusions on the effect of different
driving profiles, we cluster the agents’ mobility behavior. Further input
includes the diffusion of EVs (either full battery (BEV) or plug-in
hybrid (PHEV)), depending on socio-demographic characteristics, and
the diffusion of charging infrastructure, depending on locations (work,
home, public) and areas (urban, rural, suburban). We further specify
technology characteristics, such as EV battery capacities and charging-
station capacities. We implement four frame-scenarios and couple each
one with five plug-in behavior scenarios, as shown in Fig. 2. The four
frame-scenarios specify different technology diffusion stages and devel-
opments (i.e. “Current state,” “Dominant internal combustion engine
(ICE),” “Dominant EV,” and “Full BEV”).

! During the conceptualization of the model, we repeated the typical day
covered by the mobility data five times and did not find substantial differences
between the days after the initialization day. Hence, we consider only one day
for the analysis.
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| Rural monocentric (Graubunden)
| Rural multicentric (Freiburg)
Urban agglomeration (Zurich)
Plug-in behavior
Always_Last_Trip Range_Last_Trip Work Opportunity socC
EV users charge at EV users charge at EV users charge at EV users charge EV users charge if
the end of final trip of | the end of final trip of | work every day whenever possible if | SOC < 15% (risk
the day every day the day if SOC is not SOC can increase affine) or SOC <
enough for all trips by 20% 30% (risk averse)
during the next day
Current state
Based on current
diffusion of EVs and \/ ‘/ \/ \/ \/
charging stations
Dominant ICE
0 ICE cars dominate the
-2 car fleet and charging \/ \/ \/ \/ \/
g infrastructure diffusion is
& relatively low
¢
g Dominant EV
© | EVs dominate the car fleet
w | and charging infrastructure ‘/ \/ ‘/ ‘/ ‘/
diffusion is high
Full BEV
Al cars are BEVs and
charging station availability \/ \/ \/ \/ \/ I
is extremely high —

Fig. 2. Scenario matrix including frame-scenarios, plug-in behavior scenarios, and geographical cases implemented in the agent-based model. We combine each of the
four frame-scenarios specifying the technology diffusion and development (rows; further details are explained in Section 2.3) with each of the five plug-in behaviors (columns;
further details are explained in Section 2.2). The resulting 20 combinations are implemented in the model for each of the three geographical cases (three layers; further details in

Sections 2.4 and 2.5.1) leading to 60 simulated scenarios in total.

Stochasticity: We implement probabilistic assumptions for our
frame-scenarios regarding EV diffusion, type, battery capacity, and
energy consumption per km driven (as shown in Table 2). We also
implement charging-station availability, capacity, and the number of
connections per charging location as probabilistic parameters. In ad-
dition, we assign the EV type and a risk attitude to EV agents, using
a random selection of EV agents with conditions, such as the EV
type and socio-demographic characteristics. We use 50 model runs
per model specification to investigate the effect of the implemented
probabilistic parameters. The model is implemented using the Python
package mesa (Masad & Kazil, 2015).

2.1.3. Process overview and scheduling

Fig. 3 provides an overview of the model parts (EV diffusion,
charging-station diffusion, model initialization, and the model work-
flow for each EV agent) and their components. The parts EV and
charging-station diffusion are described in Section 2.3 as they depend
on the different frame-scenarios implemented. The two classes are
simultaneously activated and interact within and across classes during
the dwell-times of EVs as they potentially use the charging stations
available at the respective locations.

During each 15-min step, an EV agent can either be traveling or
staying at a specific location. The EV agents conduct their trips based
on the mobility data and depending on the availability of a charging
opportunity, the EV agents decide at the beginning of every dwell-
time whether they want to charge or not. Consequently, the EV agent
can either be connected to a charging station without charging (if
SOC = 100%), charge, wait and queue, or remain idle. The charging
decision is based on the decision factors of their plug-in behavior,
such as the current SOC of the EV battery, the dwell-time duration
and location, or possible charging power, as briefly summarized in
Fig. 2. The implemented plug-in behavior is explained in detail in
Section 2.2. The SOC of the EV agent is updated at every step, while the
required energy for a trip is deducted at the beginning of the next dwell-
time. Variables related to the charging process, such as the charging
power used, as well as the charging and connection durations, are

updated at every step in cases where the EV agent is charging. The
remaining variables, such as distance driven, energy consumption, and
travel or dwell-time, are updated if an EV agent switches from travel
to dwell-time or vice versa according to their mobility schedule.

The SOC decreases after a trip and increases during a charging
event. As the initial SOC at the beginning of the day is likely to be
distributed between 78% and 100% (Hu, Dong, & Lin, 2019), we start
the simulation with a uniform SOC distribution between 80% and 100%
while ensuring that the required SOC for all trips within the next 24 h
is covered. This assumption only applies to the simulated day 1 used
for initialization of the model while we use the following day 2 for
analysis. Distributions of the initial SOC are illustrated in Fig. B.1.
As we focus on plug-in behavior, we assume a default uncontrolled
charging process that uses maximum power until the SOC reaches 80%
with an exponential decrease thereafter, aligning with the concept of
“Constant Current, Constant Voltage (CCCV)” (Pagani et al., 2019;
Schauble, Kaschub, Ensslen, Jochem, & Fichtner, 2017). The charging
process starts immediately at the beginning of the dwell-time if the
agent intends to charge and a charging station is available at the
respective location. The charging process ends when SOC = 100% or
the EV departs, as almost all charging sessions end with a full battery
(e.g., Quirés-Tortds, Ochoa, & Butler, 2018; Schauble et al., 2017).
Respective formulas used in the model are specified in Section 2.3.

2.2. Plug-in behavior scenarios

We simulate five distinct plug-in behavior scenarios to investigate
the resulting EV charging load profiles. In our model, each plug-in
behavior scenario is built on a charging rationale based on decision
factors that guide an EV user’s charging decision, assuming that EVs
are only plugged in if their users intend to charge them. As extant
literature indicates that charging decisions are similar in different
empirical contexts (Pareschi et al.,, 2020), all five plug-in behavior
scenarios are implemented in the three geographical cases with the four
frame-scenarios described in the next section.

The plug-in behavior scenarios have been selected to cover realistic
as well as extreme cases of charging behavior, such as every EV user
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Fig. 3. Overview of model parts and their components. The model first implements the EV and charging-station diffusion, including their characteristics, such as EV type,
battery capacities, energy consumption, and risk attitude, as well as charging power and the number of charging connections. During the model initialization, the model retrieves

this information to then simulate each 15-min timestep for each EV agent.

charging exclusively at the end of the final trip of the day. Extant liter-
ature indicates that while realistic charging behavior is more complex
than simplified mean behavior based on single decision factors (Helmus
et al., 2020), EV users do base their decisions on heuristics rather than
detailed analyses on planned travel or optimization (Wen et al., 2016).
Furthermore, extreme cases are particularly relevant for distribution
grids, as their aggregated charging loads potentially result in higher
demand load peaks than more diverse charging behavior (Aunedi,
Woolf, Bilton, & Strbac, 2014).

The decision factors for each plug-in behavior scenario have been
selected based on a literature review of empirical studies worldwide
that investigate EV charging behavior. Table A.2 provides an overview
of empirical studies from 2013 to 2022, including data from pilot
projects, real-world charging stations, and surveys. As Table A.1 shows,
most studies consider the initial SOC at the beginning of a charging
event, the charging station location, and the time of day as important
factors influencing plug-in behavior. Further important influence fac-
tors include planned travel, charging costs, dwell-time duration, and
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charging power. We therefore base three selected plug-in behavior
scenarios primarily on the charging-station location and planned travel
(“Always_Last_Trip”, “Range_Last_Trip”, “Work”) while the remaining
two scenarios are primarily based on the initial SOC and the energy that
can be obtained during the charging event (“Opportunity”, “SOC”).
Potential differences in charging costs between locations are reflected
in the plug-in behavior “Work,” assuming cheap work place charging
opportunities. All plug-in behavior scenarios include home charging —
including on and off-street charging — which is in line with current
charging behavior (Hardman et al., 2018; Wei, Ramakrishnan, Needell,
& Trancik, 2021). Other charging locations are workplace and public
charging, while excluding travel stops with the sole purpose of charg-
ing, which are least used for charging (Hardman et al., 2018). Table 1
provides a detailed description of the plug-in behavior scenarios.

The plug-in behavior “Always_Last_Trip” represents the base case by
assuming that all EV users charge immediately at the end of their final
trip of the day, every day. Many studies assume this plug-in behavior
based on empirical findings that the probability of charging increases
at the end of the final trip of the day due to the long dwell-time and
the habit of plugging-in the EV at the end of the day (e.g., Langbroek,
Franklin, & Susilo, 2017; Xu, Meng, Liu, & Yamamoto, 2017). The
final destination of the day is typically the home location, which most
EV users prefer compared to other locations (e.g., Krause, Ladwig, &
Schwalm, 2017; Morrissey, Weldon, & O’Mahony, 2016) even though

workplace or public charging stations might offer higher charging
power (Hu et al., 2019). Studies find that 87% of participating EV users
have a charging station at home and 58% of them do not consider
charging at another location, or that more than 50% only ever charge
at home (e.g., Krause et al., 2017; Lee et al., 2020). In our model, if
no charging station is available at the final destination of the day, the
dwell-time duration is < 1 h, or the SOC is < 40%, the EV user charges
for the longest dwell-time they can obtain at an available charging
station. If this charging station is occupied, the EV user waits until
the end of their dwell-time and if they are still unable to charge, they
charge at the next opportunity.

As EV users do not necessarily charge every day (e.g., Xu et al,,
2018), we vary the previous plug-in behavior to “Range _Last_Trip” by
adding the condition that all EV users charge at the end of the final
trip of the day only if the SOC is not sufficient to cover all their trips
on the following day, including a buffer of 20%. As Table A.1 shows,
many studies consider the initial SOC at the beginning of charging an
important influence factor on charging behavior. Additionally, typical
charging frequencies are lower than each day, ranging from 5.3 times
a week (SchmalfuRBet al., 2015) to 3.1 times a week (Franke & Krems,
2013) or intervals of 5.36 days (Kim, Yang, Rasouli, & Timmermans,
2017) or three to four days (Schéuble et al., 2017). While this plug-in
behavior is typical for early adopters (Jabeen, Olaru, Smith, Braunl, &
Speidel, 2013; Lee et al., 2020), we apply it to all EV users and hence,
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cover a scenario in which all EV users are likely to behave like early We implement the plug-in behavior “Work” to investigate a fo-

adopters. cus on workplace charging, as the availability of workplace charging
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Always_Last_Trip

Range Last_Trip

Work

Opportunity

SOC

EV users charge at
the end of the
final trip of the
day every day

if there is a
charging station
available;
otherwise, they
charge at their
longest dwell-time
with a charging
station available
every day

EV users charge at
the end of the final
trip of the day if
SOC is not enough
for all trips during
the next day with
a 20% buffer if
there is a charging
station available;
otherwise, they
charge at their
longest dwell-time
with a charging

Depending on
charging-station
availability, EV
users charge at
work every day
(Range_Last_Trip
if no workplace
charger available)

EV users charge
whenever possible
if SOC can
increase by 20%
(depends on
dwell-time and
charging power
available)

EV users charge
if SOC < 15%
(risk-affine)

or SOC < 30%
(risk-averse)
and if
dwell-time >
30 min;

if SOC < 10%,
all users charge
regardless of
dwell-time

station available if
SOC is not enough
for all trips within
the next 24 h

is expected to highly influence EV charging loads (e.g., Babrowski,
Heinrichs, Jochem, & Fichtner, 2014) and EV users prefer home and
workplace charging over public charging (e.g., Bjornsson & Karlsson,
2015; Hardman et al., 2018). This behavior particularly considers the
possibility of cheap workplace charging, which several employers use
to encourage the uptake of EVs (Hardman et al., 2018; Lee et al.,
2020). EV users who only have a charging station at home charge
according to the previous plug-in behavior “Range_Last_Trip”, while
those who have a charging station at work charge there every day,
as cheap workplace charging can lead to EV users charging their EVs
unnecessarily (Hardman et al., 2018).

We implement the plug-in behavior “Opportunity” as some EV users
might charge their EV based on opportunity rather than necessity
(e.g., Helmus et al., 2020; Lee et al., 2020). This plug-in behavior
includes home, workplace, and public charging stations, and EV users
charge whenever they can gain an increase in SOC of at least 20% of
a full charge, which depends on the dwell-time and available charging
power. While most EV users are reluctant to pay a fee for the availabil-
ity of public charging, public charging stations could attract EV users
beyond the early adopters (Globisch, Plotz, Diitschke, & Wietschel,
2019). Additionally, studies find a typical difference in SOC of 25%
after a charging event (Schauble et al., 2017) and a higher probability
of charging if the possible increase in SOC is between 20%-30% of a
full charge (Yu & MacKenzie, 2016).

The final plug-in behavior is “SOC”, which is mainly based on the
SOC at the beginning of a dwell-time and distinguishes between risk-
affine and risk-averse EV users. We include a threshold SOC under
which EV users charge their EV at any location provided they can
achieve a dwell-time duration of at least 30 min, as the SOC has been
identified as the most important factor influencing charging events
(e.g., Philipsen, Brell, Brost, Eickels, & Ziefle, 2018; Yang, Yao, Yang, &
Zhang, 2016). The threshold SOC to charge an EV varies substantially
within extant literature, as EV users show different risk perceptions
and levels of range anxiety. While some studies find a relatively low
threshold SOC (e.g., 16.6% Quirés-Tortos et al., 2018, rural: 27.8% (SD
= 13.44), urban: 19.8% (SD = 12.85), mean for public charging sta-
tions: 17.0% (SD = 10.56) Krause et al., 2017), other studies find that
48.6% of users feel uncomfortable if the SOC is below 25% (Philipsen
et al., 2018) and that a common threshold SOC is 30% or 15%, corre-
sponding to standard charge-level warnings (Franke & Krems, 2013).
Considering different levels of range anxiety, we distinguish between a
threshold SOC of 15% for risk-affine EV users and 30% for risk-averse
EV users (Latinopoulos et al., 2017) in our model. We consider a share
of 50% risk-affine people, which includes all PHEV users because they
can use their EVs with SOC = 0. The remaining share to achieve 50%
risk-affine people consists of early adopters (e.g., Helmus et al., 2020;
Latinopoulos et al., 2017), complemented by any other EV users.
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2.3. Frame-scenarios

The frame-scenarios have been selected to investigate potential
future developments, i.e., different mobility behavior and EV and
charging-station diffusion stages as well as technology development,
e.g., the share of BEV and PHEV, battery sizes, and charging station
power, including extreme situations to cover a wide range of pos-
sibilities. Further detail is specified in Table 2. The frame-scenario
“Current state” is based on available data about the current diffusion
of EVs and charging stations in Switzerland. In the frame-scenario
“Dominant ICE,” conventional ICE cars dominate the car fleet and
charging infrastructure diffusion is relatively low. The frame-scenario
“Dominant EV” describes a future situation where EVs, specifically
BEVS, dominate the car fleet and charging infrastructure diffusion is
high. The frame-scenario “Full BEV” describes the extreme situation
where all cars are BEVs (no PHEVs involved) and charging-station
availability is extremely high.

When applying the different shares of EVs in our model, we capture
different characteristics of EV users at different EV diffusion stages,
and distinguish between BEVs and PHEVs. We categorize the agents
into typical early adopters and non-early adopters. As previous studies
found that middle-aged men with high socioeconomic status are likely
to be the first adopters of EVs (Ensslen, Paetz, Babrowski, Jochem,
& Fichtner, 2016; Plotz et al., 2014), we categorize agents as early
adopters if they meet the following criteria: age 35-50, employed,
8,000 CHF or more monthly household income, and male. We fur-
ther assign risk affinity, i.e. high trust in technology, to these agents
(e.g., resulting in lower SOCs at the beginning of a dwell-time) (Hel-
mus et al., 2020; Latinopoulos et al., 2017). While we implement EV
adoption randomly with specific shares of BEVs and PHEVs, we add
several constraints to achieve more realistic results. We assign EVs
to the previously identified early adopters first and ensure that only
one car per household is an EV, because extant literature finds that
early EV adopters typically own another ICE car (Skippon & Garwood,
2011). For the “Dominant EV” and “Full BEV” frame-scenarios, a single
household can have more than one EV. We also ensure that starting
with a fully charged battery does not lead to a negative SOC at the
end of the simulated typical day, as we expect users to choose their
EV characteristics according to the mobility demand of their typical
day. If a simulated day with a PHEV results in a negative SOC, the
SOC is set to zero, assuming that the remaining distance is covered
by the combustion engine of the car. If a simulated day with a BEV
results in a negative SOC, the BEV is replaced with a PHEV and a
different, randomly selected PHEV is replaced with a BEV to maintain
the initial share of BEVs. If the share of PHEVs is too small or zero in
the respective frame-scenario, we increase the battery capacity of BEVs
resulting in a negative SOC to cover the simulated day, including a
10 kWh buffer. The assumed EV adoption shares and PERT distributions
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Table 2
Assumptions for implemented frame-scenarios.
Parameter Current Dominant Dominant Full BEV References
state ICE EV

Share of EVs in the car fleet 2% 20% 60% 100% Current state: (EBP
Schweiz AG, 2021), Other
frame-scenarios: (EBP
Schweiz AG, 2021;
Prognos; INFRAS; TEP
Energy, 2021;
SwisseMobility, 2021) and
Int1?

Share of BEVs in EV fleet 65% 75% 85% 100% Current state: (Swiss

consisting of BEVs and PHEVs Federal Office of Energy,
2021b), Other
frame-scenarios: (EBP
Schweiz AG, 2021;
Prognos; INFRAS; TEP
Energy, 2021;
SwisseMobility, 2021) and
Intl

Battery capacity” 100% 130% 160% 180% Armand et al. (2020), EBP
Schweiz AG (2021)

Energy consumption® 100% -1% 2% -3% Prognos; INFRAS; TEP
Energy (2021)

Charging station availability!

Home® (urban) 75% 80% 85% 100%

Home (rural) 95% 95% 95% 100%

Home (suburban) 80% 85% 90% 100%

Work (urban) 15% 20% 50% 90%

Work (rural) 5% 15% 40% 70%

Work (suburban) 10% 18% 45% 80%

Public (urban) 10% 20% 40% 70% Current state: (Swiss
Federal Office of Energy,
2019, 2021a)

Public (rural) 5% 8% 15% 40% Current state: (Swiss
Federal Office of Energy,
2019, 2021a)

Public (suburban) 8% 15% 25% 50% Current state: (Swiss

Federal Office of Energy,
2019, 2021a)

Charging capacity: Home and work chargers; public chargers in brackets

Current state: (Swiss
Federal Office of Energy,
2021a) and Intl

3.7 kW 35% (15%) 30% (5%) 10% (5%) 0% (0%)

7.2 kW 35% (15%) 50% (15%) 20% (10%) 5% (5%)

11 kw 25% (5%) 15% (15%) 60% (10%) 75% (5%)

22 kW 5% (45%) 5% (45%) 10% (45%) 20% (30%)

50 kw (10%) (5%) (5%) (10%)

80 kw (0%) (5%) (5%) (10%)

100 kw (0%) (5%) (10%) (15%)

150 kW (10%) (5%) (10%) (20%)

350 kw (0%) (0%) (0%) (5%)

Charging efficiency 85% 85% 87.5% 90% Axsen and Kurani (2010),
Cox et al. (2020), Pasaoglu
et al. (2013)

Approx. number of EV agents

Zurich 400 4,250 13,175 21,125

Freiburg 120 1,275 4,115 7,045

Graubunden 70 645 1,900 3,030

aThis reference notation refers to an expert interview, as detailed in Appendix E.
bSee Table 3 for the absolute values corresponding to 100%.
¢See Table 4 for the absolute values corresponding to 100%.

dpercentages refer to the probability that a location at which an EV stops has at least one charging station. Further details on the number of connections are provided below.

¢Categories refer to the location, i.e. “home” includes on-street public charging in residential areas.

for EV battery capacities for all frame-scenarios are specified in Tables 2
and 3. Due to computational constraints, we scale the input data of
each frame-scenario to 15% and run each scenario configuration 50
times. We tested these scaling factors by varying both and investigating
the results so we can choose the lowest possible data input while still
capturing the model patterns.

For the energy consumption per trip, we distinguish between “ur-
ban,” “rural,” “suburban,” and “motorway” because the drive cycles
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— tracing a car’s velocity and its changes during a journey (Crozier
et al.,, 2018) - vary substantially across these categories, as investi-
gated with real-world data on European car driving (André, 2004).
As our data includes “suburban” as an additional category beyond
“urban” and “rural,” we assume the values for “suburban” in be-
tween ‘“urban” and “rural”. We use PERT distributions based on min-
imum, expected, and maximum values derived from extant litera-
ture. Aligning with other studies, such as 30 kWh/100 km (¢ =
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Table 3
Battery capacity in 2020; based on (Energie, 2020;
Prognos; INFRAS; TEP Energy, 2021) and Int1.

BEV PHEV
Minimum value 30 kWh 5 kWh
Expected value 50 kWh 10 kWh
Maximum value 100 kWh 15 kWh

6 kWh/100 km) (Schwarz et al., 2020), 20 kWh/100 km (Aunedi,
Woolf, & Strbac, 2015), 16.5 kWh/100 km (Fournier, Lindenlauf,
Baumann, Seign, & Weil, 2014), and real-world energy consumptions of
passenger EVs between 10-33 kWh/100 km (Weiss, Cloos, & Helmers,
2020), we made assumptions according to Table 4. Extant literature
shows that the variation due to the drive cycle is more significant than
due to the EV model, with “motorway” using about 70% more energy
than “rural” (Crozier et al., 2018). Therefore, we did not distinguish
between EV models and applied “motorway” to all trips of 20 km or
more (e.g., Crozier et al., 2018).

SOC calculations: In line with extant work (Lojowska et al., 2012;
Mu et al., 2014; Qian, Zhou, Allan, & Yuan, 2011), we assume that
the SOC drops linearly with the travel distance and use the following
equation for SOC decrease:

SOC,,(j) = SOC,,;(j — 1) — congy * (€8]

capgy

with SOC,,,,(j) as the SOC at the start of the dwell-time j, SOC,,,(j—1)
as the SOC at the end of the previous dwell-time, cong; in kWh/km as
the energy consumption of the EV, d as the distance of the trip since
the previous dwell-time in km, and capy), as the battery capacity in
kWh. For the SOC at the end of the dwell-time after a charging event,
we apply the following equation:

’L‘ arge,
SOCend(j) = SOCsmrr(i) + % * / e PEV(t) dt

PEV Tehargestars

(2

with #.444. as the charging efficiency, assumed to be 85% (e.g., Cox
et al., 2020; Pasaoglu et al., 2013), fcparge,,,,, @04 fcparge,,, S the start
and end times of the charging event, and Pg;, as the charging power.

Charging-station availability: For charging-station availability, the
assumptions for the different frame-scenarios differ between home,
workplace, and public charging stations in urban, suburban, and ru-
ral areas. For the charging location types “work” and “public,” the
availability percentages for urban areas are always higher than for
suburban areas, which are in turn higher than those for rural areas.
For “home” locations, the opposite applies, because the more rural an
area is, the fewer workplace and public charging stations are available,
and consequently, the more home charging stations are required. We
base these assumptions on the current diffusion of public charging
infrastructure in urban, rural, and suburban areas at postcode level.
Using a publicly available data set (Swiss Federal Office of Energy,
2019), we find that the average number of public charging stations is
2.8 (6.2) in urban, 2.1 (2.5) in suburban, and 1.0 (1.7) in rural areas in
Canton Zurich (Graubunden). As the data is not complete, we use these
findings as a qualitative indication that the more urban an area is, the
more public charging infrastructure is available.

Each location with at least one charging station — as determined
according to the probabilities in Table 2 — can have several charging
stations, each offering several connections. We distinguish the total
number of possible connections per location by the charging location
type, i.e. home, work, and public. Home charging-station locations have
as many connections as there are EVs at the respective “home” loca-
tions. As public charging locations have about two charging stations
on average, each with several connections (Swiss Federal Office of
Energy, 2021a), work and public locations with charging stations have
a uniform distribution of two to nine connections, i.e. each number of
connections occurs with 12.5% probability.

When applying the assumptions for the charging stations in the
model, we further ensure that each EV user has at least one charging
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station on their daily trip. As dwell-times at locations other than home
can be very short, charging stations at these locations are not sufficient
to cover the mobility schedule of every EV agent. Therefore, each
agent with only one charging station on their daily trip at a non-home
location also gets a charging station assigned at their home location.
Furthermore, for agents that drive more than 100 km (or 400 km) per
day, charging stations with 3.7 kW charging power are not sufficient
to charge the battery for the next day even during long dwell-times
(e.g., over night). Hence, these agents get a charging station of 22 kW
(or 50 kW) at their longest dwell-time with a charging station.

The capacity of charging stations develops from low to high across
the frame-scenarios, representing technology development. Due to con-
straints on household grid connections, we assume that public charging
stations have higher charging capacities (Hu et al., 2019). Therefore,
50 kW capacities and above only apply to public charging stations.
The frame-scenario “Dominant ICE” assumes that most new charging
stations installed at households have a capacity of 7.2 kW, whereas
the frame-scenario “Dominant EV” assumes that most new charging
stations are installed with 11 kW. While capacities up to 11 kW only
need to be reported to the network operator, higher capacities require
permission for installation, which might not be possible due to limited
household grid connections (Energieheld Schweiz, 2021). The share
of 22 kW capacities therefore remains relatively low for home and
workplace charging locations — even in the frame-scenario “Full BEV,”
with very high charging-station diffusion.

2.4. Investigated spatial structures

We use postcode areas as spatial units and aggregate EV load
profiles by postcodes to limit the computational capacity required while
gaining meaningful results at the distribution-grid level. We categorize
each postcode area with two characteristics to describe its spatial
structure: (1) the area (e.g., urban, rural, suburban) and (2) the type
(e.g., mixed or residential). For (1) the area, we used the statistics on ur-
ban/rural typology (Swiss Federal Office for Statistics, 2012) with pre-
defined categories ‘“urban,” “rural,” and ‘“‘suburban” at municipality
level, and geospatial data on postcodes at village level (Opendata.swiss,
2021). More detail on the categorization of postcode areas is provided
in Appendix C. Table 5 summarizes the number of postcodes per area
category.

For (2) the type, we used data on land-use per hectare with 27
categories (Swiss Federal Office for Statistics, 2018), including indus-
trial and commercial buildings, residential buildings, public buildings,
agricultural buildings, streets, forests etc. We merged the hectare cat-
egories with geospatial data on postcode areas and calculated the
share of each hectare category per postcode area. As we investigate
mobility and charging behavior, we are most interested in areas with
(i) industrial and commercial buildings, (ii) residential buildings, and
(iii) public buildings. We therefore base our categorization on these
three categories only. Due to the low amount of postcodes resulting in
“industrial” and “public” postcodes, we summarize all postcodes that
have not been classified as “residential” to “mixed” postcodes. More
detail on the categorization is provided in Appendix C. “None” applies
to postcodes for which all shares of the three categories “industrial,”
“residential,” and “public” are zero. These postcode areas are a mix of
some of the other 24 categories, e.g., agricultural buildings or forests.
While Table C.1 provides the number of postcodes for the detailed
type categories, Table 6 provides the number of postcodes for the type
categories used in the model.

In addition to the postcodes as spatial units, we classify each lo-
cation in the model as home, work or public (the latter including
shop, leisure, service, and education locations). These categories allow
investigating the impact of possible future charging infrastructure de-
velopments on different plug-in behaviors and resulting EV charging
loads. We gain these categories for each location from the mobility
data, including geospatial coordinates.
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Table 4
Energy consumption of EVs.
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Urban Rural

Suburban Motorway

15 kWh/100 km
20 kWh/100 km
25 kWh/100 km

Minimum value
Expected value
Maximum value

12.5 kWh/100 km
17.5 kWh/100 km
22.5 kWh/100 km

14 kWh/100 km
19 kWh/100 km
24 kWh/100 km

25 kWh/100 km
30 kWh/100 km
35 kWh/100 km

Table 5
Number of postcodes per area category.

Canton Zurich Canton Freiburg Canton Graubunden

Urban 110 19 16

Rural 42 107 197

Suburban 100 47 57

Sum 252 173 270
Table 6

Number of postcodes per type category.

Canton Zurich Canton Freiburg Canton Graubunden

Residential 137 158 245
Mixed 115 15 17
None / / 8
Sum 252 173 270

2.5. Mobility data and driving profiles

2.5.1. Data sources and pre-processing

We use mobility data simulated with MATSim (Horni, Nagel, & Ax-
hausen, 2016) with the extension of using discrete choice models (Horl,
Balac, & Axhausen, 2018a; Horl, Balaé, & Axhausen, 2018b) for an
average weekday, including mode choice, and people’s activity plans.?
The simulated data is based on a synthetic population (Horl & Balac,
2020) of Switzerland that represents 25% of the actual population as
previous studies have found that sampling below 5% to 10% of the
population should be avoided (Bosch, Miiller, & Ciari, 2016). Each
agent follows a daily activity plan, including going to work and leisure
activities.® The mobility data has a temporal resolution of seconds,
which we aggregate to 15 min for our model. For further details on
the simulation of the mobility data, we refer the reader to Horl and
Balac (2019).

The mobility data was generated from scenarios for 2020,* 2030,
2040, and 2050. We use the four mobility scenarios as input for our
four frame-scenarios, i.e. the frame-scenario “Current state” is based on
the 2020 mobility data, “Dominant ICE” is based on 2030, “Dominant
EV” on 2040, and “Full BEV” on 2050. Hence, we assume that the

2 The data was provided by the Institute for Transport Planning and Systems
at ETH Zurich.

3 MATSim is based on the Swiss micro-census transport and mobility
(2015) (BFS/ARE, 2015), census with socio-demographic data (2012) (Bun-
desamt fiir Statistik, 2012), structural survey (2016) (Bundesamt fiir Statistik,
2018), and enterprise census (2016) (Bundesamt fiir Statistik, 2016) to account
for the spatial structure of municipalities. Within MATSim, each agent can
change the routes, departure times, travel mode, and location of the leisure
activities to fulfill their daily travel plans (Bala¢ et al., 2014). In an iterative
process, the agents react to travel conditions, such as travel times, until there
is an equilibrium between the agents’ decisions and the traffic conditions (Horl
& Balac, 2019). Each agent takes decisions on the type of activities, the
activity starting time and duration, the sequence of activities, the location of
the activity, the route to the location, and the mode of transport (Balmer,
Axhausen, & Nagel, 2006). The MATSim extension “Eqasim”, which has been
used to generate the mobility data (Horl et al., 2018b), allows for using
discrete choice models for the agents’ mode choice.

4 As we use simulated data, there is no effect of the Covid pandemic in the
data. Accordingly, the future mobility scenarios are based on mobility behavior
before the pandemic.
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technology diffusion stages and developments considered in the frame-
scenarios align with the mobility developments of the respective future
years. The main difference between the scenarios is the underlying
Swiss population, which is adjusted according to predictions by the
Swiss Federal Office of Statistics (Swiss Federal Office for Statistics,
2016). For details on the mobility scenarios and the methodology used
to generate synthetic populations, we refer the reader to Axhausen et al.
(2020) and Horl, Becker, and Axhausen (2021).

As our goal is to simulate EV charging behavior, we are only
interested in car trips and exclude other modes. The mode “car” is
based on ICE cars, which we use under the assumption that the use
of EVs does not significantly differ from that of ICE cars (e.g., Crozier
et al., 2018; Salah et al., 2015). Pareschi et al. (2020) provide evidence
for the case of Switzerland that mobility data based on ICE cars provide
an appropriate approximation for insights on EVs.

The data pre-processing steps involved excluding agents without
driver’s licenses and without car availability to exclude car trips as
passengers. As the mobility data track people as opposed to cars, we
transformed the data into tracking cars, i.e., we calculated driving
and dwell-times and tracked locations for car dwell-times, while the
respective people might move to other locations by other modes of
transport. We calculated the start and duration of cars’ dwell-times
and categorized locations as home, work, and public (incl. leisure,
service, shop, and education activities). Cars that are not used during
the simulated day are assigned a dwell-time of 24 h and excluded from
the ABM. We do not consider these cars, as the focus of our paper is on
plug-in behavior and these cars cannot change their plug-in behavior
within the simulated 24 h.

We use the spatial specifications of the mobility data to generate the
geographical cases used in this study. We include every EV agent that is
driven at least once in the respective canton area during the simulated
day to that canton’s respective geographical case, and allocate each
dwell-time location to a postcode number of that Canton. Fig. 4 shows
the dwell-time locations of each geographical case.

2.5.2. Clustering driving profiles

To be able to derive conclusions on the impact of driving behavior
on EV charging loads, we categorize each EV agent with a driving
cluster. Hence, we cluster different car uses into representative driving
profiles. Based on previous work (e.g. Mattioli, Anable, & Goodwin,
2019), we calculate eight features for each simulated car: the maximum
dwell-time, the average dwell-time, the standard deviation of the dwell-
times, the number of different destinations, the number of trips, the
total travel time, the total distance traveled, and the latest arrival time
of the day. Due to these features, we can identify different driving
profiles, such as commuters with typically two destinations (home and
work), two trips, and long average dwell-times. We use the clustering
algorithm k-means (Lloyd, 1982; MacQueen, 1967) due to its low
computational cost, which is important for large data sets. More detail
on the clustering approach is specified in Appendix D.

We further analyze the shares of the resulting driving profile clusters
in each geographical case. Additionally, we distinguish the shares in
urban, rural, and suburban areas so we can investigate connections
between spatial structures and driving profiles.

Table 7 summarizes the identified clusters of driving profiles for
all geographical cases in the 2020 mobility scenario. We clustered the
driving behavior into five driving profiles — plus one for the cars
that are not used at all during the simulated day (not included in
Table 7). The results show that the driving profiles with high car
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Table 7
Identified driving clusters per canton based on the 2020 mobility scenario (ZH = Zurich, FR = Freiburg, GR = Graubunden).
Driving profile Canton Simulated Urban Rural Suburban Description
cars [%] [%] [%] [%]
ZH 100 72.5 9.3 18.1 Entire sample per Canton across driving clusters
FR 100 34.9 39.5 25.6
GR 100 32.9 39.2 27.9
Low_Early ZH 26.8 75.4 4.8 19.8 Low and early car use: high maximum dwell-time
FR 24.6 33.6 39.5 26.9 of more than 22h and high mean dwell-times of
GR 28.6 32.4 37.7 29.9 around 12h, latest arrival time is typically early at
around noon, shortest total distance below about
25 km, typically 2 trips, and 2 different destinations
Medium_Short ZH 23.5 74.3 6.9 18.8 Medium car use with short distances: relatively
FR 27.7 35.2 37.3 27.5 low mean dwell-time of less than 6h, medium
GR 27.2 33.6 37.6 28.8 maximum dwell time of about 13h, relatively short
total distance below 50 km, highest number of trips
with about 5 on average, and at least 3 destinations
Medium_Long ZH 18 63.2 22.2 14.6 Medium car use with long distances: medium
FR 18.8 37.1 43.4 19.4 maximum dwell time of about 13h, typical latest
GR 11 28.3 49.3 22.4 arrival time at around 6pm, relatively long distances
of more than 100 km, typically 4 trips per day and
3 different destinations
Commuter ZH 29.8 75.4 6.2 18.4 Commuter: high mean dwell-time of about
FR 25.7 33.6 38.7 27.7 12h, typical latest arrival time at round 6pm,
GR 27.5 34.1 37.6 28.3 short total distance below 50 km, typically 2
trips, and 2 different destinations
High_Use ZH 2 54.1 29.3 16.6 Exceptionally high car use: lowest maximum
FR 3.2 39.2 40.6 20.2 dwell-time of less than 12h on average, latest
GR 5.6 34.9 43 22 arrival time is typically late at around 8pm,

longest total distance with about 300 km on
average, 4 trips on average

use and long distances (“High_Use” and “Medium_Long”) account for
the smallest share of simulated cars (about 20% in total) across all
geographical cases. All other driving profiles account for about 25%—
30% each. The driving profiles are more equally spread among urban,
rural, and suburban areas for the rural multicentric (Freiburg) and
rural monocentric (Graubunden) cases than in the urban agglomeration
(Zurich) case, leading to more similar load profiles when comparing
urban, rural, and suburban areas, as shown in Fig. 7. In contrast, the
urban agglomeration case (Zurich) shows substantially lower shares of
the driving profiles “Low_Early,” “Medium_Short,” and “Commuter” in
rural areas.

3. Results and discussion
3.1. The impact of plug-in behavior

Fig. 5 shows the reduction of daily peak and the total shifted load
in one day of all plug-in scenarios compared to the plug-in scenario
Always_Last_Trip as the base case. In general, Fig. 5 shows that different
plug-in scenarios have different flexibility potentials and that the flexi-
bility potential increases with high EV and high charging-infrastructure
diffusion (frame-scenarios “Dominant EV” and “Full BEV”). In addi-
tion, while shifting from the base case to some of the scenarios can
reduce the daily peak and shift load, shifting to other scenarios can
result in trade-offs (e.g., a substantial amount of load can be shifted
while the peak cannot be reduced or even increases). The plug-in
scenario “SOC” results in the highest reduction of daily peak almost
consistently across the urban, rural, and suburban spatial structures;
the geographical cases; and the frame-scenarios. This could be because
the charging events spread more widely across locations, including
shorter dwell-times while the SOCs remain relatively low. The plug-in
scenario “Work” shows particularly high potential for the total shifted
load in the frame-scenario “Full BEV;” however, it offers only a slight
reduction of the daily peak. While both the plug-in scenarios ‘“Work”
and “Opportunity” result in a medium potential for the reduction of
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the daily peak, “Work” results in the highest total shifted load in the
frame-scenario “Full BEV.”

Fig. 6 shows the average aggregated load profiles for urban, rural,
and suburban postcode areas for each geographical case and frame-
scenario. While the different plug-in behavior scenarios (dashed-lines)
result in similar load profiles for the frame-scenarios “Current state”
and “Dominant ICE,” the differences between the load profiles of
different plug-in behavior increase for the frame-scenarios “Dominant
EV” and “Full BEV.” Hence, changes in plug-in behavior can result in
peak reduction and load shifting in the case of high EV and charging-
station diffusion. The average aggregated load profiles for mixed and
residential areas (see Fig. F.3 in the Appendix) show similar patterns,
with mixed areas aligning with urban areas and residential areas with
rural/suburban areas. In the frame-scenarios “Dominant EV” and “Full
BEV,” the charging strategy “Work” leads to a peak in the morning
when cars arrive at work while decreasing the evening peak. In the
frame-scenario “Full BEV,” however, the morning peak of the plug-
in behavior “SOC” is even higher than the evening peak, which we
discuss further in Section 3.2. The charging strategy “Opportunity” also
increases the load during the day, but does not result in a substantial
decrease of the evening peak. Further analysis shows that this behavior
scenario tends to keep the SOC high, with many charging events spread
across different locations but including the final dwell-time.

A main reason for the differences between the plug-in behaviors
in the last two frame-scenarios is the increased diffusion of charging
infrastructure beyond home locations, i.e. work and public locations.
This provides the possibility to spatially diversify charging load, which
also results in a temporal shift of charging load. Consequently, plug-in
behaviors that use different charging locations, particularly “SOC,” to-
gether with increased spatial diversification of charging-infrastructure
diffusion, could support peak load reduction, which is particularly
relevant for high EV diffusion.

As many previous studies neglect the flexibility potential resulting
from plug-in behavior (e.g., Arias et al., 2017; Xiang et al., 2016), we
complement extant work focusing on the flexibility of the charging
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process within a specific dwell-time. We find that, particularly with
high EV and high charging-infrastructure diffusion, changes in plug-
in behavior can reduce the peak load and shift load by up to 80%.
Changes in plug-in behavior can therefore result in high flexibility and
complement the flexibility of the charging process while adding the
spatial component to the flexibility of charging load.

3.2. The impact of spatial structures

The difference in peak load between different plug-in behaviors
is particularly prevalent in urban areas. While the aggregated load
profiles for postcode areas shown in Fig. 6 are highest for urban areas
across geographical cases, urban areas also demonstrate the highest
potential for peak shifting with spatially diversified charging infrastruc-
ture. As expected, the aggregated peak load is highest for the urban
agglomeration case (Zurich) and declines for the more rural cases.

In contrast to the aggregated peak load, the average peak load
is highest in rural areas in the urban agglomeration case (Zurich)
without substantial differences among urban, rural, and suburban areas
for rural multicentric (Freiburg) and rural monocentric (Graubunden)
cases, as shown in Fig. 7. This indicates that rural areas in the urban
agglomeration case could face the highest local peak loads while the
aggregated load remains relatively low, as shown in Fig. 6. Changes
in plug-in behavior can reduce these local peak loads with higher
charging-infrastructure diffusion, as discussed in Section 3.1. For urban
and suburban areas, the average loads are similar and independent
from plug-in behavior, with some divergence in the frame-scenarios
with higher charging-infrastructure diffusion. The similar urban, ru-
ral, and suburban load curves for the two rural cases (Freiburg and
Graubunden) indicate a more equal variety of driving behavior within
those areas, which we will further discuss in Section 3.3. Fig. F.1 in the
Appendix shows the load profiles for all frame-scenarios, while Fig. F.4
shows the load profiles for mixed and residential areas, which do not
show substantial differences.

These results are in line with previous findings on charging in
urban, rural, and suburban areas. While rural areas are particularly
underrepresented (Franke & Krems, 2013; Neaimeh et al., 2015) in
models, empirical studies show that the use of public and workplace
chargers is highest in rural areas — potentially because people live and
work in the same locality (Hecht et al., 2020). Urban areas, in contrast,
demonstrate lower charging-station use (Hecht et al., 2020). The peak
in rural areas can be 19% higher than in urban areas, as rural EVs cover
longer distances (Crozier et al., 2018; Kelly, MacDonald, & Keoleian,
2012). We confirm this finding for average charging loads while we
find higher peaks in urban areas for aggregated loads.

Large differences between average peak loads occur when distin-
guishing between charging locations. As Fig. 8 shows, home locations
result in a high peak load across all geographical cases for the frame-
scenario “Current state.” For the frame-scenario “Full BEV,” however,
work charging can cause a morning peak and public charging, in
particular, can result in short high peaks (Fig. 8 c). These peaks,
particularly in the frame-scenario ‘“Full BEV,” occur due to the higher
diffusion of fast charging. As fast chargers are typically not connected
to the low-voltage grid, in contrast to home chargers, these peaks could
be particularly relevant for higher grid levels. While in the frame-
scenarios “Current state” and “Dominant ICE” (as shown in Fig. F.2
in the Appendix) most of the charging infrastructure is deployed at
home locations, the locations diversify to work and public locations
in “Dominant EV” and “Full BEV”. For the latter, the peak load in
the morning is even higher for the plug-in scenario “Work” than the
evening peak at home for any plug-in scenario, which decreases by
about 1 kW in the last two frame-scenarios compared to the first two.

Previous findings on charging-load profile differences between
charging-station locations show similar results. At work, the peak
occurs in the morning, while public charging load peaks at noon,
and home charging in the evening (e.g. Flammini et al., 2019; Hu
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et al., 2019). Home charging dominates the load profiles, even though
workplace and public charging can have higher charging capacities (Hu
et al., 2019).

While both load shifting within a specific dwell-time and changes
in plug-in behavior can support temporal load shifting, only plug-in
behavior can spread the load across locations-and hence potentially
also between different distribution-grid areas. The morning peak result-
ing from a shift towards the plug-in behavior “Work” might be less
problematic than the evening peak at home because work locations
might have stronger grid connections, potentially connected at a higher
voltage level. Additionally, considering that the dwell-time of cars at
work locations typically comprises several hours, the peak load could
be distributed throughout the dwell-time and potentially optimized
to maximize PV solar electricity use for charging. The deployment
of workplace charging infrastructure could help to reduce peak load
across all geographical cases, combined with load shifting during the
dwell-time at work.

3.3. The impact of driving profiles

Fig. 9 shows that the two driving profiles with high car use and
long distances (“High_Use” and “Medium_Long”) and the lowest share
in the fleet (about 20% in total) cause the highest peak load. These
driving profiles account for a higher peak in the rural monocentric case
(Graubunden) compared to the other geographical cases, as shown in
Fig. F.5 in Appendix. Changes in plug-in behavior combined with more
spatially dispersed charging infrastructure (i.e. in the frame-scenario
“Full BEV”) show only a limited effect in reducing the peak load
resulting from these driving profiles. Interestingly, while the charg-
ing strategy “SOC” leads to lower peak load for the driving profile
“Medium_Long” - as observed for the loads in urban, rural, and subur-
ban areas as well as home, work, and public locations — “SOC” leads to
the highest peak load for the driving profile “High_Use.” This might be
due to the long distances driven by these cars, which therefore require
large batteries, leading to high loads to recharge them once they reach
a low SOC. Fig. F.5 in the Appendix provides the load profiles for all
frame-scenarios.

The plug-in behavior leading to similar loads for the same driving
profile indicates that driving behavior has a higher impact on loads
than charging behavior. Consequently, the differences in loads in ur-
ban, rural, and suburban areas are likely based on the different mixes of
driving profiles in these areas ( Table 7). The driving profiles with high
car use and long distances but small overall shares (“Medium_Long”
and “High_Use”) account for the highest share in rural areas, potentially
leading to high local peak loads.

Detailed insights into the impact of different driving profiles on
charging load are scarce in extant literature. With our results, we help
to meet the need for a more detailed understanding of the hetero-
geneity of driving profiles and their impact on charging loads, which
is important for the deployment of charging infrastructure (Mattioli
et al., 2019). The closeness of our clustering results to extant findings
in literature (e.g. Mattioli et al., 2019 show that 15% of the UK car
fleet belongs to commuter profiles) strengthens our confidence in the
validity of our own results.

3.4. Implications for policymakers, industry, and research

By analyzing the impact of plug-in behavior on electric vehicle
charging load in different geographical areas, we can draw impli-
cations for policymakers, grid operators, charging-station providers, and
researchers. As we could identify promising plug-in behavior for load
shifting and high potential of changes in plug-in behavior for high EV
and charging-infrastructure diffusion stages, policymakers who want to
shift loads and/or evening peaks could consider incentivizing (a shift
towards) this plug-in behavior, i.e. shifting to a plug-in behavior that
mainly focuses on charging at a low SOC of the EV battery (i.e. 15% to
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30%) regardless of the charging location (“SOC” in our study). These
incentives could include different pricing schemes not only across time
(e.g. time-varying tariffs) but also across space to encourage EV users
to charge their EVs at several different locations.

Our findings on the impact of spatial structures provide implica-
tions for charging-infrastructure deployment. As diversifying charging
locations and times provides load shifting potential, policymakers and
charging-station providers should consider fostering the deployment of
spatially diverse charging infrastructure. The potential for load shifting
results from plug-in behavior and the load shifting within a specific
dwell-time. While both components can be supported by electricity
tariff structures with different prices at different times, supporting
temporal load shifting, only plug-in behavior can spread the load
across locations. In particular, cheap workplace charging could shift the
evening peak to the morning hours and potentially shift load to higher
grid levels, relieving low-voltage grid levels. At low charging-station
diffusion, however, changes in plug-in behavior cannot enable large
peak-load shifts, and new peaks might occur if the charging load is not
managed within a dwell-time. Consequently, complementing a shift in
plug-in behavior (allowing for a change in locations and potentially,
hence, also in distribution grids) while also shifting loads within a
specific dwell-time could achieve an even greater peak reduction.

Our analysis shows that the differences in loads in urban, rural,
and suburban areas are likely based on the different mixes of driving
profiles in these areas. Consequently, grid operators should be aware
of the area type of their respective grid and the mix of driving pro-
files in that area. In urban areas, grid operators should be aware of
substantial load increases with high EV diffusion and check potential
grid constraints. About 20% of car users cause particularly high peak-
charging loads and only 2%-6% of the fleet causes the highest peak.
These driving profiles account for the highest share in rural areas, and
spatially diverse charging infrastructure with different plug-in behavior
provides only limited potential for peak load shifting for these driving
profiles. In rural areas with high shares of these driving profiles, grid
operators should consider the temporal component of load shifting
within a dwell-time.

As driving profiles show high impact on resulting EV charging-
load profiles, researchers investigating the integration of EVs into the
electricity system should consider detailed mobility data to account for
different driving profiles in a specific region. Our analysis for the three
Swiss cases shows that commuters can only account for less than 30% of
the car fleet. Hence, it is not recommended to apply typical commuter
assumptions to all EV users, as this approach overlooks the high share
of other EV users. Particularly in rural cases, diverse driving profiles
should be considered.

Furthermore, models investigating EV charging loads should con-
sider different plug-in behavior in addition to further options for con-
trolled charging. Plug-in behavior provides the basis for both spatial
and temporal load shifting and scenarios such as “SOC” yield substan-
tially different charging loads from the common assumption of every
EV user charging at the end of their final trip every day.

4. Conclusion

In this work, we investigated how different plug-in behaviors affect
(future) EV charging load profiles and their spatial-temporal flexibility.
We developed an agent-based model and implemented four frame-
scenarios for different technology diffusion stages and development,
and three geographical cases to account for diverse urban, rural and
suburban areas. Our results provide insights for decision-makers in pol-
icy and industry to evaluate the impact of EV charging on distribution
grids and investigate potential flexibility requirements to avoid grid
reinforcements.

We find that plug-in behavior becomes particularly relevant for
peak reduction and load shifting in scenarios with high EV and high
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charging-infrastructure diffusion due to the increasing spatial diversi-
fication of charging infrastructure. The plug-in scenario “SOC,” where
EV users charge when their SOC < 30%, shows the highest potential
for peak reduction (up to 80%) and load shifting (up to 80%).

Regarding spatial structures, the impact of plug-in behavior is high-
est for urban areas and peaks can occur at home, work, and public
charging locations. While the aggregated load is highest in urban areas,
the average peak load can be highest or similar in rural areas. This
indicates that while urban areas might be particularly challenged at an
aggregated level, rural areas might face challenges regarding individual
grid connections. While home charging causes high peaks, in scenarios
with spatial diversification of charging infrastructure, work charging
can cause high morning peaks and public (fast) charging, in particular,
can result in short high peaks.

While we found substantial flexibility potential from changes in
plug-in behavior, driving behavior shows a greater impact on EV charg-
ing loads than plug-in behavior, as the investigated plug-in behavior
leads to similar loads for the same driving profile. Consequently, differ-
ences in loads between urban, rural, and suburban areas likely result
from the different driving-profile mixes in these areas.

Further research could extend the investigation of (future) mobility
patterns, controlled charging, and the development of incentives. While
we consider detailed mobility data and future mobility patterns, we
do not include innovative modes such as carsharing, we consider only
one typical weekday, and did not include seasonal differences. Further
research could therefore investigate different and potentially extreme
days of mobility patterns and disruptive changes in mobility behavior.
Moreover, the combination of plug-in behavior and load shifting within
a single dwell-time should be investigated. Different incentives for
leveraging the flexibility should be tested to support policy decisions
on the most impactful measures for flexible EV integration.
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Appendix A. Empirical literature

See Tables A.1 and A.2.

Table A.1

Important influencing factors on charging behavior derived from empirical literature.

Sustainable Cities and Society 88 (2023) 104263

Initial Time Charging Planned Charging Dwell-time Charging Time
SOC  of day station
location

power

possible duration

to gain

Distance Energy Connection Detour Distance Parking
distance to home price

Brady and X
O’Mahony (2016)

Latinopoulos et al. X X
(2017)

Daina, Polak, and
Sivakumar (2015)

Daina et al. (2017a)

Develder, Sadeghi- X
anpourhamami,

Strobbe, and Refa

(2016)

Flammini et al. X
(2019)

Franke and Krems X X
(2013)

Ge, MacKenzie, and x
Keith (2018)

Hecht et al. (2020) X

Helmus et al. X X
(2020)

Jabeen et al. (2013) X X

Kara et al. (2015) X

Khoo, Wang, X
Paevere, and
Higgins (2014)

Kim et al. (2017)

Krause et al. (2017) x X

Langbroek et al. X
(2017)

Lee et al. (2020) X

Moon, Park, Jeong, X
and Lee (2018)

Morrissey et al. X
(2016)

Neaimeh et al. X
(2015)

Neaimeh et al. X
(2017)

Pan, Yao, and X X
MacKenzie (2019)

Philipsen et al. X
(2018)

Quirds-Tortds, X X
Ochoa, Alnaser, and
Butler (2016)

Quirés-Tortds et al.  x
(2018)

Richardson, Moran, X
Taylor, Maitra, and
Keane (2013)

Robinson, Blythe, X
Bell, Hiibner, and
Hill (2013)

Sadeghian- X
pourhamami et al.
(2018)

17

(continued on next page)
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Table A.1 (continued).

Initial Time Charging Planned Charging Dwell-time Charging Time EV Distance Energy Connection Detour Distance Parking
SOC  of day station travel costs duration power interval model driven possible duration distance to home price

18

location to gain
Schiuble et al. X X X
(2017)
Speidel and Braunl x X
(2014)
Sun, Yamamoto, and x X X X
Morikawa (2015)
Sun, Yamamoto, and x
Morikawa (2016)
Vermeulen, Helmus, X
Lees, and van den
Hoed (2019)
Weldon, Morrissey,  x X X
Brady, and
O’Mahony (2016)
Wen et al. (2016) X X X X X
Wolbertus et al. X X X X
(2018)
Xu et al. (2017) X X X X X X
Xu et al. (2018) X
Yang et al. (2016) X X X
Yu and MacKenzie X X X X
(2016)
Zoepf et al. (2013) x X X X
Table A.2
Empirical studies on charging behavior (pilot projects, charging station data, and surveys).
Revealed (RP) Sample size Country EV use EV type Charging location
and stated (SP)
preferences
Ashkrof, Homem de SP 505 responses Netherlands Domestic BEV, PHEV, and Home, work and
Almeida Correia, HEV public
and van Arem
(2020)
Aunedi et al. (2015) RP 391 charging UK Domestic and BEV and PHEV Home, work and
stations commercial public
Brady and RP 15 EVs, 72 EV users Ireland Domestic and BEV Home and public
O’Mahony (2016) commercial
Latinopoulos et al. SP 68 EV users UK and Domestic BEV Home, work and
(2017) Ireland public
Daina et al. (2015) SP 41 EV users UK Domestic BEV and PHEV Home, work and
public
Daina et al. (2017a) SP 88 respondents UK Domestic Conventional car Home, work and
public
Develder et al. RP (1) 134 EV users, Netherlands Domestic (1) BEV Home and public
(2016) 180 charging poles
(2) 53,000 EV users, (2) BEV and PHEV
3,000 public
chargers
Farhar et al. (2016) RP 27 EVs, 138 smart Us Domestic PHEV Home, work and
plugs public
Flammini et al. RP 1750 charging Netherlands Domestic and BEV and PHEV Public
(2019) stations commercial
Franke and Krems RP 79 EV users Germany Domestic BEV Home and public
(2013)
Ge et al. (2018) SP 157 responses Us Domestic PHEV Home, work and
public
Harris and Webber RP 33 EVs Us Domestic BEV and PHEV Home
(2014)
Hecht et al. (2020) RP more than 25,000 Germany Domestic and BEV and PHEV Work and public
connectors commercial
Helmus et al. RP 28,668 EV users Netherlands Domestic and BEV and PHEV Public
(2020) commercial
Jabeen et al. (2013) SP 54 responses Australia Domestic BEV Home, work and

public

(continued on next page)
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Table A.2 (continued).
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Revealed (RP) Sample size Country EV use EV type Charging location
and stated (SP)
preferences
Kara et al. (2015) RP more than 2,000 Us - - Public
charging stations
Kaufmann, Kiinzel, SP 87 responses Switzerland Domestic BEV Home
and Loock (2013)
Khoo et al. (2014) RP 33 EVs, 178 EV Australia Domestic and BEV and PHEV Home, work and
users commercial public
Kim et al. (2017) RP 9027 users, 1880 Netherlands Domestic BEV and PHEV Public
charging stations
Krause et al. (2017) SP 115 responses Germany Domestic BEV Home and public
Langbroek et al. SP 245 responses Sweden Domestic EV and Home
(2017) conventional car
Lee et al. (2020) RP 7979 EV users Us Domestic BEV and PHEV Home, work and
public
Moon et al. (2018) SP 418 responses Korea Domestic BEV and PHEV Home and public
Morrissey et al. RP 711 charging points Ireland Domestic and BEV and PHEV Home and public
(2016) commercial
Neaimeh et al. RP 125 users UK Domestic and BEV Home, work and
(2015) commercial public
Neaimeh et al. RP (1) 51 charging (1) UK Domestic BEV Home, work and
(2017) stations public
(2) 106 charging (2) Us
stations
Pan et al. (2019) SP 160 EV users China Domestic BEV Home, work and
public
Philipsen et al. SP 1021 responses Germany Domestic BEV and Home, work and
(2018) conventional car public
Powell et al. (2022) RP 30,000 EV users us - BEV and PHEV Home, work and
public
Quirds-Tortés et al. RP 221 EV users UK Domestic BEV Home, work and
(2016) public
Quirds-Tortds et al. RP 219 EV users UK Domestic BEV Home, work and
(2018) public
Richardson et al. RP 78 EV users Ireland Domestic BEV Home
(2013)
Robinson et al. RP 65 EV users UK Domestic and BEV Home, work and
(2013) commercial public
Sadeghian- RP more than 380,000 Netherlands Domestic BEV and PHEV Public
pourhamami et al. charging sessions
(2018)
Schiuble et al. RP ca. 500 EVs Germany Domestic and BEV and PHEV Home, work and
(2017) commercial public
Schmalfuf3et al. RP 10 EV users Germany Domestic BEV Home
(2015)
Speidel and Braunl RP 11 EVs and 23 Australia Commercial PHEV Home and public
(2014) charging stations
Sun et al. (2015) RP ca. 500 EVs Japan Domestic and BEV Home, work and
commercial public
Sun et al. (2016) RP 46 EVs Japan Domestic and BEV Work and public
commercial
Vermeulen et al. RP 66,160 EV users, Netherlands Domestic and BEV and PHEV Public
(2019) 3520 charging commercial
points
Weldon et al. RP 15 EVs, 72 EV users Ireland Domestic and BEV Home and public
(2016) commercial
Wen et al. (2016) SP 315 responses us Domestic BEV Public
Wolbertus et al. RP 64,000 EV users Netherlands Domestic and BEV and PHEV Public
(2018) commercial
Xu et al. (2017) RP 500 EVs Japan Domestic and BEV Home, work and
commercial public
Xu et al. (2018) RP 580,000 charging us Domestic BEV Home and work
sessions
Xydas et al. (2016) RP 255 charging UK Domestic and BEV and PHEV Public
stations commercial
Yang et al. (2016) SP 237 responses China Domestic Conventional car Public
Yu and MacKenzie RP 125 EVs Us Domestic PHEV Home, work and
(2016) public
Zoepf et al. (2013) RP 125 EVs us Domestic and PHEV Home, work and

commercial

public
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Appendix B. Model specifications

See Table B.1 and Fig. B.1.

Table B.1
Description of class attributes.

Class attribute

Description

Domestic EVs

Battery Capacity

EV type
xhome
yhome

Early adopter

Risk

Type
AreaPostCode
TypePostCode
xCoordinate
yCoordinate
Start-time
End-time
Dwell-time
Dwell-charge
Travel time
Distance
E-consumption

Urgent

Charging intention
Charging process

Waiting

Charging duration
Charging power

Connection duration

SOC-start
SOC-end
SOC-required
Current SOC

In kWh; based on distributions depending on EV type and
year

BEV or PHEV

x-ccordinate of home location

y-ccordinate of home location

yes or no (defined as: age between 35 and 50 years,
employed, 8,000 CHF per month household income, and
male)

averse or affine

Home, work, public (service, shop, education, leisure)
Urban, rural, suburban

Residential, mixed

x-coordinate of location

y-coordinate of location

Start-time of dwell-time

End-time of dwell-time

Duration of dwell-time

identifies longest dwell-time of the agent

Travel time of conducted trip between two dwell-times
Distance driven between two dwell-times

Energy consumption in kWh for respective trip based on
urban, rural, suburban or motorway trip

yes or no (for some plug-in behavior if agent intends to
charge but no charging connection available at location)
yes or no (based on charging strategy)

yes or no (based on whether the EV agent is currently
charging or not)

yes or no (based on whether the EV agent is waiting at a
charging station to charge)

Cumulative charging duration of one charging event
Used charging power based on the concept ‘constant
current, constant voltage (CCCV)’ (Pagani et al., 2019;
Schiuble et al., 2017): maximum power until the SOC
reaches 80% with an exponential decrease thereafter
Cumulative connection time of one charging event, i.e.,
EV remains connected until the end of the dwell-time
even if charging has finished

SOC at the start of a dwell-time

SOC at the end of a dwell-time

SOC required to cover trips within 24 h

SOC in 15 min steps during dwell-times, i.e., during
charging event

Dwell-time locations

xLocation

yLocation

Type

AreaPostCode

Charging station availability
Charging station capacity
Charging station connections

Occupied

Used
Charging Agent

Queue

Waiting Agents

x-coordinate of location

y-coordinate of location

Home, work, public (service, shop, education, leisure)
Urban, rural, suburban

yes or no (based on distributions depending on Type,
MunicipalityType, and year)

In kW; based on distributions depending on Type,
AreaPostCode, and year

total number of possible charging connections per
location

yes or no (based on whether an EV agent is connected to
the charging station)

total number of connections occupied at location

EV agent ID of the currently charging EV agent at the
respective charging station

Number of EV agents waiting at the respective charging
station

List of EV agents’ IDs waiting at the respective charging
station
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Fig. B.1. Exemplary illustration of the initial SOC for the two extreme frame-scenarios “Current” and “Full BEV” for the plug-in scenario “Always Last Trip” and the urban
agglomeration case (Zurich). The simulated day 1 is used for initialization of the model, applying a uniform distribution of the initial SOC. The higher SOCs in the frame-scenario
“Current” are necessary due to the lower technology diffusion stage regarding charging stations as well as lower charging power and EV battery capacities.

Appendix C. Categorization of spatial structures

We allocate (1) an area category (e.g. urban, rural, suburban, or mixed) and (2) a type category (e.g., residential, industrial, public, or mixed)
to each postcode. For (1) the area, the data sources comprise the urban/rural typology (Swiss Federal Office for Statistics, 2012) with predefined
categories “urban,” “rural,” and “suburban” at municipality level, and geospatial data on postcodes at village level (Opendata.swiss, 2021) (one
municipality can contain several postcodes; one postcode can contain several villages). An “urban” municipality can be located in a big or small
agglomeration or outside of an agglomeration. A “suburban” municipality can be a peri-urban municipality of high or medium density or a rural
center. A “rural” municipality can be a peri-urban municipality of low density or a peripheral municipality (Swiss Federal Office for Statistics,
2017). We categorize the few postcodes that comprise multiple villages of different categories with the most frequent category. In case of an equal
number of urban and suburban villages or rural and suburban villages in a single postcode area, we categorize the postcode with the more urban
category, i.e., urban or suburban. If no data were available for a specific postcode, we applied the same category as the next higher and/or lower
postcode number.

For (2) the type, we merged data on land use per hectare with 27 categories (Swiss Federal Office for Statistics, 2018) of geospatial data on
postcode areas. The categories include industrial and commercial buildings, residential buildings, public buildings, agricultural buildings, streets,
forests, etc. We calculated the share of each hectare category per postcode area. As we investigate mobility and charging behavior, we use only
three categories: (i) industrial and commercial buildings, (ii) residential buildings, and (iii) public buildings. We roundup the average share of
the respective category to a full percentage as a threshold to identify postcode areas with above-average shares of the respective category. If a
postcode area has a share above the threshold, we categorize it as “industrial” (> 2%), “residential” (> 5%), or “public” (> 1%), respectively.
Postcode areas with shares above the threshold for two or more of the three categories are categorized as “mixed.” The postcode areas that do not
meet the threshold for any of the three categories are assigned a category by comparing their actual shares. Hence, “share-residential” means that
residential buildings have the highest share of the three categories in this specific postcode area, but a lower share than the identified threshold
share. “Share-mixed” means that all three categories have equal shares. “None” applies to postcode areas for which the shares of all three categories
are zero. These postcode areas are a mix of some of the other 24 categories, e.g., agricultural buildings or forests. Table C.1 summarizes the number
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Table C.1
Number of postcodes per type category.
Canton Zurich Canton Freiburg Canton Graubunden

Residential 55 29 11
Industrial 4 / 2
Public 3 2 2
Mixed 107 13 4
Share-residential 82 129 234
Share-industrial / / 5
Share-public / / 1
Share-mixed 1 / 3
None / / 8
Sum 252 173 270

Table C.2
Number of postcodes for the combination of area and type categories.
Canton Zurich Canton Freiburg Canton Graubunden
Mixed Residential Mixed Residential Mixed Residential
Urban 81 29 5 14 3 13
Rural 3 39 4 103 7 182
Suburban 31 69 6 41 7 50
Sum 115 137 15 158 17 245

of postcodes per type category. As input for our ABM, we take the categories based on the thresholds together with the respective “share”-category,
e.g., we take “residential” and “share-residential” together. Due to the low number of postcode areas for the categories other than “residential”
and “mixed,” we include all other categories in the category “mixed” in the ABM. Table C.2 specifies the resulting number of postcodes for the
combinations of area and type categories used in the ABM.

Appendix D. Clustering driving profiles

We use the clustering algorithm k-means (Lloyd, 1982; MacQueen, 1967), which forms clusters with minimum inter-cluster variance. We chose
this commonly used algorithm due to its low computational cost, which is important for large data sets. Each cluster is defined by a centroid,
defined by:

ny
Vi = L xk 3
ny 7
with y, as the centroid of cluster %, xl’.c as the feature vector of the ith car belonging to cluster k, and n, as the total number of cars in cluster k. As
the algorithm uses the Euclidean distance to determine the closest centroid for each car, feature scaling is crucial in our case to prevent features
with higher value ranges from dominating distances. Therefore, we use centering and scaling statistics of the ‘“Robust Scaler” implemented in
Python. This Scaler is not affected by major outliers — which remain in the transformed data — and scales the data using the interquartile range,
leading to similar ranges of the transformed feature values.

As the number of clusters k needs to be specified for k-means, we use the elbow method to determine a suitable number of clusters (Bholowalia
& Kumar, 2014). We plotted the Within Cluster Sum of Squares (WCSS) for numbers of clusters k between 1 and 20. The WCSS is a measure of
inter-cluster variance, defined as the sum of the squared distance between each car in the cluster and its centroid:

N
WCSS = 2 lIx¥ =y, 17 4@

with N as the total number of cars across all clusters. We choose k at the point of the curve (the elbow) where the reduction in variance by an
additional cluster is no longer substantial (Crozier et al., 2021). We run the k means algorithm with 100 different centroid initializations, choosing
the initializations that result in the lowest WCSS. The maximum number of iterations for each k-means algorithm run was chosen to be 1000. All
cars that are not used during the simulated day are excluded from this analysis, as they form a separate cluster that is added after the clustering
process.

Appendix E. Expert interview
We conducted several expert interviews to verify our assumptions regarding frame-scenarios and charging behavior. We conducted one interview

with an expert for electric mobility who has also worked on the recent report of the Swiss Energy Strategy 2050+ (Prognos; INFRAS; TEP Energy,
2020). Details on the interview are provided in the Table E.1.

Table E.1

Expert interview for technology diffusion and development.
Reference Type of company Position of interviewee Interview date Interview duration
Intl Research and consulting Division manager 09.12.2020 1.5h
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Appendix F. Detailed results for all scenarios

See Figs. F.1-F.5.
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Fig. F.1. Average load profiles for urban, rural, and suburban areas for (a) urban agglomeration case (Zurich), (b) rural multicentric case (Freiburg), and (c) rural monocentric
case (Graubunden) and four frame-scenarios.
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Fig. F.2. Average load profiles for home, work, and public charging locations for (a) urban agglomeration case (Zurich), (b) rural multicentric case (Freiburg), and (c) rural
monocentric case (Graubunden) and four frame-scenarios.
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Current state Dominant ICE Dominant EV Full BEV
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Fig. F.3. Average aggregated load profiles for mixed and residential areas for (a) urban agglomeration case (Zurich), (b) rural multicentric case (Freiburg), and (c) rural monocentric
case (Graubunden) and four frame-scenarios. While the axes scales differ to showcase the similar patterns across the geographical cases and frame-scenarios, the absolute load is
substantially lower for (b) rural multicentric case (Freiburg), and even lower for (c) rural monocentric case (Graubunden).
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