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A B S T R A C T

A recent worldwide uptake of electric vehicles (EVs) has led to an increasing interest for the EV charging
situation. A proper understanding of the former is required to understand charging needs and to dimension
the corresponding infrastructure. In the paper, we develop models that allow us to approximate the steady-
state distribution of State-of-Charge (SoC) levels for EVs at the beginning of the day and infer its dependence
regarding the daily relative range, 𝑟 defined as the ratio of mean daily-driven distance to the maximum range.
The framework combines: (i) a generic parametric model for decision to charge in terms of the SoC and 𝑟; and
(ii) a simulation model in which we utilize longitudinal log-data for a fleet of cars to track charging events
and SoC over time. The model brings about several interesting use cases, of which two stand out. Firstly, it
provides a simple parametric way of circumventing transient behaviour in SoC distributions when applied to
simulation frameworks. Secondly, it offers a clear method to infer crucial information regarding EV fleets and
the total energy storage potential. Such information is useful for vehicle-to-grid (V2G) applications in that
it provides expected lower and upper bounds for the energy that can be stored and charged. The model is
applied in a Danish context, and it is suggested that while a full electrification of the vehicle fleet could lead
to significant stress on the power grid, it will at the same time hold a large potential for deploying V2G as
an important mechanism to dampen the effect of temporal high-demand. The potential for V2G stems from a
low battery utilization between charging events of approximately 40%, which in turn provides a large storage
buffer that could be harnessed with little to no impact on EV utilization. Results also indicate that tapping
into just half of the available buffer could serve the EV demand and also meet close to 50% of the household
consumption.
1. Introduction

The recent worldwide uptake of EVs has led to an increasing interest
for the EV charging situation. A proper understanding of the charging
situation and the ability to answer questions regarding where, when
and how much charging is required, is a necessity to model charging
needs on a large scale and to dimension the corresponding charging
infrastructure [1,2]. In addition, from the power grid operator per-
spective, there is an increasing interest in the potential for V2G [3,4]
and its derived benefits ranging from emission minimization, to power
grid frequency regulation [5–7]. This requires knowledge concerning
the power storage in vehicle fleets that can be accommodated and
conversely, what amount of energy that can be passed on to the power
grid [8].

In this paper, we formulate a general probabilistic model for the
charge decision of EVs as a function of two dimensionless variables, the
SoC level 𝑥 and the relative daily range 𝑟. The steady-state SoC level is
defined as the distribution of SoC levels across an entire EV fleet, mea-
sured at the beginning of a day. Due to the generic nature of the model,
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it is easy to calibrate and transfer between, e.g. different countries and
contexts, and the model thereby serves a range of applications when
predicting the demand for charging and, more generally, simulating EV
charging patterns across larger vehicle fleets. In addition, it can be used
as a means to predict energy storage capabilities and energy demand
for arbitrary EV fleets. This application is useful for V2G and power
grid planning.

In the paper, the decision to charge is based on empirical proba-
bilistic models to accommodate heterogeneous EV fleets and different
mobility patterns. This is in contrast with simplistic models [9–12] that
require population and EV fleet specific calibration or simply follow
arbitrary constraints [13–18]. The model also serves as an important
input in agent-based simulation models concerned with charging or
power grid related investigations. Very often these models seek to
simulate performance and operations over a 24 hour period rather than
simulating over multiple days [14,15]. While the former approach is
simpler and more straightforward from a data and modelling perspec-
tive, it requires the existence of steady-state input distributions, which
vailable online 28 April 2022
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Fig. 1. Diagrammatic representation of use of data and models in this paper.

are non-trivial to develop. It has led to many situations where models
apply arbitrary initial distributions of SoC with the risk of biasing
overall results [16,19–21] or where ad-hoc methods are implemented
to minimize transient behaviour caused from initial conditions [12,13,
22,23]. This is also pointed out in Ref. [14] which underlines that for
practical applications, it is necessary to consider the mobility pattern
of EVs before they enter a given system to properly estimate SoC
levels. It further suggests that, without such information, the analysis
of planning decision is limited to investigation of worst-case scenarios,
by arbitrarily pre-defining upper and lower bands for the SoC levels.

Moreover, results obtained using our models exhibit a strong and
nonlinear relationship between the relative daily range, mean SoC level
and respective probability of charging, which stresses the importance of
using good approximations to the steady-state distribution. Regarding
the application of the model to predict the energy storage potential
in EV fleets, we show how it can be deployed for any arbitrary com-
bination of EV fleet and driving range. This illustrates the benefit of
being able to predict, and thus reflect upon, how technological changes
regarding vehicle range may be accounted for in the distribution. In
addition, it suggests that the model can be applied to analyse the
potential of V2G by providing an estimate for not only the mean
demand required by the fleet of EVs, but also to assess the respective
battery utilization and therefore the available storage in a probabilistic
manner.

The paper is organized in four sections, starting with a review of
literature. The methods are discussed in Section 2, where we present
the models for the charge decision and steady-state SoC distributions.
In Fig. 1, we offer a diagrammatic representation of how EV utilization
data is used data to calibrate our decision models, and how we combine
the models with telemetry data from travel records in a simulation
to calibrate the steady-state SoC distributions. Finally, the steady-state
distributions are used to assess the charge demand and energy esti-
mates. The results, derived using the models introduced in Section 2,
are addressed throughout Section 3, which covers the bulk of this paper
over its four subsections. It begins with a summary of the data in
Section 3.1, including the data used for the calibration of the decision
model, as well as the telemetry data-set used to assess the steady-state
distributions. The entirety of Section 3.2 is dedicated to the calibration
of the charge decision model, including the impact of range anxiety.
The analysis and characterization of steady-state distributions is ad-
dressed in Section 3.3. The final subsection, Section 3.4, is dedicated to
the application of our models to estimate the stored energy and charge
demand in large EV fleets, where we consider the full electrification
of cars in the municipality of Frederiksberg, Denmark for illustrative
purposes. The concluding remarks are presented in Section 4. Three ad-
ditional sections are present in the appendix, providing further details
to: A. Parametrization of the decision model; B. Simulation algorithm;
C. Standardized moments for the Beta distribution.

2. Methodology

In the present paper, we introduce a simple model to characterize
the charge decision of EVs as a function of two dimensionless variables,
the SoC level 𝑥 and the relative daily range 𝑟. The former is intrinsic
to the vehicle’s battery, defined as the ratio of the stored energy to the
2

maximum energy 𝑥 ≡ 𝜀𝑠∕𝜀𝑚, which can be approximated by a ratio of
ranges 𝑥 ≃ (𝜀𝑠∕𝜂)∕(𝜀𝑚∕𝜂) = 𝑟𝑠∕𝑟𝑚 assuming a constant rate conversion of
battery energy per driven distance 𝜂. In contrast, the latter expresses the
ratio between the mean daily-driven distance 𝑟𝑑 to the maximum range
𝑟𝑚 for the vehicle 𝑟 ≡ 𝑟𝑑∕𝑟𝑚. By framing the model as a function of the 𝑥
and 𝑟, it can be trivially applied to different scenarios without requiring
additional calibration. Moreover, the main impact of gradients on
EVs manifests itself by an increase in the consumption of energy per
distance 𝜂 [24]. Therefore, our model should account for geographical
differences by a change on 𝑟 emerging from the respective change in the
maximum range 𝑟𝑚. Likewise, our model will accommodate the impact
of seasonal variation of temperature, that can significantly reduce the
maximum range of EVs. The model, together with a vast longitudinal
series of travel records from Denmark, is then used to determine the
steady-state distribution of SoC levels, which in turn can be used to
estimate a corresponding steady-state energy storage potential in a fleet
of EVs.

2.1. Charge decision

The model relies on the assumption that the decision to charge
can be characterized by a smooth, well-defined Probability Distribution
Function (PDF). The PDF is defined with respect to the SoC level 𝑥,
while its shape is a function of the relative daily range 𝑟. We select
the Beta distribution as the building block for our model, due to its
versatility. The PDF is stated as

𝑓𝛽 (𝑎, 𝑏; 𝑥) =
𝑥𝑎−1(1 − 𝑥)𝑏−1

𝛤 (𝑎)𝛤 (𝑏)∕𝛤 (𝑎 + 𝑏)
, (1)

where 𝑎 ≡ 𝑎(𝑟), 𝑏 ≡ 𝑏(𝑟) are the shape functions1 and 𝛤 is the gamma
function. We identify the probability of charging with SoC ≤ 𝑥 for a
given 𝑟 as the complementary function to the Cumulative Distribution
Function (CDF), the so-called survival function

𝑆𝛽 (𝑎, 𝑏; 𝑥) = 1 − 𝐹𝛽 (𝑎, 𝑏; 𝑥) = 1 − ∫

𝑥

0
𝑓𝛽 (𝑎, 𝑏; 𝑡)𝑑𝑡 , (2)

where 𝐹𝛽 (𝑎, 𝑏; 𝑥) is the CDF. Using the survival function and the data
from Refs. [23,25], it is possible to identify a set of relations for the
shape functions 𝑎 and 𝑏 with respect to 𝑟. To identify an approximate
form for the shape functions, we consider a series expansion involv-
ing positive and negative powers of 𝑟. The details pertaining to the
parametrization of the shape functions are addressed in Appendix A.
In its simplest form, each relation requires two coefficients,

𝑎 ≡ 𝑎0 + 𝑎1𝑟 , (3a)

𝑏 ≡ 𝑏−1𝑟
−1 + 𝑏0 , (3b)

where 𝑎𝑖 and 𝑏𝑖 are dimensionless numbers that can be determined by
means of nonlinear regression applied to the empirical data. We delve
into the intricacies of the nonlinear regression in Section 3.2, where
we discuss the merits and limitations of the said dataset, and perhaps
more importantly, discuss the role of range anxiety on the calibrations
of the 𝑎𝑖 and 𝑏𝑖 coefficients. In Fig. 2, we overlay the probability
of plug-in estimated by Eq. (2) against the probability curves from
Refs. [23,25]. For the sake of clarity, we display only a small subset of
points from the empirical data. Otherwise, the data would appear to be
a set of continuous lines. Results show that 𝑆𝛽 captures accurately the
probability of charging over the entire SoC range from all curves, except
the cases where the relative daily range is too large, i.e. 𝑟 ≳ 0.5. This
discrepancy, particularly the fairly high probability of plug-in at 100%
for 𝑟 ≳ 0.5 is discussed in detail in the context of the issues surrounding
range anxiety in Section 3.2. Nonetheless, it is worth noting that this
is likely to be a vanishing problem as the range of the newer EVs is
steadily increasing, thus pushing the relative daily range to smaller
values, where the model provides better results.

1 To simplify notation, we omit from this point onwards the explicit
dependence of the shape functions 𝑎 and 𝑏 on the relative daily range 𝑟.
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Fig. 2. Probability of plug-in as function of SoC and 𝑟. Dots represent raw data from
Refs. [23,25] and solid lines are the respective probabilities as computed from Eq. (2).
Different colours, from darker to brighter, indicate increasing values of the relative daily
range 𝑟. In this figure, we make use of the fourth set of coefficients from Table 2.

While Eq. (2) provides a neat and simple model to determine the
probability of charging for a given set of 𝑥 and 𝑟, this measure of
probability remains agnostic of the context of any particular day, or
activity. Relying on this simple metric can lead to counterintuitive
scenarios, such as deciding to charge prior to trips which cover short
distances, i.e. trips that barely reduce the SoC level. To address this,
we introduce a context-aware metric to assess the willingness to charge
based on two SoC levels associated with a trip or a set of activities,
namely the initial 𝑥𝑖 and the estimate for the final 𝑥𝑓 SoC levels. In this
context, we propose to assess the willingness to charge by computing
the difference of the CDFs for 𝑥𝑖 and 𝑥𝑓 , normalized to the probability
of charging at 𝑥 ≤ 𝑥𝑖

𝑊𝛽 (𝑎, 𝑏; 𝑥𝑓 , 𝑥𝑖) =
[

𝐹𝛽 (𝑎, 𝑏; 𝑥𝑖) − 𝐹𝛽 (𝑎, 𝑏; 𝑥𝑓 )
]

∕𝐹𝛽 (𝑎, 𝑏; 𝑥𝑖) . (4)

The previous result reduces to Eq. (2), e.g. the context-agnostic proba-
bility of charging, when considering a fully charged battery at the onset
of the activity, i.e. 𝑥𝑖 = 1. To illustrate the differences between the
models, we present in Fig. 3 the willingness to charge as a function of
the final SoC level 𝑥𝑓 considering several initial SoC levels, ranging
from fully charge battery 𝑥𝑖 = 1.0 to nearly empty 𝑥𝑖 = 0.1. Here
we consider a vehicle with 𝑟𝑚 = 300 km, 𝑟𝑑 = 30 km, i.e. 𝑟 = 0.1.
Since Eq. (4) reduces to Eq. (2) for 𝑥𝑖 = 1.0, the fully charged case
represents the context-agnostic model 𝑆𝛽 . To highlight the difference
between evaluating the decision to charge by means of either Eq. (2)
or Eq. (4), we overlay dots on each curve indicating the willingness to
charge a trip that discharges the battery by 5%, i.e. half of the relative
daily range. As the initial SoC level reduces, the discrepancy between
𝑆𝛽 and 𝑊𝛽 , for very short events 𝑥𝑓 ≲ 𝑥𝑖, increases. Nonetheless, 𝑊𝛽
always converges towards 𝑆𝛽 as 𝑥𝑓 → 0 regardless of the initial SoC
level.

Moreover, it is worth mentioning that the definite integrals present
in Eqs. (2) and (4) lend themselves to straight-forward and fast numeri-
cal integration in most programming languages via the incomplete beta
function.

2.2. Steady-state SoC distribution

Data from Refs. [23,25] highlights a strong nonlinear correlation
between the SoC level and the likelihood of charging. From this corre-
lation, it naturally follows that at a macroscopic level, the distribution
of SoC levels throughout a fleet of EVs will be strongly correlated with
the overall demand for charging. Hence, the analysis of the demand is
conditional on knowledge of a realistic steady-state distribution of SoC
levels. Given the scarcity of publicly available data on EV charging,
it is hard, if not altogether impossible, to infer the steady-state SoC
3

Fig. 3. Willingness to charge as function of final SoC level, considering dif-
ferent initial SoC levels, represented by different colours. Solid dots represent
𝑊 (𝑎, 𝑏; 𝑥𝑖 − 0.05, 𝑥𝑖) given a discharge estimate of 5%, considering 𝑟𝑚 = 300 km and
𝑟𝑑 = 30 km. For each 𝑥𝑖 the respective willingness reads 𝑊 (𝑎, 𝑏; 𝑥𝑖 − 0.05, 𝑥𝑖) ≃
{0.94, 0.67, 0.48, 0.35, 0.26, 0.18, 0.12, 0.07, 0.02, 0.00}. In this figure, we make use of the
fourth set of coefficients from Table 2.

distribution directly from empirical observations. Moreover, when data
is available [26], it is more often than not disconnected from crucial
information regarding either the driving pattern or EV fleet details.

Here, we propose a method that allows us to determine the daily
steady-state SoC distribution for a fleet of EVs. By combining the afore-
mentioned decision model Eq. (4), with a comprehensive longitudinal
collection of trips records (e.g. multi day car trip panels), we develop
a simulator capable of tracking the evolution of SoC levels for a large
fleet of EVs. The details pertaining to the data screening and validation
can be found in Section 3.1. Our goal is to determine the steady-state
SoC distribution at the start of the day for the entire fleet. To this
end, we consider a simulation environment operating under three key
assumptions. First, the infrastructure not only satisfies the simulated
demand on a daily basis, but also causes negligible impact on the
driving patterns. Second, the decision to charge is assessed daily for
each vehicle. The third stems from the previous two, namely that we
are free to ignore competition for charging resources.

In this scenario, we design a streamlined simulator where we assign
a maximum range 𝑟𝑚 to each vehicle, and initialize SoC level based on
random sampling. The simulator then tracks the SoC levels for all cars
along the duration of the simulation and saves data for post-processing.
Briefly, the daily simulation loop for each car can be resumed in four
key steps: (i) at the onset of each day, it estimates the SoC level at the
beginning of the following day 𝑥𝑖+1 = 𝑥𝑖 − 𝑑𝑖∕𝑟𝑚, based on the initial
SoC level 𝑥𝑖 and on the distance driven 𝑑𝑖 in the 𝑖th simulation day;
(ii) evaluates the willingness to charge 𝑊𝛽 for the entire day, such that
𝑥𝑓 = 𝑥𝑖+1; (iii) decision to charge is controlled by an acceptance test
based on a comparison of the willingness to charge against a random
draw from a uniform sample, i.e. charges if 𝑊𝛽 ≥ 𝑈 (0, 1); (iv) updates
the SoC level for the next day according to the results from (iii) by
random drawing from truncated normal distribution, such that 𝑥𝑖+1 ∈
[0.6, 1]. A detailed explanation of the simulation algorithm is presented
in Appendix B. For the purposes of our study, we ran nine simulations
considering different maximum ranges for the fleet of EVs, starting at
100 km, increasing in steps of 50 km up to 500 km. In all simulations,
the charge decision process uses the second set of parameters from
Table 2, as discussed in Section 3.2. In Fig. 4, we combine the results
from the nine simulations runs and present the distribution of SoC
levels at the start of the day for several relative daily ranges. The
results cover a diverse group of typical driving scenarios, from a few
kilometres per day to up to 30% of the maximum range. The results
from the simulation lend themselves naturally to be characterized by
a PDF bounded to the interval 𝑥 ∈ [0, 1]. As in the decision model, we
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Fig. 4. Simulated distributions of SoC levels (dots) at the onset of each day for
increasing values of 𝑟 (darker to brighter colours). The solid lines represent the
respective beta PDF 𝑓𝑑 (𝑎′ , 𝑏′; 𝑥) with 𝑎′ ≡ 1.99 + 48.05𝑟 and 𝑏′ ≡ 2.77 + 9.30𝑟 as in
Eq. (5). Finally, the solid vertical lines indicate the mean SoC value for the respective
𝑟 value.

rely upon the beta PDF to represent the daily distribution of steady-
state SoC ≡ 𝑥 levels 𝑓𝑑 ≡ 𝑓𝛽 (𝑎′, 𝑏′; 𝑥). Here, both shape functions are
parameterized with linear dispersions with respect to 𝑟

𝑎′ ≡ 𝑎′0 + 𝑎′1𝑟 , (5a)

𝑏′ ≡ 𝑏′0 + 𝑏′1𝑟 , (5b)

where the coefficients 𝑎′0 = 1.99, 𝑎′1 = 48.05, 𝑏′0 = 2.77 and 𝑏′1 = 9.30
are determined by applying nonlinear regression to the results from
the simulations. The fundamental properties of the beta distribution,
i.e. the mean and standardized moments, can be analysed by a straight-
forward computation of compact closed form expressions Eq. (C.1).

3. Results

In this section, we introduce the data used in this paper, analyse the
calibration of our models and finally present applications of our model
to analyse and estimate the distribution of SoC and the stored energy
in EV fleets.

3.1. Data

To calibrate our models, we make use of two distinct data-sets. We
start by utilising a data-set concerning the probability of charging as
function of the SoC level to calibrate the decision model. The decision
model is then applied to simulate the charging behaviour of a large
fleet of vehicles based on large longitudinal series of travel records from
Denmark.

Regarding the calibration of the decision model, we make use of
data from Refs. [23,25]. These data are based on the analysis of the
charging behaviour of 10000 Nissan Leaf with 24 kWh battery capacity,
which provides a typical maximum range of 𝑟𝑚 = 120 km. The data-set
contains nine curves indicating the probability of charging as a function
of the plug-in SoC level, for drivers with mean daily-driven distance
𝑟𝑑 ∈ {20, 25, 30, 35, 40, 50, 60, 80, 100} km.

With regard to the data-set used to determine steady-state SoC
distribution, it contains a comprehensive telemetry record of 53k car
users in Denmark collected during 2019. The original data is filtered
down to approximately 15k vehicles, that drive predominantly in the
region of Greater Copenhagen. The filtering is done based on com-
pleteness and accuracy of data along with a connectedness measure
related to Copenhagen. For each car, the records cover a period of
time ranging from a month, up to one year. Each entry in the records
contains the initial and final locations for all trips, as well as the
4

Table 1
Summary of statistical properties of filtered telemetry records.

mean s.d. max min

Daily distance (km) 17.2 9.26 96.9 0.97
Daily time (min) 23.4 44.1 144 4.19
Observed days 81.9 41.9 246 11

Fig. 5. Distribution of the departure (dark) and arrival (bright) times for trips made
by the tracked vehicles (solid lines with circles) compared against data from the Danish
national travel survey [27] (dash–dot lines with crosses).

respective timestamps and driven distances. The records for each car
are then aggregated to form a continuous time series of stochastic
length. In Table 1 we present the fundamental statistical parameters
for the daily-driven distance and daily-driven time, as well as, the
number of observations. Details include the mean value, the standard
deviation (s.d.) and extreme values. Finally, we show the distribution
of the daily departure and arrivals times as function of the time of day
in Fig. 5, considering intervals of 30 min. We find that results obtain
from the telemetry records are consistent with distributions reported in
the Danish national travel survey [27].

3.2. Range anxiety and model calibration

A careful analysis of the data from Refs. [23,25] for the probability
of plug-in as function of SoC, as shown in Fig. 2, provides a few
indicators of bias towards early charging. First, drivers with medium
relative daily range, e.g. 𝑟 = 0.5, exhibit a large probability of plug-in
even when their vehicle’s battery is above 𝑥 > 90%, even though they
have enough energy to cover their typical daily range. Second, drivers
with higher relative daily range exhibit a fairly larger probability of
charging even when the battery is fully charged. Third, for all cases
the probability of plug-in up to 𝑥 ∼ 0.20 is constant and equal to 1,
from which we can immediately infer that drivers rarely make use of
the full range available from their vehicles. These characteristics are
telltale manifestations of range anxiety, which systematically pushes
drivers to be prone to charge earlier. Observing this bias in the data
should come as no surprise, as it only includes data from a single type of
vehicle with a very short maximum range 𝑟𝑚 ∼ 120 km. The importance
of accounting for range anxiety can be understood by considering a
modest safety margin of 10 km. For the EVs considered in this data,
such safety margin implies that drivers effectively discard ∼ 10% of the
available range, leading to a considerable bias with respect to early
charging. In contrast, the same safety margin in more modern EVs is
likely to account for less than 3% of the respective range. Hence, then
it becomes crucial to account for the impact of range anxiety in the
calibration of our model, such that our model can be safely applied to
fleets with large maximum range, i.e. lower 𝑟.

The model calibration relies on a nonlinear regression of Eq. (2),
considering the shape parameters defined as in Eq. (3), with respect
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Table 2
Nonlinear regression coefficients for Eq. (3). All coefficients are obtained
using the same algorithm, the nonlinear least squares regression, using
data from Refs. [23,25]. In sets 𝑛 = 1, 2, 3 the complete data-set, whereas
in set 4 we perform the regression with respect to curves corresponding
to 𝑟 < 0.50. In the evaluation of sets 2 and 3 we attempt to address the
impact of range anxiety via a reducing of the maximum range by 10
and 15 km, respectively. Unless stated otherwise, we default to set 𝑛 = 2
as discussed in Section 3.2.
𝑛 𝑎0 𝑎1 𝑏0 𝑏−1
1 4.873 6.74 0.294 0.467
2 4.018 6.589 0.309 0.447
3 3.592 6.506 0.318 0.425
4 2.899 13.73 1.235 0.218

to data from Refs. [23,25]. Different regression algorithms were con-
sidered, but we found that all options consider converged towards
the same set of coefficients. In Table 2 we present the coefficients
found via nonlinear least squares optimization in four scenarios. The
first set of parameters concerns the results obtained by regression
of our model directly on the original data. In the second and third
sets, we introduce a compensation for range anxiety by discounting 10
and 15 km, respectively, from the vehicle’s range. Last, in the fourth
scenario we perform the regression to data for drivers with lower and
medium values of relative daily range, i.e. 𝑟 < 0.5. In Fig. 6 we compare
the results obtained using the different sets of coefficients against the
raw data. Naturally, curves computed with coefficients from either set
1 or 4 are closer to the original data. With the latter providing the
best approximation to the low 𝑟 curves as expected. While this set
of coefficients is not influenced by the pathologically high charging
probability at 𝑥 ≃ 1, it provides no compensation to the bias observed
in the low 𝑟 curves. Conversely, curves obtained using coefficients sets
2 and 3 exhibit significant deviation towards charging at lower SoC
levels, with this effect manifesting more evidently for smaller values of
𝑟. This shows that a simple discount of the vehicle’s range can serve
as a mechanism to account for the bias towards early charging present
in the data. Yet, the lack of data surrounding the distribution of SoC
values prevents us from being able to clearly differentiate the quality
of each set of parameters, thus limiting the quantitative analysis only
to the standard measures of goodness of fit, such as the 𝑅2 coefficient
of determination. Taking the results shown if Fig. 2 as an example, this
measure reads 𝑅2 = {0.997, 0.997, 0.999, 0.999, 0.999, 0.996, 0.972,
0.933, 0.832}, for 𝑟 = {0.17, 0.21, 0.25, 0.29, 0.33, 0.42, 0.50, 0.67,
0.83}, respectively. These goodness-of-fit represent the deviation from
the model to the data used for training. Despite the solid prediction
power, particularly for 𝑟 < 0.5 (i.e. drivers with sufficient autonomy
for two complete driving days), it is important to remember that other
types of biases are likely to be found in the empirical data. Nonetheless,
it is our understanding that assuming a buffer margin of 10 km is
a reasonable approximation to account for range anxiety in vehicle’s
with range comparable to those consider in Refs. [23,25]. Therefore,
lacking data for vehicles with larger maximum range, we choose to use
the second set of parameters in Table 2 as the default parametrization
for our model, including for the evaluation of the steady-state SoC
distributions.

3.3. Steady-state distributions

Before delving into the analysis and interpretation of the steady-
state SoC results, it is important to consider the convergence of the
simulation. By design our streamlined simulation does not enforce a
convergence test while running the simulation, instead we run the
simulation until the end of each vehicle’s records and perform the
convergence analysis post simulation. In Fig. 7 we present daily the
evolution of the mean SoC level (solid lines) and the variance of the
mean (dot-dashed lines) for five randomly selected vehicles. Concern-
ing the evolution of the mean SoC level, it is clear in all cases that the
5

Fig. 6. Probability of charging, the impact of different parametrizations. Solid, dot-
dashed, dashed and dotted curves are evaluated using different sets of coefficients
from Table 2, sets 1, 2, 3 and 4 respectively. Different colours, from darker to brighter,
indicate increasing values of the relative daily range 𝑟.

Fig. 7. Convergence of SoC towards steady-state mean level for 5 randomly selected
vehicles. Solid lines show the absolute deviation of mean SoC level 𝜇𝑘 at the 𝑘th day
with respect to 𝜇𝑘=𝑁 . Coloured shaded regions represent 𝜎∕2 (half s.d.) windows for
the respective SoC level. Dot-dashed lines represent the s.d. 𝜎([𝜇𝑘]) of mean SoC levels
up to the 𝑘th day.

mean SoC level converges towards the final value within the timescale
of a few charging events 𝑑, where 𝑑 is the mean number of day
between charging events, i.e. the floored ratio of number of driving
days to number of charging events. In addition, to further support the
convergence of the mean value, we overlay shaded areas corresponding
to half standard deviation 𝜎∕2 fluctuations around the (final) mean
value 𝜇𝑁 for each vehicle. Similar results are found when analysing
the evolution of the standard deviation of the mean 𝜎([𝜇𝑘]) (dot-dashed
lines), where the strong variations observed within the first couple of
charging cycles vanish quickly. Having established the convergence of
the simulation, we proceed with the analysis of the results.

To begin, we aggregate the simulation results according to the rela-
tive daily range 𝑟. Records for different vehicles are grouped in bins of
size 𝛿𝑟 = 0.001, which are then used to compute the histograms for the
respective aggregated SoC levels. In Fig. 4 we show several histograms
representing the distribution of SoC levels for drivers covering a wide
interval of relative daily ranges, from as low as 𝑟 = 0.01 up to 𝑟 = 0.3.
As discussed in Section 2.2, we determine the parametrization of the
shape functions in Eq. (5) by means of the nonlinear regression of the
beta distribution with respect to the aggregated results.

In addition to the distribution of SoC levels, our simulation records
all charging events. By evaluating the ratio of the number of charging
events against the number of driving days, we can immediately deter-
mine the probability of charging 𝑝𝑠 in any given day, as depicted by the
dark dots in Fig. 8. The relative daily range can also be understood as
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Fig. 8. Daily probability of charging as function of 𝑟. Solid purple (dark) dots represent
simulated results for probability of charging 𝑝𝑠. The solid yellow line �̄�𝑠 represents a
running average over said data, and the solid (dark) green line is 𝑝𝑑 as estimated by
Eq. (6). The blue line represents a lower bound estimate for the daily probability of
charging 𝑝 = 𝑟.

a lower bound for the probability of charging in any day, as the driver
can drive up to 𝑑𝑟 = ⌊1∕𝑟⌋ days before running out of charge for another
complete driving day. While this estimate is readily evaluated, it comes
as no surprise that it under-estimates the probability of charging.
Alternatively, we can estimate the probability of charging by computing
the expectation value of the decision model over the daily distribution
of the steady-state SoC values 𝑓𝑑 (𝑎′, 𝑏′; 𝑥)

𝑝𝑑 (𝑟) = ∫

1

0
𝑆𝛽 (𝑎, 𝑏; 𝑥)𝑓𝑑 (𝑎′, 𝑏′; 𝑥)𝑑𝑥 (6)

= 1 −
𝛤 (𝑎 + 𝑏)𝛤 (𝑎 + 𝑎′)𝛤 (𝑎′ + 𝑏′)

𝛤 (𝑏)𝛤 (1 + 𝑎)𝛤 (𝑎′)𝛤 (𝑎 + 𝑎′ + 𝑏′)
× 3𝐹2(𝑎, 𝑎 + 𝑎′, 1 − 𝑏; 1 + 𝑎, 𝑎 + 𝑎′ + 𝑏′; 1) ,

where 𝑆𝛽 is the context-agnostic decision model in Eq. (2), 𝛤 is the
gamma function, and 𝑝𝐹𝑞 is the hypergeometric function. An alternative
solution to the cumbersome analytic result shown in Eq. (6) can be
found via numerical integration for all 𝑟 ∈ [0, 1] using standard quadra-
ture rules. In Fig. 8 we compare both estimates for the daily probability
of charging, with the results from our simulation 𝑝𝑠, defined as the ratio
of number of charging events to number of driving days 𝑝𝑠. As expected,
the simple 𝑝 = 𝑟 model under-estimates the probability for most of the
simulated 𝑟 values. Conversely, the expectation of the context-agnostic
decision model, Eq. (6), fits accurately to the simulated results and the
respective running average. From the results shown in Fig. 8 we can
infer that most drivers are charging more frequently than otherwise
expected. To characterize the mean time interval between charging
event, we define

𝑑𝑝 =
⌊

1
𝑝𝑑 (𝑟)

⌋

, (7)

and compare it against the inverse of 𝑟, i.e. 𝑑𝑟, in Fig. 9. Our simulation
indicates a large gap between the maximum utilization of the battery
and the simulated result, e.g. for 𝑟 = 0.1 the maximum and mean
interval read 𝑑 = 10 and 𝑑𝑝 = 4, respectively. In addition, results
indicate maximum battery utilization 𝑑𝑝∕𝑑𝑟 for large relative daily
range drivers, i.e. 𝑟 ≥ 0.5, while utilization converges towards 𝑑𝑝∕𝑑𝑟 ∼
0.4 for smaller values of 𝑟.

In the long run, the amount of energy transferred to the vehicle
equates to the energy consumed between charging events. Hence, we
can estimate the mean expected change 𝛿𝑥 for each charging event and
respective energy transfer, 𝛿𝜖 = 𝛿𝑥𝜖𝑚, as the product of mean change
in SoC per day, i.e. the relative daily range 𝑟, times the number of days
between charging events

𝛿𝑥 ≡ 𝑟⌊1∕𝑝 (𝑟)⌋ = 𝑟𝑑 = 𝑑 ∕𝑑 . (8)
6

𝑑 𝑝 𝑝 𝑟
Fig. 9. Battery utilization as function of the relative daily range. Number of days
between charging events estimated based on 𝑝 = 𝑟 and 𝑝𝑑 are shown by purple and
blue curves, and the respective difference in green. The yellow dots represent 𝑑𝑝∕𝑑𝑟
and the yellow line shows the mean change in SoC 𝛿𝑥 = 𝑟𝑑𝑝 required to complete 𝑑𝑝
driving days.

In the following subsection, we demonstrate how our models can
be used to estimate the utilization of batteries in a fleet of EVs, as well
as provide estimates for the amount of energy required to satisfy the
fleet’s requirements on a daily basis.

3.4. Stored energy and charge demand in EV fleet

In this subsection, we show that knowledge of the steady-state
distribution of SoC values 𝑓𝑑 (𝑎′, 𝑏′; 𝑥) in a fleet offers not only a means
to assess the decision to charge, but also the ability to estimate the
average energy stored and charge demand across the entire fleet of EVs
daily. The total energy that can be stored in a fleet of EVs is readily
assessed by summing of the maximum electric energy for all batteries
𝐸𝑇 =

∑

𝑗 𝜀
(𝑗)
𝑚 , where 𝑗 is the car index. In turn, the energy actually

stored in the fleet is found by factoring in the SoC level and summing
over all vehicles 𝐸𝑆 =

∑

𝑗 𝑥𝑗𝜀
(𝑗)
𝑚 . In the steady-state regime, the mean

store energy converges towards the sum of the expectation values for
each car

�̄�𝑆 =
∑

𝑗
�̄�𝑗𝜀

(𝑗)
𝑚 =

∑

𝑗

𝑎′𝑗 (𝑟𝑗 )

𝑎′(𝑟𝑗 ) + 𝑏′(𝑟𝑗 )
𝜀(𝑗)𝑚 , (9)

where 𝑟𝑗 is the relative daily range for the 𝑗th car. By estimating the
mean stored energy in the fleet, we can estimate the mean additional
storage capacity �̄�𝐴 = 𝐸𝑇 − �̄�𝑆 . It is important to note that, due to
natural variability with respect to 𝑟 among drivers and also the battery
capacity 𝜀𝑚, the available capacity per vehicle [𝛿𝜀(𝑗)𝑎 = (1 − �̄�𝑗 )𝜀

(𝑗)
𝑚 ] can

differ significantly from vehicle to vehicle. The mean energy transfer
to each car’s battery per charging event can be evaluated directly from
Eq. (8), 𝛿𝜀 = 𝑟𝑑𝑝𝜀𝑚. For a large fleet, the steady-state daily energy
requirement should reduce to the average demand per day per vehicle

𝛥𝐸 ≃
∑

𝑗

𝛿𝜀(𝑗)

𝑑𝑝
=
∑

𝑗
𝑟𝑗𝜀

(𝑗)
𝑚 . (10)

The previous result shows that mean daily demand stems from the
combined relative daily range of all users and represents a small
fraction of the total fleet capacity 𝐸𝑇 . High-demand can arise from
multiple scenarios, here we consider synchronization of charging events
into a single day, while maintaining expected change in SoC level, as
a reference estimate for an extreme demand scenario

𝛥𝐸𝑠𝑦𝑛𝑐 ≃
∑

𝑗
𝛿𝜀(𝑗) =

∑

𝑗
𝑟𝑗𝑑𝑝𝜀

(𝑗)
𝑚 . (11)

To illustrate the application of this model, we consider the energy
requirements associated with the full electrification of all cars in the
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municipality of Frederiksberg, Denmark. This municipality has a total
population of 100k, distributed over 53k households and 30k cars,
including residents and daily commuters (approximate figures). To
assess this scenario, we assume a mean EV battery capacity of 68 kWh,
with standard deviation 18 kWh, and a mean rate of conversion 𝜂 =
0.2 kWh/km [24]. Under these conditions, the total battery capacity
reaches 𝐸𝑇 ∼ 2 GWh, with mean usage of batteries at the start of the
day around 𝐸𝑆 ∼ 1.25 GWh. With respect to daily energy demand, the
baseline level can be estimated from steady-state daily consumption
𝛥𝐸 ∼ 0.21 GWh. Nonetheless, demand can increase four-fold due
to synchronization of charging event in any particular day, reaching
𝛥𝐸𝑠𝑦𝑛𝑐 ∼ 0.85 GWh. Regarding usage of EVs as additional storage
of electricity, or potentially for V2G, our results indicate that a fully
electrified fleet of EVs in this municipality could provide up to �̄�𝐴 ∼
0.75 GWh without incurring in major disruptions to normal behaviour,
provided that sufficient infrastructure is available.

It is worth noting that, the above-mentioned figures do not account
for power loss associated with the chargers, these figures represent
the energy stored and consumed in the EVs. Therefore, the effective
load on the power grid will likely be larger. For the context, the mean
daily consumption in the power grid serving east Denmark (DK-2) is
approximately 𝐸𝐷𝐾−2 ∼ 1.5×24 = 36 GWh, for a grand total population
of ∼ 2.6M, and the daily mean household consumption in Denmark
is 10.68 kWh.2 At the municipality level, our estimate for the mean
daily demand arising from a fully electrified fleet of EVs is comparable
to the daily household consumption 0.566 GWh, and could surpass
household consumption under high-demand scenarios. These estimates
indicate that full electrification of EV can lead to considerable strain
being applied on the power grid, particularly if demand for charging
EVs and household consumption is strongly correlated in short periods
of time, e.g. arrival at home after work. Tapping into the available
storage in EVs via V2G could provide an important mechanism to
dampen demand on short time scales. As reference, harnessing half
of the available storage in the EV fleet could satisfy the daily power
consumption of the EV fleet, as well as match the requirements of up ∼
25k households. Scaling the estimates from Frederiksberg municipality
to the population served by DK-2 grid, we can expect a mean daily
demand 𝛥𝐸 ∼ 18 GWh, i.e. approximately half of the current daily
grid consumption. To conclude, it is worth noting that the current
daily power consumption in Denmark represent approximately 21% of
the total installed capacity. Hence, from the perspective of electricity
generation, Denmark should be able to accommodate the additional
demand.2

4. Concluding remarks

We present a new approach to evaluate the decision to charge EVs,
by framing our models in terms of the relative daily range 𝑟, which
decouples our analysis from the vehicle’s internal constraints. By virtue
of the decoupling from the vehicle’s range, our decision models and
steady-state SoC distributions can be readily applied to any fleet of
vehicles, provided that prior knowledge of the user’s mean daily-driven
distance exist. Based on this approach, we propose two methods to
evaluate the probability of charging. The first is based solely on the
SoC level at the moment of decision Eq. (2), whereas the second as
presented in Eq. (4) provides a trip-based estimate to the decision to
charge, by considering both initial and final SoC levels associated with
the trip. The models rely on four parameters that are calibrated against
empirical data via non-linear regression. While our model is agnostic
with respect to the vehicle’s range, it is important to note that the
empirical data stems from vehicles with fairly low range, thus making

2 Data for 2020 grid energy consumption is publicly available from the
anish Energy Agency [28], while data regarding households and population
re publicly available from Statistics Denmark [29,30].
7

i

it prone to biases such as range anxiety. As discussed in Section 3.2,
we take into consideration range anxiety in the calibration process.
Nonetheless, additional data from vehicles with larger range could
improve the calibration of the model.

In addition, we combine our model with a collection of multi-day
records in a streamlined simulation framework to analyse the daily evo-
lution of the SoC levels across fleets of EVs. Using the results from the
simulation, we identify and characterize the steady-state distribution of
SoC levels. Moreover, we show that additional information regarding
EV fleets can be determined by integrating both models, e.g. to estimate
the probability of charging in a given day as presented in Eq. (6), and
the average energy that is charged (Eq. (8)).

Finally, we use our models to estimate the energy requirements
associated with the complete electrification of cars in the munici-
pality of Frederiksberg, Denmark. Results indicate that daily energy
requirements for EVs are comparable to household consumption, which
could pose considerable strain on the power grid. Notwithstanding the
large demand, results also indicate that large fleets hold considerable
potential to assist the power grid via V2G integration. This is reflected
by the fact that the mean available energy storage in the fleet is
considerably larger than the mean daily requirements of the fleet.

Summarizing, the model application for Frederiksberg provides the
following key insights;

• low battery utilization 𝛿𝑥 ∼ 0.4, i.e. drivers only use 40% of
battery between charging events;

• 4 day (mean) interval between charging events;
• mean daily EV demand is nearly half of household consumption;
• synchronization scenarios could lead to demand surges that over-

come considerably household consumption;
• very large potential to deploy V2G for dampening high-demand

periods with little to no impact of normal driving behaviour by
just tapping the available storage.

4.1. Future research perspectives

While the model presented in this paper can be readily applied
at any scale, probing behaviour at short scales presents additional
challenges. In the future, to develop a more accurate picture of the
charging behaviour, an analysis of the user behaviour on a shorter
timescale and with a finer geographical resolution is required. One of
the challenges is that charging infrastructure is highly heterogeneous,
it contains multiple types of charging technologies, covering single
and triple phase alternating current, and direct current. Moreover, the
power available at each outlet can vary drastically, from a few to
hundreds of kW depending on the technology and potential frequency
regulation enforcement. In addition to the heterogeneity of the charg-
ing infrastructure, the vehicle’s specifications add additional variability
and constraints, most notably a plethora of battery capacities and also
different maximum charging power profiles. Moreover, the distribution
of charging demand over both time and space is strongly correlated
with traffic flow and parking/charging opportunities.
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Appendix A. Parametrization of the decision model

Given the scarcity of information regarding the decision to charge
and its dependence on the relative daily range, we start by performing
least squares regression for each curve in shown in Fig. 2, which
provides nine pairs of values for the shape functions 𝑎 ≡ 𝑎(𝑟) and
𝑏 ≡ 𝑏(𝑟). We plot the dispersion of the nine pairs of values in Fig. A.10,
where the dots connected by solid lines represent the values for 𝑎 and
𝑏, dark and bright colours respectively. In addition, we plot models for
the dispersion of 𝑎 and 𝑏 with respect to 𝑟, represented by dot-dashed
and dotted lines. To determine a model with the smallest number of
coefficients, we represent the shape functions based on the Laurent
series over positive and negative powers

𝑦(𝑧) =
∞
∑

𝑛=−∞
𝑦𝑛(𝑧 − 𝑧0)𝑛 , (A.1)

where 𝑦𝑛 are constant coefficients and 𝑧0 is the centre point for the
expansion. The coefficients for the curves shown in Fig. A.10 are
obtained with standard least squares regression for each model to the
respective set of nine values. Despite the nine pairs of data covering
the majority of the domain of 𝑟 ∈ [0, 1], the scarcity of data and the
associated issues regarding range anxiety, prevents us from making any
solid assessments on the dispersion of 𝑎 and 𝑏 based solely on this data.
At a qualitative level, we assess that dispersion of values for the shape
parameter 𝑎 is consistent with a linear model with respect to 𝑟. But,
we find little evidence to support the choice of any model based solely
on the current empirical data, as both models based on positive and
negative powers of 𝑟 approximate the data with apparent equivalent
merit.

We find that the leading order coefficient in the dispersion can be
identified by considering the limit of vanishing relative daily range,
where we can impose two simple constraints: (i) if the battery has any
charge 𝑥 ∈]0, 1] the probability of charging has to be vanishingly small;
(ii) if the battery is depleted 𝑥 = 0, the vehicle must charge. These two
constraints can be expressed by imposing the following limit values on
the PDF defined by Eq. (1)

lim
𝑟→0+

𝑓𝛽 (𝑎, 𝑏; 𝑥) =
{

0 ∶ 𝑥 ∈]0, 1]
∞ ∶ 𝑥 = 0

(A.2)

Fig. A.10. Dispersion of the shape functions with respect to the relative daily range.
Dots connected by solid lines represent the nine pairs of data that can be extracted from
empirical data. Dot-dashed and dotted lines represent models determined independently
by standard least squares regressions for the pairs of 𝑎 and 𝑏 values.
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From these constraints, it follows that at least one negative power of
must be present in the dispersion of 𝑏. Hence, we propose that Eq. (3)
provide the model with the smallest number of coefficients that can
capture the dependence of the shape function 𝑎 and 𝑏 with respect to
the relative daily range.

Appendix B. Simulation algorithm

To probe the steady-state distribution of SoC over a large popula-
tion, we developed a simulator that tracks the evolution of the SoC
of each vehicle as it drives and selects when to charge on the daily
basis along the entire span of the simulation period. Since we are using
the telemetry data obtained from non-electric vehicles, we assign a
maximum range 𝑟𝑚 to each vehicle, and initialize SoC level based on
random sampling. For the present studies, we ran multiple simulations
assigning nine different maximum range values to all cars, ranging
from 100 to 500 km in steps of 50 km. The simulation procedure can
be represented in pseudocode by the Algorithm 1. In each simulation
run, the data for all cars is collected daily and is then saved for
post-processing.

Algorithm 1 Simulation procedure for each car.
𝑥0 ∼ 𝑁(0.6, 0.2), 0.20 ≤ 𝑥0 ≤ 1
𝑟𝑚 = init(𝑟min, 𝑟max)
𝑖 = 0
while 𝑖 < 𝑖𝑚 do

𝑟𝑖 = 𝑥𝑖𝑟𝑚
𝑟𝑖+1 = 𝑥𝑖𝑟𝑚 − 𝑑𝑖
𝑥𝑖+1 = max(0, 𝑟𝑖+1∕𝑟𝑚)
𝑝𝑖 = 𝑊 (𝑟, 𝑥𝑖+1, 𝑥𝑖)
𝑐𝑖 ∼ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝𝑖)
if 𝑐𝑖 == 1 then

𝑥𝑖+1 ∼ 𝑁(0.75, 0.1), 0.6 ≤ 𝑥𝑖 ≤ 1
end if
𝑖 += 1
store {𝑖, 𝑥𝑖+1}

end while

Appendix C. Standardized moments for beta distribution

The standardized moments of the beta distribution read:

𝜇 = 𝑎
𝑎 + 𝑏

, (C.1a)

𝜎2 ≡ 𝜇2 =
𝑎𝑏

(𝑎 + 𝑏)2(𝑎 + 𝑏 + 1)
, (C.1b)

𝜇3 =
2(𝑏 − 𝑎)

√

𝑎 + 𝑏 + 1

(𝑎 + 𝑏 + 2)
√

𝑎𝑏
, (C.1c)

𝜇4 = 6
(𝑎 − 𝑏)2(𝑎 + 𝑏 + 1) − 𝑎𝑏(𝑎 + 𝑏 + 2)

𝑎𝑏(𝑎 + 𝑏 + 2)(𝑎 + 𝑏 + 3)
, (C.1d)

which depends exclusively on the shape functions and the respective
dependence on 𝑟. In Fig. C.11 present the dispersion of the mean,
variance, skewness and excess kurtosis with respect to 𝑟, using the
parametrization of the shape functions as determined in Eq. (5). The
results show that the mean SoC level at the start of the day lies in the
range [40−80]%. Results for large relative daily range 𝑟 ≳ 0.4 are nearly
constant, with the largest variation being observed for 𝑟 ≲ 0.3.
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Fig. C.11. Dispersion relations for the standardized moments of the steady-state SoC
distribution. Darker to brighter colours represent the mean 𝜇, variance 𝜇2, skewness
𝜇3 and excess kurtosis 𝜇4 as a function of 𝑟, using the parametrization of the shape
functions as determined in Eq. (5).

References

[1] Pina A, Silva C, Ferrão P. The impact of demand side management strategies
in the penetration of renewable electricity. Energy 2012;41(1):128–37. http:
//dx.doi.org/10.1016/j.energy.2011.06.013.

[2] Knezović K, Marinelli M, Zecchino A, Andersen PB, Traeholt C. Supporting
involvement of electric vehicles in distribution grids: Lowering the barriers for
a proactive integration. Energy 2017;134:458–68. http://dx.doi.org/10.1016/j.
energy.2017.06.075.

[3] Lund H, Kempton W. Integration of renewable energy into the transport and
electricity sectors through V2G. Energy Policy 2008;36(9):3578–87. http://dx.
doi.org/10.1016/j.enpol.2008.06.007.

[4] Weiller C, Neely A. Using electric vehicles for energy services: Industry per-
spectives. Energy 2014;77:194–200. http://dx.doi.org/10.1016/j.energy.2014.06.
066.

[5] Hoehne CG, Chester MV. Optimizing plug-in electric vehicle and vehicle-to-
grid charge scheduling to minimize carbon emissions. Energy 2016;115:646–57.
http://dx.doi.org/10.1016/j.energy.2016.09.057.

[6] Tranberg B, Corradi O, Lajoie B, Gibon T, Staffell I, Andresen GB. Real-time
carbon accounting method for the European electricity markets. Energy Strategy
Rev 2019;26(2018). http://dx.doi.org/10.1016/j.esr.2019.100367, arXiv:1812.
06679.

[7] Thingvad A, Calearo L, Andersen PB, Marinelli M, Neaimeh M, Suzuki K, et al.
Value of V2G frequency regulation in great britain considering real driving data.
In: Proceedings of 2019 IEEE PES innovative smart grid technologies Europe.
2019, http://dx.doi.org/10.1109/ISGTEurope.2019.8905679.

[8] Gschwendtner C, Sinsel SR, Stephan A. Vehicle-to-X (V2X) implementation: An
overview of predominate trial configurations and technical, social and regulatory
challenges. Renew Sustain Energy Rev 2021;145:110977. http://dx.doi.org/10.
1016/j.rser.2021.110977.

[9] Harris CB, Webber ME. An empirically-validated methodology to simulate
electricity demand for electric vehicle charging. Appl Energy 2014;126:172–81,
URL https://linkinghub.elsevier.com/retrieve/pii/S0306261914003183.

[10] Luo C, Huang YF, Gupta V. Placement of EV charging stations-balancing benefits
among multiple entities. IEEE Trans Smart Grid 2017;8(2):759–68. http://dx.doi.
org/10.1109/TSG.2015.2508740, arXiv:1801.02129.

[11] Fischer D, Harbrecht A, Surmann A, McKenna R. Electric vehicles’ impacts on
residential electric local profiles – A stochastic modelling approach considering
socio-economic, behavioural and spatial factors. Appl Energy 2019;233–
234(October 2018):644–58, URL https://linkinghub.elsevier.com/retrieve/pii/
S0306261918315666.
9

[12] Pareschi G, Küng L, Georges G, Boulouchos K. Are travel surveys a good
basis for EV models? Validation of simulated charging profiles against em-
pirical data. Appl Energy 2020;275(July):115318. http://dx.doi.org/10.1016/j.
apenergy.2020.115318.

[13] Alhazmi YA, Mostafa HA, Salama MM. Optimal allocation for electric vehicle
charging stations using trip success ratio. Int J Electr Power Energy Syst
2017;91:101–16. http://dx.doi.org/10.1016/j.ijepes.2017.03.009.

[14] Zhang H, Moura SJ, Hu Z, Song Y. PEV Fast-charging station siting and
sizing on coupled transportation and power networks. IEEE Trans Smart Grid
2018;9(4):2595–605. http://dx.doi.org/10.1109/TSG.2016.2614939.

[15] Pan A, Zhao T, Yu H, Zhang Y. Deploying public charging stations for elec-
tric taxis: A charging demand simulation embedded approach. IEEE Access
2019;7:17412–24. http://dx.doi.org/10.1109/ACCESS.2019.2894780.

[16] Kong W, Luo Y, Feng G, Li K, Peng H. Optimal location planning method of
fast charging station for electric vehicles considering operators, drivers, vehicles,
traffic flow and power grid. Energy 2019;186:115826. http://dx.doi.org/10.
1016/j.energy.2019.07.156.

[17] Liu G, Kang L, Luan Z, Qiu J, Zheng F. Charging station and power network
planning for integrated electric vehicles (EVs). Energies 2019;12(13):1–22. http:
//dx.doi.org/10.3390/en12132595.

[18] Pal A, Bhattacharya A, Chakraborty AK. Allocation of electric vehi-
cle charging station considering uncertainties. Sustain Energy Grids Netw
2020;25(2021):100422. http://dx.doi.org/10.1016/j.segan.2020.100422.

[19] Kleiner F, Brokate J, Blaser F, Friedrich HE. Quantitative analysis of the public
charging-point evolution: A demand-driven spatial modeling approach. Transp
Res D 2018;62(March):212–24. http://dx.doi.org/10.1016/j.trd.2018.03.001.

[20] Fridgen G, Thimmel M, Weibelzahl M, Wolf L. Smarter charging: Power al-
location accounting for travel time of electric vehicle drivers. Transp Res D
2021;97:102916. http://dx.doi.org/10.1016/j.trd.2021.102916.

[21] Li C, Zhang L, Ou Z, Wang Q, Zhou D, Ma J. Robust model of electric vehicle
charging station location considering renewable energy and storage equipment.
Energy 2022;238:121713. http://dx.doi.org/10.1016/j.energy.2021.121713.

[22] Calearo L, Thingvad A, Suzuki K, Marinelli M. Grid loading due to EV charging
profiles based on pseudo-real driving pattern and user behavior. IEEE Trans
Transp Electr 2019;5(3):683–94. http://dx.doi.org/10.1109/TTE.2019.2921854.

[23] Bollerslev J, Andersen PB, Jensen TV, Marinelli M, Thingvad A, Calearo L, et al.
Coincidence factors for domestic EV charging from driving and plug-in behavior.
IEEE Trans Transp Electr 2021;1. http://dx.doi.org/10.1109/TTE.2021.3088275,
URL https://ieeexplore.ieee.org/document/9450833/.

[24] Neaimeh M, Hill GA, Hübner Y, Blythe PT. Routing systems to extend the driving
range of electric vehicles. IET Intell Transp Syst 2013;7(3):327–36. http://dx.
doi.org/10.1049/iet-its.2013.0122, URL https://onlinelibrary.wiley.com/doi/10.
1049/iet-its.2013.0122.

[25] González-Garrido A, Thingvad A, Gaztañaga H, Marinelli M. Full-scale electric
vehicles penetration in the Danish Island of Bornholm—Optimal schedul-
ing and battery degradation under driving constraints. J Energy Storage
2019;23(2018):381–91. http://dx.doi.org/10.1016/j.est.2019.03.025.

[26] Francfort J, Bennett B, Carlson R, Garretson T, Gourley L, Karner D, et al. Idaho
National Laboratory’s Analysis of ARRA-Funded Plug-in Electric Vehicle and
Charging Infrastructure Projects: Final Report. Tech. rep, Idaho Falls, ID, United
States: Idaho National Laboratory; 2015, http://dx.doi.org/10.2172/1244615,
URL http://www.osti.gov/servlets/purl/1244615/.

[27] Baescu O, Christiansen H. The Danish National Travel Survey Annual Statis-
tical Report TU0619v2. Tech. rep, Lyngby, Denmark: DTU Management, Kgs.;
2020, http://dx.doi.org/10.11581/dtu:00000034, URL https://orbit.dtu.dk/files/
221136854/TU{_}Denmark{_}2019.pdf.

[28] The Danish Energy Agency. Data, tables, statistics og maps Energy Statistics
2019. Tech. rep, 2020, URL https://ens.dk/en/our-services/statistics-data-key-
figures-and-energy-maps/annual-and-monthly-statistics.

[29] Danmarks Statistik. FAM55N: husstande 1. januar efter kommune, husstand-
stype, husstandsstørrelse og antal børn i husstanden. 2021, URL https://www.
statistikbanken.dk/FAM55N.

[30] Danmarks Statistik. ENE2HA: Energiregnskab i GJ (detaljeret) efter anvendelse
og energitype. 2021, URL https://www.statistikbanken.dk/ENE2HA.

http://dx.doi.org/10.1016/j.energy.2011.06.013
http://dx.doi.org/10.1016/j.energy.2011.06.013
http://dx.doi.org/10.1016/j.energy.2011.06.013
http://dx.doi.org/10.1016/j.energy.2017.06.075
http://dx.doi.org/10.1016/j.energy.2017.06.075
http://dx.doi.org/10.1016/j.energy.2017.06.075
http://dx.doi.org/10.1016/j.enpol.2008.06.007
http://dx.doi.org/10.1016/j.enpol.2008.06.007
http://dx.doi.org/10.1016/j.enpol.2008.06.007
http://dx.doi.org/10.1016/j.energy.2014.06.066
http://dx.doi.org/10.1016/j.energy.2014.06.066
http://dx.doi.org/10.1016/j.energy.2014.06.066
http://dx.doi.org/10.1016/j.energy.2016.09.057
http://dx.doi.org/10.1016/j.esr.2019.100367
http://arxiv.org/abs/1812.06679
http://arxiv.org/abs/1812.06679
http://arxiv.org/abs/1812.06679
http://dx.doi.org/10.1109/ISGTEurope.2019.8905679
http://dx.doi.org/10.1016/j.rser.2021.110977
http://dx.doi.org/10.1016/j.rser.2021.110977
http://dx.doi.org/10.1016/j.rser.2021.110977
https://linkinghub.elsevier.com/retrieve/pii/S0306261914003183
http://dx.doi.org/10.1109/TSG.2015.2508740
http://dx.doi.org/10.1109/TSG.2015.2508740
http://dx.doi.org/10.1109/TSG.2015.2508740
http://arxiv.org/abs/1801.02129
https://linkinghub.elsevier.com/retrieve/pii/S0306261918315666
https://linkinghub.elsevier.com/retrieve/pii/S0306261918315666
https://linkinghub.elsevier.com/retrieve/pii/S0306261918315666
http://dx.doi.org/10.1016/j.apenergy.2020.115318
http://dx.doi.org/10.1016/j.apenergy.2020.115318
http://dx.doi.org/10.1016/j.apenergy.2020.115318
http://dx.doi.org/10.1016/j.ijepes.2017.03.009
http://dx.doi.org/10.1109/TSG.2016.2614939
http://dx.doi.org/10.1109/ACCESS.2019.2894780
http://dx.doi.org/10.1016/j.energy.2019.07.156
http://dx.doi.org/10.1016/j.energy.2019.07.156
http://dx.doi.org/10.1016/j.energy.2019.07.156
http://dx.doi.org/10.3390/en12132595
http://dx.doi.org/10.3390/en12132595
http://dx.doi.org/10.3390/en12132595
http://dx.doi.org/10.1016/j.segan.2020.100422
http://dx.doi.org/10.1016/j.trd.2018.03.001
http://dx.doi.org/10.1016/j.trd.2021.102916
http://dx.doi.org/10.1016/j.energy.2021.121713
http://dx.doi.org/10.1109/TTE.2019.2921854
http://dx.doi.org/10.1109/TTE.2021.3088275
https://ieeexplore.ieee.org/document/9450833/
http://dx.doi.org/10.1049/iet-its.2013.0122
http://dx.doi.org/10.1049/iet-its.2013.0122
http://dx.doi.org/10.1049/iet-its.2013.0122
https://onlinelibrary.wiley.com/doi/10.1049/iet-its.2013.0122
https://onlinelibrary.wiley.com/doi/10.1049/iet-its.2013.0122
https://onlinelibrary.wiley.com/doi/10.1049/iet-its.2013.0122
http://dx.doi.org/10.1016/j.est.2019.03.025
http://dx.doi.org/10.2172/1244615
http://www.osti.gov/servlets/purl/1244615/
http://dx.doi.org/10.11581/dtu:00000034
https://orbit.dtu.dk/files/221136854/TU{_}Denmark{_}2019.pdf
https://orbit.dtu.dk/files/221136854/TU{_}Denmark{_}2019.pdf
https://orbit.dtu.dk/files/221136854/TU{_}Denmark{_}2019.pdf
https://ens.dk/en/our-services/statistics-data-key-figures-and-energy-maps/annual-and-monthly-statistics
https://ens.dk/en/our-services/statistics-data-key-figures-and-energy-maps/annual-and-monthly-statistics
https://ens.dk/en/our-services/statistics-data-key-figures-and-energy-maps/annual-and-monthly-statistics
https://www.statistikbanken.dk/FAM55N
https://www.statistikbanken.dk/FAM55N
https://www.statistikbanken.dk/FAM55N
https://www.statistikbanken.dk/ENE2HA

	Charging, steady-state SoC and energy storage distributions for EV fleets
	Introduction
	Methodology
	Charge decision
	Steady-state SoC distribution

	Results
	Data
	Range anxiety and model calibration
	Steady-state distributions
	Stored energy and charge demand in EV fleet

	Concluding remarks
	Future research perspectives

	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Appendix A. Parametrization of the decision model
	Appendix B. Simulation algorithm
	Appendix C. Standardized moments for beta distribution
	References


