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Abstract: Ultrafast charging is developing and will soon be available to electric vehicles (EV).
This research focuses on the feasibility of ultrafast charging for EV passenger cars in the Netherlands.
We carried out a stated choice experiment with 311 respondents (all EV drivers) and developed mixed
logit models based on random utility maximization. In deciding which charging type to choose,
this research identified the charging point characteristics, price, proximity to shopping facilities,
certainty of charging availability and not having to make a detour as key influential factors for EV
drivers. Price changes and not having to make a detour substantially affect users’ choices for the
charging types. Contrary to expectations, no significant results were found for urban density, age,
technology awareness and importance of sustainability. Finally, the research results show that there
is demand for ultrafast charging in the Netherlands even if users have to pay slightly more compared
to other forms of charging.

Keywords: electric vehicles; charging behavior; ultrafast charging; stated preference; discrete choice
modeling

1. Introduction

One of the main challenges in the large-scale introduction of electric vehicles (EVs) is the provision
of a solid network of charging infrastructure. When designing a charging network there are several
crucial aspects, such as the type of charging points. Developments in the type of charging affect
consumers and policy decisions about refueling EVs. A recent and impactful development is ultrafast
charging with a charging power of more than 350 kW. Such charging power implies recharging 100 km
of range in approximately three minutes or less, compared to hours of slow charging. One of the
advantages of such a considerable reduction of charging times is that it might reduce the range anxiety.
In the Netherlands, the first plug-in EVs were sold in 2011 and their sales have increased sharply
since then. The term plug-in hybrid EV (PHEV) is internationally used for plug-in hybrid electric
vehicles, whereas a full electric vehicle is a battery electric vehicle (BEV). The focus of this study is on
BEVs, since ultrafast charging is not yet suitable for PHEVs. Besides, PHEVs have an extended range
due to their internal combustion engines and fast/ultrafast charging might be less critical for them.
The number of registered electric vehicles in the Netherlands increased from 87,552 in December 2015
to 134,062 in October 2018 [1]. Aside from an PHEV or BEV, an electric vehicle can be a fuel cell EV
(FCEV) which uses a fuel cell instead of a battery to power its electric motor.

Currently, the charging system in the Netherlands comprises of standard charging points
(<22 kW), used for destination charging—another term for slow charging—and an increasing amount
of fast charging points (22–50 kW). These fast charging points will likely become ultrafast charging
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points (350–450 kW) in the near future. In the Netherlands, the first ultrafast charging points were
installed in July 2018 [2], even though vehicles cannot yet charge at such high speeds. It is unclear how
the EV drivers will make use of such infrastructure when their vehicles are ready for this technology.
This charging behavior is a key parameter in a well-functioning charging system. Ultrafast charging
(>350 kW) has so far not been at the center of attention of scientific studies on EV charging, most likely
because it is such a recent development [3–5].

In the literature, several studies on charging behavior have been conducted. It has repeatedly
been found that the majority of EV charging takes place at homechargers [3,6,7], but it is argued that,
despite this current trend, away-from-home charging is needed to grow BEV markets [5,8]. Such public
infrastructure may include fast chargers (>50 kW), or in the near future, ultrafast chargers (>350 kW).
Neaimeh et al. [5] explored the impacts of fast chargers on driving behavior in the US and the UK to
demonstrate the importance of fast chargers. They found that both fast charging and slow charging
have statistically significant and positive effects on daily distance, where the impact of fast charging
is more influential than slow charging. Since better coverage of charging infrastructure increases the
possibility to drive longer distances (and recharge halfway), it is expected that increased coverage
of a fast charging network will increase EV adoption [9]. Vice versa, creating uncertainty about the
availability of charging stations reduces the purchase intention for full EVs [10].

Hoekstra and Refa [11] found that Dutch EV drivers prefer good fast charging infrastructure
over EVs with a very large vehicle range, and respondents strongly disagree with the idea that fast
chargers of 50 kW can replace standard chargers [11]. However, ultrafast charging (>350 kW) was
not considered. Others have suggested that fast chargers might change roles with slow (destination)
chargers [12], as only about 25% of Dutch households have access to a private parking space [11].

Few studies have examined the potential of ultrafast charging from a user perspective.
Ultrafast charging could solve the parking and charging issues that are steadily developing due
to waiting times for charging points, an increasing number of EVs, attractive pricing policies for
parking at charging spots and more [10,13]. To the best of the authors’ knowledge, the potential of
ultrafast charging from a consumer perspective has not yet been studied, although some studies have
suggested to pursue this line of research in order to improve charging infrastructure decisions [13].

This paper, therefore, aims at facilitating the understanding of EV driver behavior and to
evaluate the potential of ultrafast charging in a constantly developing world of sustainable mobility.
The objectives of this study were:

• To investigate the feasibility of ultrafast charging of EVs in the Netherlands following a
user perspective.

• To identify the quantitative influence of key factors (e.g., pricing, availability) on the charging
choices of EV drivers in the Netherlands.

• To investigate the sensitivity of charging type choices to potential attribute changes in future
scenarios with the use of mixed logit models.

In this study, we address the research problem of identifying the quantitative influences of various
factors (e.g., pricing and charging availability) on the charging choices of EV drivers in the Netherlands.

We contribute in this direction by investigating factors that possibly influence the consumers’
choice between standard charging (up to 22 kW), fast charging (around 50 kW) and ultrafast charging
(>350 kW). A survey with a stated choice experiment was conducted to explore such influential factors,
and mixed logit (ML) models were estimated to identify factors that are important to EV drivers’
choices for slow, fast and ultrafast charging points.

The remainder of this study is structured as follows. In Section 2 we detail our data collection
through an online survey with a stated choice experiment among EV drivers in the Netherlands.
The discrete choice modeling framework and the applications of mixed logit models are presented in
Section 3. Finally, our results are discussed in Section 4 followed by our conclusion in Section 5.
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2. Data Collection, Preparation and Description

2.1. Data Collection

A stated choice experiment was distributed as part of a survey among EV drivers in the
Netherlands. In our stated choice experiment the respondent was asked to choose among future
options that did not exist yet. The focus of the survey was on regular EV passenger cars, excluding
taxi transport and public transport. EV users themselves are most capable of comparing different
charging type alternatives and selecting the best one, since they have firsthand experience of charging
an EV. An attempt was made to include as many different EV users as possible, including lease drivers,
EV owners and users of shared EVs. This study focuses on the Netherlands and Dutch EV users.

The survey starts with a screening question (“How often do you drive an EV?”) and furthermore
consists of the following parts: (A) questions on current mobility pattern, charging behavior and user
satisfaction, (B) attitude statements, (C) the discrete choice experiment and (D) sociodemographic
and personal characteristics. In the design of the stated choice experiment, the first step is to specify
alternatives (the choice options) and their attributes and levels. The selection of factors to be included
was based on the literature (e.g., [9,14–17]). The price attribute was based on the current price per kWh
(the attribute levels can be found in Table 1). The kWh costs used in the research were based on current
market prices for ultrafast charging and the other types of charging and they were confirmed by expert
interviews. Ultrafast charging has a much higher kWh cost than slower charging because it is assumed
that the installation, operation and maintenance have higher costs too—and this is reflected in the kWh
price. After selecting the alternatives, attributes and levels, the choice sets were chosen; we created
the experimental design and finally constructed the survey. Different designs were compared and
an orthogonal design with the highest D-efficiency was chosen. An orthogonal design was desired
since it is produced so as to have zero correlations between the attributes in the experiment, making it
excellent for estimating linear models [18].

The D-efficiency of the design used in this study is 99.6. (see [19] for more information about the
D-efficiency metric). Our selected design has 16 choice sets with four alternatives each. An example
of a choice set used in the survey is shown in Figure 1. Initially, we performed pilot surveys in small
groups of 8 and 10 respondents to improve the questionnaire before proceeding to the main survey.
The main changes that were incorporated after the pilot surveys included a reduction of the amount
of choice sets per survey and improvements in the formulation of the attitude statements. Using a
blocking variable, four blocks of four choice sets were generated. Each respondent randomly received
one of the four blocks. The entire choice experiment design can be found at the MSc thesis in [20].

Our online survey was created using the Web-based tool Qualtrics. It was distributed through
several social media platforms (LinkedIn and Facebook) and through several organizations active
in EV (namely, the electric drivers’ association (VER), the national knowledge platform for charging
infrastructure and the Dutch organisation for electric transport). The survey was open for responses
from 1–28 April 2019. The complete survey can be found in Appendix A.
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Table 1. Attribute levels.

Set Ultrafast Charging Fast Charging Destination Charging

Price Facilities Availability Detour Price Facilities Availability Detour Price Facilities Availability Detour

1 11.76 Shopping mall Uncertain No detour 11.76 Small shop or cafe Certain No detour 5 Waiting room Certain Detour
1 8.49 Waiting room Certain Detour 5 Small shop or cafe Certain No detour 15.25 Shopping mall Uncertain Detour
1 8.49 None Uncertain Detour 15.25 Shopping mall Uncertain No detour 11.76 Small shop or cafe Certain Detour
1 15.25 None Certain Detour 11.76 Shopping mall Certain Detour 8.49 Small shop or cafe Uncertain No detour

2 15.25 Waiting room Certain No detour 5 Small shop or cafe Uncertain Detour 11.76 None Certain Detour
2 8.49 None Certain No detour 15.25 Waiting room Uncertain Detour 5 Shopping mall Certain No detour
2 5 Small shop or cafe Certain No detour 8.49 Waiting room Uncertain Detour 15.25 None Uncertain Detour
2 8.49 Shopping mall Certain Detour 5 None Uncertain Detour 8.49 Small shop or cafe Uncertain No detour

3 15.25 None Certain Detour 11.76 Shopping mall Uncertain Detour 8.49 Waiting room Certain No detour
3 11.76 Waiting room Uncertain No detour 8.49 None Uncertain No detour 15.25 Shopping mall Certain Detour
3 11.76 Small shop or cafe Uncertain Detour 5 Shopping mall Uncertain Detour 15.25 Waiting room Certain No detour
3 8.49 Shopping mall Uncertain No detour 5 Waiting room Certain No detour 11.76 Small shop or cafe Certain Detour

4 5 Waiting room Uncertain Detour 15.25 Small shop or cafe Uncertain Detour 8.49 None Certain No detour
4 5 None Uncertain No detour 8.49 Small shop or cafe Certain Detour 11.76 Waiting room Uncertain Detour
4 8.49 Shopping mall Certain Detour 5 None Uncertain Detour 11.76 Waiting room Uncertain No detour
4 11.76 None Certain No detour 8.49 Small shop or cafe Uncertain Detour 5 Shopping mall Certain No detour
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Choice (1/4)

You are driving in your electric car and you are going to charge your car.  Take the following into account:

• You will charge […] kilometres of range

• You pay for all costs yourself

The duration and location of the charging session are fixed.  The other variables vary per choice.

Ultrafast charging Fast charging Destination charging

Duration of charging session 3 min for 100 km 20 min for 100 km 4 hrs for 100 km

Location of charging session On the route On the route At your destination

Price of charging session €5,00 for 100 km €15,25 for 100 km €8,49 for 100 km

Certainty of availability No (waiting time unknown) No (waiting time unknown) Yes (<5 min waiting time)

You have to make a detour 

(5 min driving or walking)

Yes Yes No

Facilities nearby Covered waiting room Small shop or café None

Which type of charging do you choose? 

No preference Ultrafast Fast Destination charging

o o o o

Figure 1. Example of a choice set as used in the stated choice experiment. The input for “You will
charge [...] kilometres of range” was taken from the previous question on the respondent’s most recent
charging session.

2.2. Data Preparation

The total number of respondents that participated in the survey is 311. From this, 265 indicated that
they drive a BEV. The rest drive a plug-in hybrid vehicle and were excluded from the sample for this
reason; 37 BEV drivers were excluded because they had not completed the choice questions. A further
57 respondents were excluded because they opted for the same choice in all four scenarios, which indicates
that the choice context was not properly defined for these respondents. This left 171 respondents to be
analyzed. Since each respondent received four choices, a total of 684 observations can be regarded in
the choice modeling procedure. Four respondents only made one out of four choices, which means
12 observations were excluded as these did not include a choice (three open choices× four respondents
= 12 observations). A final number of 672 observations are used in the remainder of this work.

All binary and categorical variables were dummy-coded for usage with the Biogeme software [21].
Concerning the attitude statements, the “do not know” option was only picked by one user per
statement; thus it was decided to add those to the “neutral” category.

2.3. Descriptive Statistics

A direct comparison of our sample with the current population of Dutch EV drivers was not
possible as there is no dataset available. However, data on EV vehicle types are available and
comparisons of socio-economic characteristics of EV drivers is possible using earlier studies with
surveys. The distribution of vehicle types within the sample was compared to publicly available data
on all-electric vehicles in the Netherlands [22]. This indicates a rather good fit of the sample with
respect to the vehicle types, as can be seen in Figure 2.

A comparison was made with available data of a large group of Dutch drivers who were interested
in driving EV (n = 694) [23]. This was one of the few studies on the characteristics of (future) Dutch EV
drivers. The sample of 171 respondents in this research included considerably more highly educated
people (80% compared to 38% in the Netherlands), males (90% compared to 60%) and people who live
in strongly or extremely urbanized areas (43% compared to 25%) than the population sampled by [23];
43% of the sample was younger than 45, while 64% of Dutch EV-enthusiasts were that age. This age
variable is rather well distributed, with 19% aged 25–35, 30% aged 35–45, 31% aged between 45–55
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and 15% aged 55–65. This distribution, and the frequencies of =average length of regular trip in km,
are shown in Figure 3. It can be seen that most of the EV users have regular trip lengths between 5 and
100 km, with some outliers in the direction of 300 km.
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Figure 3. Histograms for age and average trip length in km. The youngest respondent was 23 years old;
the oldest was 69. The average trip length in km ranged from 0 to 300 km; the last category captures
respondents who answered 300 km or more.

The current sample has also been compared to a similar study that was conducted two years ago
by [11]. Some frequencies of specific characteristics of the sample are shown in Table 2. It can be seen
that the majority of the people (84.5%) drive EVs four or more days a week, indicating a substantial
charging need. The majority, 90.5%, of the respondents were male (compared to 92% in Hoekstra and
Refa [11]), whereas only 9.5% were female EV drivers. The variables income and education also have a
very unequal distribution: many respondents had a high income (40% income of 77,500 euros or more)
and were well-educated (42% WO Bachelor and 34% WO Master). In Hoekstra and Refa [11], 68% of
the respondents earned more than 50,000 on a yearly basis, and 73.7% had higher education, which is
very similar to the sample in this study. It is decided not to use weights in this study due to the lack
of data about the total population of Dutch EV drivers. Consequently, all results are specific to the
studied sample.
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Table 2. Frequencies of EV driving, type of EV driver and gender of the sample (n = 171).

Frequency of EV Driving (%) Type of EV Driver (%) Gender (%)

<1 day per year 0.6 Ownership 33.8 Male 90.5
1–5 days per year 0.6 Private lease 0.6 Female 9.5
6–11 days per year 0.6 Business lease 54.3
1–3 days per month 3.0 Private car sharing 0.6
1–3 days per week 10.7 Business car sharing 6.5
4 or more days per week 84.5 Other 6.7

In Figure 4, one can see which percentage of respondents chose to use a certain type of charging
and how often. It can be seen that destination charging at work, on-street slow charging and fast
charging are used more than once a week by 25–55% of the respondents. In contrast, charging at sports
clubs is the least popular, as about 75% of the respondents indicate using this type of charging less
than one day per year. Interestingly, almost 40% of the respondents used fast charging 11 days or less
per year, which means that a very large chunk of the EV drivers are not regular fast charger users.
As to the question why people do not make use of fast charging at all (if they indicated they did not,
n = 10), answers include that fast charging is not necessary (n = 3), it is too expensive (n = 1) and that
one’s car does not have the technology to fast charge (n = 6).
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74
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23

10

10

10

6

11

4

12

21

13

18

6

24

36

31

6

3

26

21

25

13

2

<1 day per year
1-5 days per year
6-11 days per year
1-3 days per month
1-3 days per week
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Figure 4. Charging frequencies for several locations (%).

Without executing any model analysis yet, the respondents’ choices show that there is a slight
preference for ultrafast charging (34%) compared to slow (31%) and fast (32%) charging. The no
preference alternative was chosen in 3% of the choice scenarios. In Table 3, different sample segments
are presented along with their choices. These variables are significantly related to choice, as can be
seen in the right column of the table. Additionally, importance of travel costs is significantly related.
However, since another cost variable (price) is explored in the choice models later, this is left out.
Insignificant variables are not shown.

The Cramer’s V test in Table 3 was executed for the categorical variables, investigating whether
there is a relationship between the selected variables. When the Cramer’s V statistic is significant,
this means that the null hypothesis stating that there is no relationship can be rejected, thereby
implying that there is a relationship. For the continuous variables, the ANOVA test procedure was
used, using the F statistic in the same way as Cramer’s V to test the independence between a continuous
variable and a categorical variable (in this case choice). Note that this analysis of correlations is purely
exploratory, meaning that relationships between variables are not taken into account. When the null
hypothesis cannot be rejected, it does not necessarily mean that there is no relationship.
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It can be seen that the largest age group (41–50 years old) together with the youngest age group
(23–30 years old) are the only groups among which the largest share opted for ultrafast charging.
An interesting finding is that the respondents who valued driving comfort the most (“very important”)
chose ultrafast charging in most scenarios. The degree of urban density does not seem to encourage the
choice of ultrafast charging. On the contrary, the “extremely urbanized” group favors slow charging most
of the time, while the “not urbanized” group has a preference for ultrafast charging. These preliminary
findings will be used to guide the model estimation process in a later stage.

Table 3. Choices made per sample segment by age, importance of driving comfort and degree of urban
density. These variables are significantly related to the choice variable.

Sample Composition Choice p-Value for Variable
Variable Segment Freq (%) Slow Fast Ultra No

Age 23–30 years 13.1 39.8 15.9 40.9 3.4 0.001 (F = 5.215; df = 3)
31–40 years 19.0 37.5 28.1 32.8 1.6
41–50 years 35.1 27.5 33.9 34.3 4.2
51–60 years 23.8 25.0 37.5 35.0 2.5
61–70 years 6.5 29.5 40.9 25.0 4.5
Unknown 2.4 31.3 31.3 31.3 6.3

Importance of Neutral 6.0 37.5 40.0 12.5 10.0 0.014 (Cramer’s V = 0.109)
driving comfort Important 44.5 29.4 33.1 33.8 3.7

Very important 49.6 30.9 29.4 37.5 2.1
Degree of urban density Extremely urbanised 16.7 43.8 23.2 30.4 2.7 0.002 (Cramer’s V = 0.133)

Strongly urbanised 26.8 26.1 42.2 30.6 1.1
Moderately urbanised 14.9 26.0 27.0 44.0 3.0
Hardly urbanised 20.8 34.3 24.3 35.7 5.7
Not urbanised 14.9 22.0 36.0 38.0 4.0
Unknown 6.0 35.0 35.0 25.0 5.0

3. Model Estimation Results

To investigate the influences that the variables have on the preferences of EV users and their
uses of different charging types, we used discrete choice modeling based on the concept of utility
maximization [18,24,25]. The utility function of individual q when selecting a charging type alternative
j ∈ A = {a1, a2, ..., a|A|} is Ujq = U(xjq) where xjq = xjq1, ..., xjqn, ..., xjqk is the vector of the attribute
values for every alternative j by the individual q. This is expressed by the following equation.

Ujq = Vjq + ε jq (1)

where Vjq is the measurable, systematic part which is a function of the measured attributes x
(expressed as Vjq = ∑k

n=1(β jnxjqn) where n ∈ {1, 2, . . . , k} and β is constant for all individuals but
possibly varying across alternatives). The second is a random part ε jq which reflects particular
preferences of each individual, together with any measurement or observational errors made by the
modeler [24,26,27].

To maximize utility, individual q selects the charging type alternative j ∈ A if and only if:

Ujq ≥ max
i∈A

Uiq (2)

where the probability of choosing alternative j ∈ A is given by Pjq = Pr(Vjq + ε jq ≥ maxi∈A(Viq + εiq)).
In this study we use standard mixed logit (ML) models that are highly flexible and can

approximate any random utility model [28]. Mixed logit models allow for random taste variation,
unrestricted substitution patterns and correlations in unobserved factors over time.

In ML, β j is not the same across all decision makers, but it is treated as a random variable β jq
that follows a probability distribution f (β|θ) where θ are the parameters of the distribution of β jq over
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the population (i.e., mean and variance). Using mixed logit, the unconditional probability of decision
maker q choosing alternative i ∈ A is the integral of the logit formula over the density of β jq:

Piq =
∫

Liq(β) f (β|θ)dβ (3)

where Liq(β) is the logit probability evaluated at parameters β jq, and f (β|θ) is a density function.
The mixed logit model estimation results are shown in Table 4. The first column of this table refers

to the mathematical notation as used in Equation (1). The columns of Table 4 titled “Value” contain the
estimated parameter values of the variables named on the left. The columns titled “T-statistic” contain
the value of the T-test, for which a value greater than |1.96| indicates a significant contribution to the
model [29]. In addition, the last row, ρ2, uses the likelihood ratio index to measure how the model
performs with the estimated values for the parameters compared to the null model (when all betas are
equal to zero). If ρ2 = 1, this indicates a perfect fit. However, Louviere et al. [24] state that a value of
ρ2 between 0.2 and 0.4 is considered to indicate good model fits.

Several ML models were estimated using the attributes included in the choice experiment.
Variables were added one by one to the model. When they were insignificant, they were removed
from the model. Three models are reported to show the steps that have been taken in the model
estimation process. The ML models (1) and (2) contained 17 and 18 significant variables respectively,
and the final ML model contained 21 significant variables. Using this approach, it can be tested
whether the utility of an attribute depends on the alternative. For example, “certainty of availability”
might be valued differently for the ultrafast alternative than for the slow charging alternative. It can be
assumed that if an ultrafast charging point is not available at the moment the driver arrives, it will be
very soon—while for slow charging this is not the case.

All models were estimated using alternative specific constants (ASCs), attributes of the choice
experiment, socio-economic variables and attitude statement variables. Important to note is that the
ASCs capture the errors (ε as in Equation (1)) associated with each alternative. The “no preference”
alternative is used as the reference level in all models.

3.1. Interpretation of the Mixed Logit Models

In ML models (1) and (2), all parameters were estimated by adding variables one by one and
using their significance as a criterion on whether to keep them in the model. ML models (1) and (2)
were estimated as part of our process to arrive at the final model with the best fit. Respectively, 17 and
18 parameters were significant (at a 90% significance level) for the reported models. Model (2) was
retrieved after improving model (1). Several socio-economic variables were significant in ML model
(1), including generic parameters for age, education for ultrafast charging and the importance of travel
time for ultrafast charging. In the ML models, error components (the sigmas) were added to be able to
estimate possible panel effects. These sigma parameters, together with the ASCs, explain part of the
error (ε) in the utility function, as mentioned in Equation (1). This error term ensures that the model
is not biased, which is why also insignificant error components were kept in the models. Only the
error component for ultrafast charging is significant and positive (εU2 = 0.548), indicating the presence
of preference heterogeneity in the sampled population for this alternative [30]. This implies that
respondents have a certain “loyalty” to this alternative. This could be because ultrafast charging is not
yet possible but it seems an attractive new technology. Such respondent loyalty is not found for slow
and fast charging. The estimated parameters can be seen in Table 4.

In ML model (2), the ASC for the ultrafast alternative was not significant at this point; however, it
was kept in the model because it is a necessary and important part of the utility function. The values of
the ASCs for all alternatives decreased in ML model (2). This decrease of ASCs indicates that a larger
part of the utility of the alternatives is explained by the variables added to the model.

In both ML models (1) and (2), a generic parameter for no facilities was estimated. Its positive
value indicates that for all charging types, the likelihood of choosing a certain charging type increases
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when there are no facilities present. For slow and fast charging this could be due to EV drivers’
preferences to charge at their final destinations, whereas for ultrafast charging no facilities are necessary
due to the very short charging sessions. In ML model (1), the importance of comfort (U) parameter
was not significant, but importance of travel time (U) was. However, when further developing the
model, this was reversed again in ML model (2).

A generic parameter for age was significant in ML model (1), indicating that when people are
older, they are less likely to opt for any of the three alternatives. Since this is not realistic, the parameter
was split into several alternative-specific parameters for age in ML model (2). This resulted in a
negative parameter for the slow and ultrafast alternatives. These values imply that the younger people
are, the more they tend to choose slow or ultrafast charging types. For fast charging, no conclusions
can be drawn anymore, since the parameter was not found to be significant in this model.

Concerning the level of education, a positive parameter value for ultrafast charging indicates that
one is more likely to opt for ultrafast charging when one has a higher level of education, and vice
versa. Care should be taken when interpreting these results since the sample in this study had an
above-average education level.

The final ML model provides the best fit to the data (ρ2 = 0.241), which is said to be a good
model fit [24]. In Table 4, it can be seen that in the final model one error component (εU2) is found
to be significant, which means there is preference heterogeneity of respondents towards the ultrafast
charging alternative. The positive sigma value for ultrafast charging (εU2 = 0.548) indicates that
respondents opted for the same alternative in different situations. It can be concluded that there is
a panel effect for the ultrafast alternative, but this is not the case for the slow and fast alternatives.
The sigma values for the latter two are insignificant, indicating that it is impossible to draw any
conclusions on plausible panel effects.

The significant ASC values for slow and fast charging are lower than in the previous ML models,
which means that more explanatory power is captured by the other estimated parameters in the model.
Comparing the final ML model to the earlier models, the age parameter is no longer significant,
the income parameters are included and significant and the generic parameter for no facilities
has been replaced by two significant no facilities parameters for slow and fast charging. Higher
income implies a lower tendency to opt for all three alternatives. This possibly indicates that public
charging, compared to other (undefined) alternatives, is preferred less by people with higher incomes.
The final model also shows that both slow and fast charging become more attractive when no facilities
are present.

No significant values were found for gender and urban density in the models, and also age is no
longer significant in the final ML model. This is encouraging because it avoids the dilemma of which
interest to serve in policy-making. Governments and other stakeholders can ensure the installation of
charging infrastructure in such a way that EV drivers consider all charging types as viable alternatives.
The values for income and education indicate that a difference between income and education groups
exists. However, this should be interpreted with caution as the sample includes many high-income
and highly-educated individuals.
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Table 4. Model estimation results. This table only displays the significant factors, which is why not every attribute is mentioned for slow, fast and ultrafast. (S) refers
to slow, (F) to fast and (U) to ultrafast.

Mixed Logit (1) Mixed Logit (2) Mixed Logit (Final Model)

Variable Value T-Statistic Value T-Statistic Value T-Statistic

εS1 ASC (S) 3.78 7.43 3.49 6.94 2.19 5.82
εF1 ASC (F) 2.48 8.03 1.33 2.95 1.26 2.65
εU1 ASC (U) 3.6 3.24 1.94 1.33 * 1.06 0.91 **
εno ASC (no preference) 0 Fixed * 0 Fixed * 0 Fixed *
β1 Certainty of charging point availability (S) 0.863 4.16 0.878 4.47 0.797 3.86
β2 Certainty of charging point availability (F) 1.05 5.4 1.03 5.25 1.42 6.27
β3 Certainty of charging point availability (U) − 1.51 −6.62 −1.58 −6.81 −1.47 −6.43
β4 Not having to make a detour (U) −1.17 −5.65 −1.15 −5.5 −1.14 −5.56
β5 Price (S, F and U) −0.676 -4.61 −0.0651 −4.42 −0.0569 −3.83
β6 Proximity to shopping area (S) 0.531 2.07 0.739 2.99 1.03 3.45
β7 Proximity to small shop/cafe (S) −1.48 −2.99 −1.45 −2.83
β8 No facilities nearby (S) 0.973 4.69
β9 No facilities nearby (F) 1.27 4.25
β10 No facilities nearby (S, F and U) 0.557 4.65 0.684 6.41
β11 Current frequency of using fast charging (F) 0.299 3.9 0.344 4.41
β12 Income level (S) −0.000135 −2.44
β13 Income level (F) −0.000138 −2.41
β14 Income level (U) −0.000151 −2.48
β15 Access to private parking (S)
β16 Importance of comfort (U) 0.495 2.61 0.52 2.74
β17 Age (S, F and U) −0.0359 −3.85
β18 Age (S) −0.0351 −3.71
β19 Age (U) −0.0252 −2.14
β20 Education level (U) 0.25 2.39 0.224 2.3 0.236 2.56
β21 Importance of travel time (U) 0.235 2.06
εS2 Sigma (S) 0.316 1.13 ** −0.271 −0.95 ** −0.472 −1.96 **
εF2 Sigma (F) −0.0869 −0.44 ** 0.0267 0.86 ** 0.0409 0.73 **
εU2 Sigma (U) 0.648 4.13 0.559 2.82 0.548 2.74

Model statistics

Null loglikelihood −909.409 −909.409 −909.409
Final loglikelihood −704.891 −703.762 −689.898
ρ2: Rho-squared 0.225 0.226 0.241

* Used as reference level; ** Insignificant, but kept in the model.
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3.2. Model Application and Sensitivity Analysis

The final mixed logit model with the best fit to the data was used to evaluate different scenarios
with changing levels of the price and detour attributes. These attributes were chosen since price and
location are most easily influenced by stakeholders. First, scenarios in which the price for slow charging
and the price for ultrafast charging change are explored. Both scenarios are possible future situations
in which a price change of either two alternatives pushes EV users into opting for another charging
point type. The base scenario includes similar pricing for all three alternatives. Both direct-point and
cross-point elasticities are calculated. Direct-point elasticities investigate the impact of a change of
an attribute of alternative j on the choice probability of the same alternative; cross-point elasticities
measure the sensitivity of the model for alternative j with respect to a modification of the attribute
of another alternative [31]. These predicted probabilities of choice can be seen in Figure 5a,b. It can
be observed that price has a substantial influence on the predicted probabilities of the sample, when
keeping all other parameters constant. A price decrease for a certain alternative results in a higher
predicted probability for the respective alternative. With all else being equal, the figures show that it
was predicted that people are willing to pay slightly more for ultrafast charging than for slow charging,
since the intersection of all alternatives occurs at a price increase of 25% for ultrafast charging and a
price decrease of approximately 25% for slow charging. This price sensitivity should be taken into
consideration when installing charging stations. For example, when high land prices increase slow
charging prices, this will affect the choice probabilities of people opting for that alternative. In this
direction, price change could be used as a steering mechanism by several stakeholders.

After this exploration of the influence of price changes in general, it is also interesting to explore
the socio-economic characteristics. Since income was one of the socio-economic variables found to
be significant in the final model, the probability distribution for different alternatives among income
classes is examined. This can be seen in Figure 6. The income class “unknown” is not included. The other
six defined income classes can be found on the horizontal axis of Figure 6. All else equal, when ultrafast
charging becomes 50% cheaper, it has the highest predicted probability for all income classes except
the lowest class. When ultrafast charging becomes 50% more expensive, it is a lot less attractive for
the lowest income classes, as is logically expected. For the higher income classes, the predicted choice
probabilities in Figure 6 are similar for all three alternatives when ultrafast prices increase. The most
important conclusion from this is that there exists a possibly quite large difference between different
income classes. It is interesting to observe that mainly for gross yearly incomes of 26,201–38,000 euros
and higher, a different market-leading alternative can emerge due to price variations. When the
Dutch EV driver population (and the used sample) is more diverse, this possible difference should be
further explored.
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Figure 5. Predicted probabilities for scenarios with price changes per alternative.
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Figure 6. Probabilities per income class for scenarios with price changes for ultrafast charging.
The scenarios include a 50% price decrease for ultrafast charging, the base scenario and a 50% price
increase for ultrafast charging.

Next, detour scenarios are explored. In Figure 7, three scenarios are shown: one in which people
do not have to make a detour to get to an ultrafast charging point, the base scenario in which people
sometimes have to make a detour and one in which people always have to make a detour to reach a
charging point. The detour has a set length of five minutes in the model. The hypothetical scenario that
no one ever has to make a detour for ultrafast charging indicates a future with an immense penetration
rate of ultrafast charging points. In this case, the predicted probability that people opt for ultrafast
charging along their route, with all else taken as equal, is 45.5% compared to 34% in the base scenario.
Always having to make a detour makes the alternative a lot less attractive, looking at the predicted
probability of only 23%. This implies that for the installation of new charging points, it is advisable to
focus on the most used roads and routes to determine optimal locations for charging.
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Figure 7. Predicted probabilities for a scenario with and without having to make a 5 min detour for an
ultrafast charging point.

4. Discussion

The results of this study indicate that price; not having to make a detour; certainty of availability;
proximity to shopping facilities; and the absence of facilities, income, education or comfort are
important when selecting certain charging speed types. Several of these variables are in accordance
with a previous study on user criteria for EV fast-charging locations, in which detours and shopping
facilities were proven to be very important to users [32]. It should be noted that shopping facilities
were chosen from several options where a “no-facilities” option was not included. In the remainder
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of this section, the interpretation of results, placing these results in a broader perspective and the
limitations of this study are discussed.

4.1. Interpretation of Results

Users generally do not show a conclusively clear preference for ultrafast charging (chosen 34.1%
of the time), indicating that this is not the one and only charging method to implement in the
Netherlands. Part of this may be due to the currently well-functioning and covering destination
charging infrastructure, shown by the current ratio of only 0.97 BEVs per public or semi-public
charging point [1]. This may be subject to change when the number of BEVs will continue to increase
in the coming years [4,12,33]. In this research, it was found that some preference heterogeneity for
ultrafast charging (panel effect) plays a role in the user’s choice, which is likely to be explained by the
influence of habits on decisions, as mentioned in the literature [34]. However, even though this might
be true, a significant value was only found for the current usage frequency of fast charging influencing
the tendency to opt for fast charging. Other variables concerning the current usage frequency of
charging points at different locations were not significant.

The estimated parameter values for certainty of availability are interesting to investigate since
their sign is not similar across alternatives. The reasons for this cannot be explained just by looking at
the model results. The responses of people about this parameter might have been due to their current
main reason to use fast charging, as investigated by [35]. This reason is “time left and possibility to
charge,” indicating that people use faster charging only when it is available. This may distort the
results of the choice model as people might take availability as a prerequisite and only look at other
parameters when making their choices. This is a noticeable result, as charging availability issues
occur repeatedly in the Netherlands (e.g., [36]). Such issues are assumed to be less apparent for faster
charging since the duration of the sessions is much shorter. This leads to the expectation that the
availability should be most important for slow charging; however, this was not the case in the model.

The parameter not having to make a detour is negative for ultrafast charging, implying that when
no detour has to be made, the alternative becomes less attractive—which is not in line with expectations.
That is also contradictory to what was found in earlier studies on fueling locations: drivers prefer
to recharge along their frequently used routes [37]. It can be said that, when also considering the
significant results of proximity to a shopping area, proximity to a small shop or cafe and no facilities
for some alternatives, the location of the charging point is important to the user. Additionally, when
people find comfort important, this increases their tendency to opt for ultrafast charging, indicating
that the comfort associated with ultrafast charging is valued highly by Dutch EV users.

A sensitivity analysis was executed on the models used in this research. Since linear models were
estimated, simple elasticity calculations could be applied to retrieve results. As expected, price and
whether or not having to make a detour influenced choice probabilities of the alternatives in the
expected directions. Interestingly, income classes did not follow a straightforward pattern, indicating that
there probably are other moderating or explanatory variables that impact the probabilities found.
Comparing this finding to the result of the final ML model, it is also possible that higher income classes
have a lower preference for public charging. Private homecharging could well be their first choice.

4.2. Placing Results in a Broader Perspective

Fast changes in the automotive industry concerning both cars and batteries might have large
impacts on the future use of charging infrastructure types. Satisfaction levels of current infrastructure
may decrease, and ultrafast charging might rise as a plausible alternative. A possible contextual
variable might be the generally short distances driven in the Netherlands, which might not be the ideal
environment to implement a network of ultrafast chargers. Regular fast or destination charging might
just be enough. However, when price and location are selected well, ultrafast charging is certainly
an option for EV drivers, as can be deduced from the models. Such pricing and location decisions
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can be influenced by businesses as well as government stakeholders, making ultrafast charging an
interesting alternative.

Future developments that are hard to predict will likely impact the success of ultrafast charging
in the Netherlands. An example of such a development is smart charging in combination with
vehicle-to-grid or vehicle-to-home technologies, which are generally only useful for slow charging.
Automotive industry innovations in cars and batteries will also impact the level playing field. In addition,
developments in costs per kWh, as well as costs for newly installed infrastructure (hardware and grid
connections), will influence the feasibility of ultrafast charging as primary charging mode. A future
consideration that puts ultrafast charging in a positive light is the impact charging infrastructure has on
public space. When the masses start driving BEVs, it is questionable whether primarily slow charging
could cover the charging needs of all users. Since faster charging points can serve more customers in less
time, this would be more practical and additionally put less pressure on public space.

5. Conclusions

The aim of this research was to investigate the feasibility of ultrafast charging in the Netherlands,
from a user perspective. In a choice modeling procedure, several ML models were estimated to retrieve
the quantitative influence of various factors on the EV driver choices for different charging types.
From the descriptive analysis of the sample of EV users of this research, several remarks can be made
about the current charging behavior in addition to what is known from recent literature. Most of the
EV users have regular trip lengths between 5 and 100 km, with some outliers having trips in the range
of 300 km. The majority of the sample (84.5%) drove an EV four or more days a week, indicating a
substantial charging need. Slow charging at work or on-street, and fast charging were used more than
once a week by 25–55% of the respondents. Interestingly, almost 40% of the respondents used fast
charging 11 days or less per year, indicating that a very large part of the EV drivers is not a regular
fast charger.

Regarding the factors that influence the charging of EVs, all charging point characteristics (which were
attributes in the choice sets) were found to have significant influences on the estimated ML models,
whereas only some user characteristics play roles. One attitude variable, several socio-economic variables
and one charging behavior variable were found to be significant in the final ML model. This means
that satisfaction levels, travel behavior variables and vehicle characteristics did not have substantial
influences on the user choice, as found in this research. All researched charging point characteristics
were found to be significant, including price and proximity to facilities. Price was found to have a
negative relationship with the utility of ultrafast, fast and slow charging alternatives. This means
that a lower price for an alternative makes that alternative more attractive. It should be mentioned
that the current prices used in this research are found to be competitive. On the market, the price for
ultrafast charging will be dependent on the availability of other charging types, due to supply and
demand. A slow charging point located next to a shopping area boosts the utility of this charging
alternative. However, respondents also have a higher tendency to opt for fast and slow charging points
without facilities. Noticeable is a decrease in utility of slow charging linked to access to private parking
when one would have expected the opposite. Finally, comfort is the only attitude variable that was
significant in the model.

Summarizing the model outcomes and stakeholder attitudes, a feasible scenario exists for the
development of ultrafast charging in the Netherlands. However, it might not become the dominant
charging type in the Netherlands. The results of this research may have implications for the charging
infrastructure policy in the Netherlands. The results indicate that a sole focus on ultrafast charging
is not the ideal way forward since people also express a preference for regular fast and destination
(slow) charging. A mix of these options is recommended. All else equal, when building charging
infrastructure anew, it is definitely interesting to consider focusing on ultrafast charging.

Further research could go several directions. Firstly, future research into user preferences for
ultrafast charging could focus on the impacts of charging locations, related to possible necessary
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detours and installed facilities. The differences between facilities and final destinations should be
incorporated in follow-up research. The careful analysis of the locations of ultrafast chargers is also
required, especially at the early stages of deployment where the penetration of ultrafast chargers will
be low. Secondly, the influence of income on charging choices is also interesting to further explore,
since from this research it seems likely that more variables have an impact on this relationship. Thirdly,
it would also be interesting to study non-EV drivers, although the presence of required pre-knowledge
on EV charging should be carefully considered. Fourthly, this paper focused on the user perspective
in EV-charging. Further research could be directed at examining the potential of ultrafast charging
from government and business perspectives, including investment costs, public space and business
models that should eventually align with user preferences as well as with government regulations.
Of particular interest is the availability of the extensive funding that will be required for unltrafast
charging stations. Finally, one might further investigate the trade-off between the battery longevity
and the potential EV drivers’ earnings associated with vehicle-to-grid (V2G) for ultrafast charging.
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Appendix A. Survey Questionnaire

Q1. Do you agree sharing your data?

Q2. Screening question: How often do you drive an electric vehicle?

• 4 days per week or more
• 1–3 days per week
• 1–3 days per month
• 6–11 days per year
• 1–5 days per year
• <1 day per year
• Never (will be sent to end of survey)

For the remaining questions in the survey, if you drive more than one EV, please consider the EV you
drive the most.

Q3. What kind of electric vehicle do you drive most of the time?

• Full electric vehicle (1)
• Hybrid (2)
• Fuel cell electric vehicle (3)

Q4. Which brand and type of hybrid car do you drive? Display if Q3 = 2

• Toyota Prius (1)
• Mitsubishi Outlander (2)
• Volkswagen Golf GTE (3)
• Volkswagen Passat GTE (4)
• Opel Ampera Hybride (5)
• Audi A3 e-tron (6)
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• Other, (7) _____

Q5. Which brand and type of EV do you drive? Display if Q3 = 3

• Nissan Leaf (4)
• Hyundai IONIQ (5)
• Volkswagen e-Golf (6)
• Tesla Model 3 (7)
• Tesla Model S (8)
• Tesla Model X (9)
• Renault Zoe (10)
• BMW i3 (11)
• Jaguar I-PACE (12)
• Hyundai Kona (13)
• Kia e-Niro (14)
• Opel Ampera-e (15)
• Other (16) ____

If Q3 = 1, one is sent to the end of the survey as this is not the target group.

Q6. Do you own the EV that you drive?

• No, business lease
• No, private lease
• Yes
• No, business car sharing
• No, private car sharing
• Other, ________

Q7. For which purpose do you use the EV the most often?

• Private trips
• Commuting
• Business (e.g., trip to client or customer)
• Bestel/logistiek
• Taxi
• Other, ____

Q8. How many months of experience do you have in driving an electric vehicle?
______ months (dropdown question 1, 2, 3 . . . 60 and more than 60 months)

Q9. Do you have access to private parking at home? (E.g. own driving lane)

• Yes
• No

Q10. Are there, next to the EV you use the most, other cars in your household that you can use?

• Yes, 1 other car
• Yes, 2 other cars
• Yes, 3 or more other cars
• No
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How many kilometres. . . . (Sliding scale 0–300, if = more than 300, 300 is selected)

Q11. Do you drive on a regular trip with your EV (one way)?

Q12. Is your most recent made trip with EV (one way)?

Q13. Was your longest trip you ever made with EV (one way)? (up to 1200 km)

For this study, a distinction is made between different charging types based on speed. These are the
following:

(1) Destination charging (slow charging): you charge 100 km of range in 4 h. Usually on the street
(curbside), at work, or for example at a sportsclub.

(2) Fast charging: you charge 100 km of range in 30 min. You find these chargers along the highway,
or at several locations like Van der Valk hotels.

(3) Ultrafast charging: you charge 100 km in less than 3 min. More and more of these chargers are
installed in the Netherlands in public areas, usually at locations similar to those of fast charging.

Q14. How often do you make use of destination charging at the following locations?

4 Days Per 1–3 Days 1–3 Days 6–11 Days <1 Day Never
Week or More Per Week Per Month per Year Per Year

At work o o o o o o
At a supermarket or shopping mall o o o o o o

At sportclubs, fitness or comparable o o o o o o
On the street (curbside) o o o o o o

Q15. How often do you make use of fast charging?

• 4 days per week or more
• 1–3 days per week
• 1–3 days per month
• 6–11 days per year
• 1–5 days per year
• <1 day per year
• Never

Q16. Do you have a private driveway?

• Yes
• No

Q17. Do you have a private charger at home? (Only displayed if Q16 = yes)

• Yes
• No

Q18. How often do you make use of your private charger? (Displayed if Q17 = yes)

• 4 days per week or more
• 1–3 days per week
• 1–3 days per month
• 6–11 days per year
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• 1–5 days per year
• <1 day per year
• Never

Q19. If (never), why not?

• My car cannot fast charge
• Other, ______________________________________________________________________

Q20. If (< 1 day per year) or more, why? You can list more than one reason.

• My range was not sufficient to complete my trip, so I need to fast charge along the way.
• The charging point I wanted to use was occupied, malfunctioning or inoperative (buiten werking).
• My visit to a certain location was too short to charge (<2 h), so I needed fast charging.
• I simply prefer fast charging over slow charging.
• There is no charging point at my destination.
• It is cheap.
• The charging speed is high.
• I use fast charging if I have time left and I see a possibility of fast charging.
• I do not have a charging point close to my home.
• Other, _______________________________________________________________________

Q21. To what extent do you agree with the following statements on current public charging
infrastructure in the Netherlands?

Totally Disagree Neither Agree Agree Totally
Disagree nor Disagree Agree

There are enough charging points o o o o o
The speed of charging points is high enough o o o o o
The information on prices of charging points
is enough

o o o o o

The information on availability of charging
points is enough

o o o o o

Q22. How important do you find the following aspects of public charging infrastructure?

Very Unimportant Neutral Important Very
Unimportant Important

The number of charging points o o o o o
Speed of charging o o o o o

Information on prices of charging points o o o o o
Information on availability of charging points o o o o o

Q23. To what extent do you agree with the following statements?

It is very important to me to. . .

Totally Disagree Neither Agree Agree Totally
Disagree nor Disagree Agree

. . . travel sustainably. o o o o o
. . . minimise my travel costs. o o o o o

. . . travel comfortably. o o o o o
. . . minimise my travel time. o o o o o

. . . be up to date with the newest technologies. o o o o o
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Q24. How many kilometres of range did you charge during your most recent charging session?

• 0–50 km
• 50–100 km
• 100–150 km
• 150–250 km
• More than 250 m

For the next 4 questions you will be asked to make a choice between 4 alternative charging options.
You can choose between Ultrafast charging, Fast charging, Destination (Slow) charging or No
preference.
For each choice, take the following into account:

• You will charge (. . . ) kilometres (Answer category used in Q24)
• You pay for all costs yourself.

The duration and location of the charging session are fixed. The other variables vary per choice.

(RANDOMIZER: 1 OUT OF 4 CHOICE BLOCKS OF 4 CHOICES DISPLAYED)

You are almost at the end of the survey. We would only like to know something more about your
personal characteristics.

What is your age? What is your highest education? What is your annual gross income?
____ years (dropdown menu) o No education o <12.500
What is your gender? o Primary education o 12.500–26.200
o Male o VMBO/MAVO o 26.201–38.800
o Female o MBO o 38.801–65.000
o Other o HAVO/VWO o 65.001–77.500
What is your postal code? (e.g., 1234AB) o HBO/WO Bachelor o >77.500
________ ____ (open question) o WO Master o I don’t know

o PhD/doctorate
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