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Abstract—Electric vehicles (EVs) are a valuable means of re-
ducing our reliance on traditional fossil fuel based transportation.
In recent years, the market share of EVs is increasing, which
raises some important questions: what is the impact of EVs on
the electrical load of our electricity distribution systems, and how
can we adequately model it? Some researches have been done
to model the EV loads and influence, but they are limited in
applications due to complexity and requirements of data. This
paper proposes a model for EV loads which takes into account
diversity of EV loads and difficulties in applications, and provides
analysis of the EV loads in modern and future grids. Efficacy
of the proposed model has been demonstrated using real EV-
datasets, which provides valuable statistical analysis.

Index Terms—Electrical vehicles load modelling , load profile
generation

I. INTRODUCTION

The number of Electrical Vehicles (EV) in many countries
has been rapidly increasing. For UK, it increases to over
530,000 battery EVs plus 405,000 plug-in hybrid vehicles
(PHV), which in turn raises the need for more charging in-
frastructure. According to Zap-Map database, there are 21378
charging locations, 35778 charging devices, 59059 connectors
in UK for EVs by November 2022, which only considers
public chargers [1].

The modelling of EV-loads becomes a interesting topic with
more EVs on road. However, this is not an easy task, as
there are few available datasets with insufficient information
being recorded. One study provides a detailed review on open
databases, but most of them do not contain enough information
[2]. In spite of the lack of datasets, there are several works on
existing literature which model the mobility and load of EVs
for varied applications [3]-[15].

The main approaches to model EV are Markov chain based,
models with assumptions based on distributions and spatial
temporal models. The basic Markov chain and process are
applied in [6]-[10]. Markov chain/process can describe the
EVs well due to its nature which reflects the state transitions.
However, it does not contain the parking duration in the model,
which has been improved in [7] by introducing nonhomoge-
neous semi-Markov process which considers the sojourn times,
that is the parking time for EVs. In [10], a Markov chain with
graph theory has been applied to describe the EV behaviour
in a real world distribution system. However, the common
drawback of all these methods is that a clear and complete
tracking record of EVs is required, which is not available in
most cases.

It has been a widely used and a proven fact that the
distributions which describe well the events related to EVs
are normal and log-normal distributions. Many articles have
used them to model the daily travel events start time and end
time, daily charging events start time and end time, daily state
of charge (SOC) of EVs, daily EV loads, and distribution of
hourly EV loads, such as [3], [5], [7], [9], [10], [15]. This
approach has fewer requirements of datasets, but still needs a
large size dataset to extract the distribution. There are some
datasets given by [2] that fulfil the requirement, such as [16]
which gives over 30,000 data points in each year.

A dataset which meets the requirements could be hard to
find, therefore, there are some research papers which endeav-
our to generate datasets from available datasets and empirical
knowledge. UK national household travel survey (NHTS) has
been used to generate EV charging load using travel record in
[3]. They first derive the probabilities for different purposes
from annual to hourly, then apply a cumulative density func-
tion for each purpose to transfer the number of travel events
in each hour to travel distances for each EV in those travel
events. Subsequently, the battery model they propose is used to
generate the EV loads. A similar method has also been applied
in [6]. These two works present approaches which have less
requirements of datasets and produce various travel patterns
and records rather than being limited by the input datasets (as
these approaches use the NHTS which describes travel patterns
of all kinds). However, some of the constituent modelling
details of these approaches are quite complicated because of
which these approaches may not be directly used to develop
a “general’ EV load model considering future scenarios.

A simpler and general model which could describe the
variable EV-loads would be much valuable. Another research
paper applies variational auto-encoder to generate EV load
data, in which the daily load profile is processed as an image,
its features are extracted and EV load model is validated after
decoding [14]. This method is easy to use after a network
being pre-trained, but its outputs are limited by the inputs.
In other words, load patterns of all kinds of EVs should be
introduced to the network to get expected outputs, therefore,
a large amount of datasets are required.

In this paper, a novel and simple EV load modelling method
proposed in Section 2 replaces the complex subsequent models
in [3], [6] with two simple steps and adds an up-sampling
step, but preserves the advantage that various kinds of EV
loads can be included. The up-sampling step also expands the
potential applications of the model. Analysis based on open



datasets are given in later sections for load profiles which
are used for modelling EV loads. Analysis considering the
statistical representations of EV loads are rare but important in
some applications, such as generating pseudo measurements in
power system state estimation problems. The analysis provides
better view of characteristics of EV loads, and also proves the
efficiency of the proposed method.

II. TRAVEL PATTERN MODEL

This section briefly introduces the method used to generate
EV load dataset based on UK NHTS 2021.

A. Travel distance derivations

The starting steps of the proposed method remain same
as [3] and [6]. The number of annual trips for different
purposes are given in the [17], therefore, the probability
Py (x1), probability of trips for different purposes in years,
could be derived as (1).

Pi(a1) = [T ® (1)
b=1
z1 is the purpose matrix which are zeros except for the qth
element representing gth purpose, while v is the bth element
in the vector. n, is the number of purposes, and A(; is the
probability of trips for purpose 'b’. Then the number of travel
for a specific purpose could be calculated by (2).

N(q) = Ny x Ny x Pi(z1(q)) Vg =1,2,..n,  (2)

, where N(q), N¢, and N,, are the number of travel for purpose
g, number of travel in a year and number of EVs, respectively.
Similarly the P(z3) and Ps(z3), which are monthly and
weekly probabilities of a trip, can be calculated by replacing
ny, by 12 and 7, respectively, to distribute the annual trips of
each purpose into 12 months, and to distribute the weekly trips
of each purpose into 7 days, respectively, as:
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Then N, is multiplied with P»(x2) to get the number of trips
in a specific month for purposes ”q”, N(q,M). Then (6) is
applied to calculate the daily trip by purposes.

N(q, M) x P3q
nd(M)
7

N(q,M,D) = @3) vp =1,2,.7  (6)

, where nd is the number of days in the month ”M”.
Subsequently, the hourly trip could be derived as:
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h=1

N(q, M, D, H) = Ny a1.p) % Pa(g) (4) VH = 1,2,...24 (8)

The above method is applied to increase the resolution of
travel record. 60 Gaussian random numbers are generated for
each hour in which there are more than 60 travel events. Then
the normalized value of these numbers is multiplied with total
number of travel events and rounded-off to integers, which
gives the travel events in every minute.

60
Ps(x5) = H(A(q,t))ws(t) 9
t=i
, Where /\(q’t) = ;71%, 60 random numbers from Gaus-
sian distribution that are normalized to make the cumulative
probability equal to 1.

If there are travel events less than 60, random numbers
between 0 and 59 with total amount corresponding to the
number of events in each hour would be generated and
aggregated at each minute as events number.

N(q, Z\47 l)7 If7 f,) = N(q,M,D,H) X P5(q)(1‘5) YVt = 1,2,...60

(10)
Another step is added to this data generation process to
simulate the charging decision making, which uses log-normal
distribution to generate random numbers to represent decision
making (since, EV charging events are found to follow log-
normal distribution, as explained in Section I). The decision
process is given as:
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Different from the definition used in [3] for trip per vehicle,
it can be assumed that the random number 2z is the number of
travels left before the charging events for each EV. u and s are,
respectively, the mean, defined as N, a/ p /Ny, and standard
deviation, assumed to be 1.

Trips per vehicle have not been considered in EV load
modeling since the focus here is the total load of EVs which
would be aggregated to one load at each bus in the distribution
network. But another step needs to be added (just like [3])
to derive the travel distance and to translate it to energy
consumption and SOC. The distance travelled in miles for a
trip finished in hour t of the annual travel model of vehicle v
under purpose q, ML(q,v,t), is calculated as (12).

MLg0) = Cry (%) (12)

The inverse of cumulative density function, C' —1, which is the
probability of a trip of purpose ’q’ to be less than a certain
distance. y is a random number generated between 0 and 1,
which follows normal distribution.

B. EV loads derivations

As travel distances in each travel events are defined, charg-
ing events should be derived, in which the SOC and energy
consumption would be derived. The EV model here is Tesla



Model X which has 100kWh battery capacity, 325 kM All
Electric Range (AER) [18]. In UK, there are four different
ranges of charging power, which are slow (3-6kW), fast (7-
22kW), rapid (25-99kW) and ultra-rapid (100kW+) [1]. The
maximum charging power for ultra-rapid is assumed to be
250kW here, which is the charging power of Tesla X [18]. A
random number is selected from these four ranges as charging
power that remains constant during charging and follows
normal distribution. Then all charging events are mapped to
84 days which is 7 days a month multiplied by 12 months.

III. DATASETS COMPARISONS

This section introduces the real datasets from UK gov-
ernments for Leeds city and for Perth and Kinross council
from [16], [19] and an open dataset from project "Custom-
Lead Network Revolution” from [20] and compares these real
datasets to generated dataset generated based on UK 2021
NHTS by method shown in Section 2. Further analysis has
also be given.

A. Leeds city and Perth and Kinros council datasets

The charging events record in [16], [19] includes charging
start and end time, energy charged, and locations, which
should be transferred to load record first. Because no specific
data is given, constant charging power is assumed during
charging to generate the load record. The dataset of Leeds
city has few data points, which has the total number of events
from 1900 to 4060 for every half year. That means that only
events around 10 and 20 are recorded in each day. Therefore,
the records in recent 3 years are aggregated to increase the
density of charging events, which will make the load curve
more practical.

However, there is another issue that is the duration of events
is long, which has mean value of 1515 minutes and maximum
value of 17833 minutes. For the bin in the histogram, Fig. 1(a),
largest probability is between [530, 578] which is shown in
Fig.1(b). That makes it more like a parking events record at car
parks rather than charging events at public stations, comparing
with the one for Perth, which has mean value of 73.5 minutes
and maximum value of 7256 minutes. The highest probability
is at bin with range [20.70 23.28] in Fig.1(c) and 1(d).

The above hypothesis is proven by the summary provided in
[19], which says “Usage data for Electric Vehicle charge points
in Council car parks in Leeds”, while the summary for Perth
Kinross says “Datasets for Perth & Kinross Council’s EV
charging stations under the Charge Place Scotland scheme.”
[16]. Therefore, these datasets give the characteristics of
charging at parking lots and stations, respectively.

Gaussian Mixture Models (GMM) is the weighted sum of
some Gaussian distributions, which is widely used to model
the historical load data in power systems and generate load
profiles [21]. The following figures give the histogram of
both the datasets, and GMM used to fit them, which has
20 components respectively. Besides, the number of bins is
calculated following the Freedman-Diaconis rule [22]. The
shape of histogram of Leeds’ case is similar to a log-normal
distribution, while the one for Perth Kinros looks like a
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Fig. 1. Histogram of duration of charging events of two real datasets.

Weibull distribution. Despite the differences in histograms,
both the datasets have similar shapes for their daily load
profile.

B. Home charging and EV charging data

There are 1,144 users who participated in “Custom-Lead
Network Revolution” project [20]. In the experiment for EV,
they placed one measurement for EV load and one for other
household load, respectively, for some of the participants:
144 in the load-record. In this dataset, the energy consumed
in every 10 minutes is provided for every participant. The
histogram of it, Fig. 3(a), has a similar shape as the other
two real-datasets, but some peaks at lower values could be
observed. The daily load profile of home charging still follows
normal distribution, but the peak is around 20:00. Besides,
there is a small peak near the 50th data point, 8:20, which
probably refers to the start of residents’ early charging.

C. Datasets generated from UK 2021 NHTS

The dataset presented in this section is generated by ap-
plying the model described in Section 2. The survey used
here is the UK NHTS 2021, which gives the number of
annual, monthly, weekly and hourly travel events. These are
translated to probability by normalization, which are the As.
The simulation describes 10,000 EVs’ load record, which has
395 travels annually.

Since the survey contains all kinds of travel, the generated
data contains all kinds of charging events, which is the advan-
tage of the proposed method. Additionally, the total number
of charging events could be modified by setting the annual
numbers at start, which makes the datasets controllable and
sufficiently large. Its histogram is similar to Perth Kinross’
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Fig. 2. Histogram of load record and daily load curve of two real datasets.

data, but two peaks are observed in daily load curve, which is
totally different from others.
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(b) Daily load curve of home charging data.

Fig. 3. Histogram of load record and daily load profile of home charging
data.

D. Comparison

The figure Fig. 5 plots all load profile of four datasets.
The first peak of generated data could refer to the start of
residents’ activities of home charging, early arrivals charging
at workplace, and some other activities. The kinds of travel
recorded in the two datasets for Perth and Kinross and Leeds
could be few due the limitation of locations and number of
charging stations. Besides, the research in [13] gives a similar
peak around 7 o’clock due to change in charging behaviours,
which is the early charging in the morning and in the last
several years of experiments. The middle portion between
the first and second peaks could be considered as charging
at car parks in workplaces after commuting as the Leeds’
curves shows an increase in public activities and public station
charging, while the second peak which represents the peak
of public activities, similar to the curve of Perth Kinross
shows. Similar to the home charging curve, a small peak is
observed after 17:00 in the generated data’s curve, which refers
to the home charging becoming active but small due to power
limitations at home.

The charging scenarios in the future would include charging
at home, car parks and stations, which corresponds to the
three real datasets discussed: project dataset, Leeds’ dataset
and Perth Kinross’ dataset. The generated data could reflect
the future load of EVs well, which contains two large peaks
and one small peak for all three scenarios, if we assume the
travel preference remains the same. However, it is possible the
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Fig. 4. Histogram of load record and daily load profile of generated datasets.

preference might change, but related discussion would be out
of the scope of this article.
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IV. CONCLUSION

In this paper, a novel and simple method for EV loads record
generation was proposed. The load record was compared
with three real datasets in Section 2. The comparison has
demonstrated that the proposed modeling and data generation
method is practical and is able to describe all kinds of EV
loads, considering both current and future EV penetration
scenarios. The influence of EVs at different penetration levels
has not been discussed in this paper due to the limitation of
time and length, which would be one of the future works.

Additionally, realistic modelling of battery charging of EVs
could be introduced.
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