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ABSTRACT The increasing adoption of electric vehicles poses new problems for the electrical distribution
network. For this reason, proper electric vehicle forecasting will be of fundamental importance for a
predictive energy management system, which could greatly help the operation of the grid. This paper
proposes a comprehensive novel methodology to forecast single charging sessions of electric vehicle and
the resulting cumulative energy forecast of the charging infrastructure. Historical charging sessions are first
clustered on the basis of similar user characteristics and their respective probability density functions are
defined. From this, every charging session is predicted with a triplet of parameters, namely the arrival time,
the charging duration and the average power expected during the process. The proposed method has been
evaluated by considering a real case study. The results showed the ability to greatly improve the accuracy
with respect to the chosen benchmark, both in terms of energy required by the station and the predicted
number of charging sessions. The overall performance measured by Skill Score is 0.37 for the year 2019.

INDEX TERMS Electric vehicle, EV, forecast, clustering, Monte Carlo.

I. INTRODUCTION

The European government recently required a set of measures
aiming to decarbonize the transport sector [1]. Stronger
CO; emissions standards for cars, vans and vehicles in
general, will accelerate the transition to zero-emission
mobility by requiring the average emissions of new cars to
reduce by 55% of 2021 levels in 2030, and by 100% in 2035.
As a result, all new cars registered in 2035 will be zero-
emission [2]. To ensure that Electric Vehicle (EV) drivers
can charge their vehicles at a reliable network across Europe,
adequate regulation will require Member States to expand
charging capacity in line with zero-emission car sales.

In the United States, the Advanced Clean Cars II (ACC II)
regulatory proposal [3] was recently approved by the
California Air Regulatory Board. It will gradually drive the
sales of Zero Emission Vehicles (ZEVs) in California, starting
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with the year 2026, up to 100% ZEVs by 2035, including
Battery Electric Vehicles (BEVs) and hydrogen fuel cell
electric vehicles (FCEV) and the cleanest-possible plug-
in hybrid-electric vehicles (PHEV), while reducing carbon
emissions from new internal combustion engine vehicles
(ICEVs). For these reasons, an accurate electric load forecast
of the power requested by EV charging stations is needed, and
thus the topic has gained more attention recently.

Electric load forecasting methods can be categorized
into statistical time series models and artificial intelligence
models [4]. At the very early stage in EV load forecast-
ing studies, statistical models [S] were the most suitable
choice as the lack of real, comprehensive data about EV
charging made it necessary to build plausible data scenarios
through computational algorithms [6]. However, these load
forecasting methods were unable to provide predictions with
sufficient accuracy. The recent growth in EV adoption has
precipitated publically available datasets, and therefore EV
load forecasting has moved from a purely probabilistic
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approach to a data-driven one. Here, for example, the daily
load data of the Beijing Olympic Games EV Charging
Station in 2010 are employed [7]. Recently the main direction
of the research in EV load forecasting is focused on
different types of Artificial Neural Networks (ANNs) and
ML models [8], [9].

In [4] a novel Long Short-Term Memory (LSTM)-based
model is established for forecasting EV charging station load.
Actual EV charging measurements are adopted for model
training and validation, an ultra-short-term load forecast
at two different time scales is investigated. The LSTM is
compared to a simpler ANN structure; numerical results
demonstrate that the LSTM model has better performance via
higher accuracy compared with the traditional ANN. In [10],
authors propose a machine learning ensemble model named
EnLSTM-WPEO based on a cluster of LSTMs to forecast
short-term traffic flow. Reference [11] is a performance
comparison of four deep learning-based methods: a Deep
Neural Network (DNN), a Recurrent Neural Network (RNN),
LSTM and Gated Recurrent Unit (GRU). Each is imple-
mented as an hourly forecast. At the end of the experimental
process, during which also the change in the number of
hidden layers was investigated, the one hidden layer GRU
model outperformed the other three models. Reference [12]
compared deep learning approaches for ultra-short-term
charging load forecasting of plug-in electric vehicles.

The aggregate results indicate that machine learning
models effectively forecast ultra-short-term PEV charging
load for providing accurate prediction curves in both cases.
Among the deep learning methods, the LSTM model is
superior to the other methods. It is meaningful to note that
[4], [11], [12] are basically adopting the same approach
applied to the same database (the data platform of a
company that has a large proportion of EV charging
stations in Shenzhen China), with different time horizons.
In [13] a model based on Wavenet is described and
evaluated through a comparison with state-of-the-art Neural
Networks such as ARIMA, LSTM, GRU, Multi Layer Per-
ceptron (MLP), causal 1D-Convolutional Neural Networks
(1ID-CNN) and ConvLSTM (Encoder-Decoder). Wavenet,
originally designed for generating raw audio waveforms, uses
dilated causal convolutions and skip-connection to utilize
long-term information. It performs better than the other
architectures for 24-hour-ahead forecasting using the RTE
dataset of the whole country of France [14]. However, from
the bibliographic review, it’s understood that a uniquely
superior EV load forecasting method has not been identified.

In [15] authors present a long-term demand forecasting
Sequence to Sequence (Seq2Seq) model, which is partic-
ularly suited for the EV forecast as it takes into account
temporal correlation between historical records in different
time steps. The performance is evaluated after training the
model on two real-world datasets coming from the USA,
and the benchmark models are Historical Average, ARIMA,
Facebook Prophet, XGBoost, and LSTM. The researcher
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demonstrated that the Seq2Seq model yielded the best results,
however, the sparsity of the data makes the superiority of
Machine Learning (ML) models less obvious.

Finally, in [16], authors propose a deep-learning-based
method for short-term (5-minute) probabilistic EV charging
demand prognostic. The model is based on Machine Theory
of Mind to forecast users’ behavior both in terms of
habits and temporary conditions, it is composed of three
networks: the habit net, the trend net, and the forecast
net. Both the habit net and trend net are built based on
LSTM networks, while the forecast net is a three-layer
fully-connected NN. The application of two case studies
on real EV charging demand improves upon the baseline
methods represented by quantile forecast models belonging
to either parametric or non-parametric families. However,
as these ML techniques strongly rely on data, it is evident
that researchers are struggling against two main problems.
First, the availability of sufficiently expansive datasets which
could be a statistically representative sample of the actual
EV charging station situation is missing. Second, as the
timing of the whole charging process may strongly differ
among the vehicles due to their different states of charge on
arrival at the EV station, the paradigm of the most accurate
forecasting method, aiming at modeling the expected values
of the electrical power load time series has recently moved
towards focusing on specific parameters of the EV charging
process. For instance, in [17] authors aimed at minimizing the
uncertainty of the duration of the charging and synchronizing
it with the typical schedule of the Electric Car Sharing
(ECS) operators. However some problems still are unsolved,
affecting traditional load forecast approaches: charing power
is curtailed due to the power capacity of the station, and the
related EV features are not deducible via commonly available
parameters. Consequently, the behavior of end users becomes
predominant and necessary to consider.

The main objective of the present work is to develop a
comprehensive and accurate EV charging session forecasting
method that completely represents the power required of the
charging station. Most of the works focus on the forecast
and reconstruction of the aggregated power profile. Here
the EV load forecast decomposes the aggregate load power
curve into a summation of the most likely individual EV
charging sessions to have resulted in that load power curve.
The individual EV charging sessions are determined by
clustering user behavior data, namely, the time charging
started and energy consumed over the charging period. This
resulting forecast (both in terms of load power curve and
EV charging sessions) is fundamental to overcoming the
traditional concept of unidirectional and noncontrollable load
(or “passive load”) where the only control is given by
the enforcement of power availability constraints (i.e. load
curtailment). Instead, the poposed methodology allows the
shift to a new concept of controllable bidirectional load
through the active scheduling of energy requested from
individual EVs on the basis of available energy from the grid
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FIGURE 1. Workflow of the EV forecasting methodology. Above in the
green dashed area, the proposed feature engineering is based on users’
historical behaviour. Below in the orange dashed area is the forecasting
procedure.

and expected end-user needs, which could also be shared
by the EVs owners (“active load”). This enriched forecast
represents more valuable and complete foresight for the EV
charging station operators, rather than simply an aggregated
load power curve forecast. In fact, knowing the charging
session composition subdued by the power curve demand it is
possible to better support the Energy and Power Management
System in the optimization task. In fact, knowing the
charging duration time and total energy consumption for each
session permits the prioritization and optimization of session
charging power, subject to the infrastructure and economic
constraints [18].

The paper is organized as follows: in section II the
proposed novel methodology is explained and detailed; in
section III the implemented metrics are shown while in
section IV a comprehensive case study is presented. Finally,
in section V conclusions are drawn.

Il. METHODOLOGY
In this section, a proposed comprehensive methodology is
detailed, providing an accurate forecast of the power trend
required in the following 24 hours by Electric Vehicles at
the EV charging station is here detailed. The methodology
workflow is fully depicted in Figure 1.

As depicted in the workflow, on the basis of historical
data, the procedure is divided in two main parts: the first
one, related to the dashed green box, is devoted to feature
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extraction and feature engineering, and the second to the
actual forecast leveraging on the information previously
identified.

The first step of the proposed methodology is devoted to
the identification of recurring patterns through the clustering
process. From the historical session data recorded during
operation, the latest n days are extracted and used for the
generalization and characterization of the charging sessions.
Each of the EV clusters defined is further described in terms
of Probability Density Functions (PDFs) in the arrival and
power-duration spaces. This step can be addressed through
Gaussian-Kernel Density Estimator (KDE). The expected
number of occurrences (i.e. number of charging sessions)
per cluster must be carefully defined, due to the presence
of remaining outliers after the clustering algorithm. Order-
ing Points To Identify the Clustering Structure (OPTICS)
algorithm, in fact, automatically identifies some points in
the space as outliers. These, though not interesting for the
characterization and the definition of the arrival and power-
duration PDFs, contribute significantly to the overall amount
of power required by the station in the charging process.
To properly address this criticality, the outliers are associated
with the closest cluster for the sole definition of the number
of expected occurrences. Hence, the obtained cluster labels
are used in the training of a supervised classification process.
Following a sensitivity analysis, a random forest classifier
with 100 trees is used. Having associated each outlier with
the most similar cluster, a PDF representing the number of
expected occurrences can be computed.

The second step, on the other hand, leveraging the
previously engineered information, reconstructs the expected
power curve, through a Monte Carlo sampling approach.
In the following sections, the exploited methodologies are
presented and detailed.

As often mentioned in literature [19], comparison among
different methodologies is difficult since they are applied to
private data. To overcome this problem, this work will be
tested on a publicly available dataset and specific evaluation
metrics defined.

A. CLUSTER ANALYSIS
User behavior can be analyzed by clustering based on similar
characteristics. The clustering process is carried out consid-
ering a space defined by each user arrival time (#,) and the
time the vehicle is connected to the station (d). This identifies
the major similar characteristics among the charging sessions
in terms of user behaviors. To properly identify the clusters,
a density-based methodology is exploited. These algorithms
are very useful for data mining, detecting regions of the
space in which observations are denser and separating them
from regions with low density (noise). Moreover, they do not
require any prior assumptions regarding the points’ statistical
distribution.

In [20], a density-based clustering method is presented:
Density-Based Spatial Clustering of Applications with Noise
(DBSCAN). The concept is that for each point of a cluster,
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the neighborhood of a given radius (¢) has to contain at
least a minimum number of points (MinPts) where ¢ and
MinPts are input parameters. Though, an important property
of many real data sets is that their intrinsic cluster structure
cannot be characterized by global density parameters. Very
different local densities may be needed to reveal clusters in
different regions of the data space. To overcome this problem,
an extension of the DBSCAN algorithm was presented in [21]
named OPTICS. For each point, two values are computed and
stored: the core distance and a reachability distance which
allows building a dendrogram called reachability plot.

B. PROBABILITY DENSITY FUNCTION DEFINITION
Through the clustering process, groups of similar character-
istics were found in the arrival time vs charging duration
space. Those clusters have to be then characterized in
terms of the main features enabling the reconstruction of
the overall station power curve, which are: arrival time,
duration of the charging process, the energy required and
the overall number of occurrences expected for each cluster.
In general, this is performed through the reconstruction of
the PDFs of those characteristics, in order to define an
underlying function describing the distribution. KDEs are
non-parametric estimations that do not require any explicit
parametric model to fit the data [22]. The kernel estimator
may be written compactly as:

A 1 — X — X 1
foo= EEK ( p ) = ;;Km—xi) (1
where Kj(t) = K(¢/h)/h and h the bandwidth or smoothing
parameter.

In a multivariate domain, the previous formulation can be
extended as

fax) = % Zl Kn (x — ;) 2

where H, as previously, is the bandwidth, defined as a square
matrix symmetric and positive definite.

Much of the first decade of theoretical work focused
on various aspects of estimation properties relating to the
characteristics of a kernel. The quality of a density estimate
is now widely recognized to be primarily determined by the
choice of smoothing parameter, and only in a minor way by
the choice of kernel. This is even more true in the multivariate
case. Several practical approaches aim at processing data
before applying the KDE. For example, common is to first
rescale the data to equalize sample variances across each
dimension (scaling). Alternatively, a linear transformation
can be applied to the data to obtain as a covariance matrix
the identity (sphering). In general, those approaches can be
detrimental. This is because the entries of the covariance
matrix are usually not able to take into account the curvature
in f and its orientation. [23]

For multivariate kernel density estimation, the bandwidth
matrix induces an orientation, not defined for 1D kernels.
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Algorithm 1 Probabilistic EV Forecast

Data: MC: number of Monte Carlo simulations;

C: identified historical clusters;

Result: MC simulated list of expected charging
sessions

for All the mc € [0, MC) do
Initialize an empy list of charging sessions cs,.

for All the clusters ¢ € C do
Sample the number of occurrences PDF, n;
for All the n. do
sample the arrival time PDF;
sample the power-duration PDF;

Add the sampled chargin session to cs
end

end

end

This leads to the choice of the parametrization of this
bandwidth matrix. In general, three main parameterization
classes can be implemented, which include the adoption of
positive scalars multiplied by the identity matrix, a diagonal
matrix with positive values on the main diagonal, and a
symmetric positive definite matrix. In the current work,
Scott’s factor was implemented for the evaluation of the
kernel bandwidth, which is computed as a multiplication of
a scalar, dependent on the number of available samples, and
the covariance matrix.

C. MONTE CARLO SAMPLING AND CHARGING SESSION
RECONSTRUCTION

The previous cluster analysis and resultant PDF definitions
identify the most relevant user behaviour and charging
characteristics from the historically recorded data. Therefore,
to estimate the expected charging sessions in the forecast
horizon, the desired number of Monte Carlo simulations is
defined as MC and the PDFs are sampled according to what
is shown in Algorithm 1. For every cluster ¢ € C, where
C is the overall set of identified clusters, the expected number
of charging sessions 7. is estimated. Then, the arrival time
average power and duration are sampled.

The number of Monte Carlo simulations run in the current
work is equal to 100, chosen as a trade-off between accuracy
and added computational burden.

The resultis then MC lists of charging sessions, each one of
them representative of a possible realization the station could
face in the future. In Figure 2, an exemplifying representation
of the result of the simulations is given. For every Monte
Carlo simulation, different charging sessions belonging to
different clusters are visible. Of great importance is that this
information can be greatly beneficial when dealing with the
optimal management of the station, having more information
with respect to the mere overall power profile.

From this, the cumulative power curve can be drawn.

Averaging all the Monte Carlo realizations, the expected
power draw at the station can be found. Furthermore, the
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FIGURE 2. Monte Carlo sampling and charging session definition.

closest single Monte Carlo realization to the average power
curve can be considered the most probable EV charging
composition.

lIl. EVALUATION
In order to systematically evaluate the obtained results,
different metrics are used and a comparison with a benchmark
methodology must be given. Hence, following an autocorre-
lation analysis, a seven-day horizon is set for the persistence
model, in this work used as a benchmark (P; = P;_74).

Moreover, a ML methodology is implemented and used
to further compare the obtained results and validate the
proposed methodology. In particular, a recurrent neural
network architecture based on an LSTM cell is implemented
as detailed in [24]. Following a tuning procedure, it presents
a single layer of 256 units. The input sequence is equal to
672 samples, equivalent to a full week.

The power forecast is evaluated considering the percentage
of energy error committed throughout the day as follows:

_|Ef — Eyml
==&,
where Ey and E)y stand for the energy forecast and measured
respectively.

Moreover, in order to evaluate the quality of the proposed

methodology over a longer time horizon, the Skill Score (SS)
is evaluated. This metric is defined as follows:

%oe 100 3)

rmse
S§=1——7

“

rmsey
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TABLE 1. Subsection of ACN data features.

Field Description Type
sessionID Unique identifier for the session | string
connectionTime EV plug in time datetime
disconnectionTime EV unplug time datetime
doneChargingTime | last power record datetime
kWhDelivered Energy delivered in the session float
timezone Time zone of the site string
UserID Unique identifier for the user string

where the rmse; stands for the Root Mean Squared Error
(rmse) computed for the proposed forecast methodology
while the rmse; is the rmse computed considering the
benchmark. This metric returns values comprised in the range
(—o00, 1], where 1 can be only achieved with the perfect
forecast. Furthermore, a value of O or negative is obtained
if the methodology under study is equivalent or worse with
respect to the benchmark model respectively.

Finally, the present methodology is evaluated by compar-
ing the forecast number of sessions with the actual number
seen throughout the day.

IV. CASE STUDY

The methodology described above is tested on real public
data available online at [25], where a full and comprehen-
sive description is available. Adaptive Charging Networks
(ACN)-Data were collected from JPL, California. It includes
52 EVSE:s in a parking garage where access is restricted to
employees only. The JPL site is representative of workplace
charging. EV penetration is also quite high at JPL which
leads to high utilization of the EV charging infrastructure
further fostered by an ad-hoc program where drivers free the
charging spot as the charging is completed. Here, data about
each occurring charging session is collected. In Table 1 the
most relevant variables to the scope of the present work are
presented.

In Figure 3, the overall number of connections to the
EV charging station is shown. In particular, in blue the
connections are given with respect to the time they take
place, while, in orange, the same is provided for the
disconnection time. Being located at an office, most of
the users connect in the morning and later disconnect in the
afternoon, as expected.

In order to simulate a full year, only a portion of the
full database is considered, spanning from October 2018 to
December 31 2019, for a total of 21259 charging sessions.
The considered months of 2018 are valuable since an initial
period is required to extrapolate information from the users.
In Figure 4 the number of sessions per day is visually given
for the first months of the simulation period. As visible, being
the EVSEs located at an office, a great disparity is visible
between the week and weekend days. A full description of
the data is given at [25].

Among other parameters, each charging record contains
the charging time (beginning and end) and the acquired
energy in kWh. In order to reproduce the power time
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FIGURE 4. Number of charging sessions per day for the period January
April 2019.

series with the desired granularity, the charging records are
converted to time series by uniformly dividing the energy
delivered to the vehicle by the time the vehicle was connected.
Raw data cannot be directly used in the forecasting process
and have to undergo processing. In particular, one important
step that must be performed is data imputation, which is
the process of providing the best guess for the missing
values [26]. This is particularly important when dealing with
time series since it may affect ordinal properties. Dealing
with aggregated data, sessions having erratic information
regarding arrival time, departure time and delivered energy
were discarded, having a marginal effect on the time series
values.

In order to account for a scenario where a), the adoption
of EVs is rapidly increasing and b), their use may change
throughout the year, historical data are selected with a rolling
horizon approach. Following a sensitivity analysis, only the
previous three months are used to generalize the user behavior
and the charging characteristics, as depicted in Figure 5.
If there is an abrupt change in the overall charging station
power demand and users’ behavior, the predictive ability
may be negatively impacted. This, though, is true for every
forecasting model, which may be affected by a rapid change
in trend. Moreover, the presence of impermanent changes of
behaviors (e.g. summer holidays) may affect the forecasting
ability and must be accounted for, for example not including
them in the feature engineering period In the present work all
the available days are included.
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The peak of the autocorrelation is at seven days. For
this reason, the forecast of a specific day will leverage the
historical information previously collected for that specific
day. For example, to forecast Monday 1* April 2019, the
algorithm will extrapolate information collected up to the
previous Monday. For this reason, the forecast horizon is
seven days. Simulations are performed on the year 2019.

A. RESULTS AND DISCUSSION

Once the data pre-processing is performed, sessions are
clustered [19]. The OPTICS algorithm is here implemented
that, differently from k-means, the number of clusters is
automatically detected and does not to be a priori specified.

In Figure 6, an example is provided. On the lower part
of the graph (a) the search space of the clustering process
is visible. On the x-axis, the EV arrival time is presented,
normalized between 0 and 5, where O represents Mondays
and 5 Fridays while on the y-axis, the duration in hours
is given. Above (b), the reachability plot, the output of
OPTICS algorithm is shown. Here on the x-axis is the core
distance and on the y-axis is the reachability distance. The
valleys, representative of the clusters and separated by points
with high reachability distance, identify the user behavior
cluster, each one shown in a different color. In black, the
automatically identified outliers are shown.

In Table 2, the number of clusters found for every day of
the week is given. Worth highlighting is that, having adopted
arolling horizon approach, the number of clusters obtained is
not constant but changes throughout the year of simulation.
The values provided in Table 2 are hence an average value.
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TABLE 2. Number of clusters per day of the week.

Day # of Clusters | Mean # of session
Monday 15 69.2

Tuesday 13 72.7

Wednesday | 14 67.3

Thursday 10 66.7

Friday 12 51.6

Saturday 4 5.6

Sunday 2 5.0

0.2
A oz

10.15

101

Aungeqoid

0.05

FIGURE 7. Multimodal Power-Duration PDF.

Interestingly, not all weekdays have the same number of
clusters, implying different user behaviors on different week
days.

Each of the identified clusters can be further characterized
by two PDFs, namely the one associated with the time of
connection while the second one associated with the power
required during the session and the duration of the session.
In Figure 7, an example of the latter is provided. Clearly
the derived PDFs may have a multimodal and non trivial
distribution, different for every identified cluster [27].

The outlier charging sessions are not representative of
common user behavior the station faces but still, if merely
neglected, would result in a substantial underestimation of
the charging power forecast. For this reason, though not
considered in the composition of the arrival and power-
duration PDFs, they must be considered to correct the number
of occurrences expected for every cluster. To the scope, the
labels provided by the clustering are used in a supervised
classification problem to bring back the outliers to the nearest
behavior. This process allows to properly estimate the PDFs
associated with the number of occurrences expected for every
cluster.

Once the clusters are properly defined and their relative
PDFs are retrieved through Monte Carlo sampling, the
parameters of a set of incoming vehicles and hence of
charging sessions can be simulated for the following day.
In particular, the number of expected incoming vehicles per
cluster can be sampled and, from this, all the other session
parameters can be evaluated. Hence, every different run of the
Monte Carlo procedure produces a different set of charging
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sessions for the desired day which finally leads to a different
aggregated power profile.

In Figure 8, a simulation for the week from the 29" of
April 2019 to the 5" of May 2019 is given. In particular,
the overall expected power estimated by every Monte Carlo
run can be seen in grey. In green, on the other hand, the
average of the different Monte Carlo profiles is shown.
Finally, In black, the actual measurements are depicted. As it
is possible to see, the green forecast profiles follow with great
accuracy the actual measurements.

This is confirmed by the results reported in Table 3, where
the energy forecast errors are provided compared with a
seven-day persistence model (Pers. in Table) and with the ML
based algorithm (LSTM in Table). The forecast computed
according to the proposed methodology (Forec. in Table)
generally outperforms the two models. Worth noticing is
the inaccuracy shown by the three models for Friday, May
3" This day of the week is particularly hard to forecast
since the power significantly changes from one week to the
other without any significant correlation with the available
regressors. This is further confirmed by the difficulty that a
RNN based model such as the one implemented faces for
this particular day. Furthermore, the expected power during
weekends is particularly hard to estimate due to the small
number of connections and the impact that a single charging
session may have on the overall measured power. A single
missed profile tends to have a high overall impact on the
accuracy in these conditions.

In Figure 9 the single EV charging sessions forecast for the
previously mentioned days can be seen.

Those charging profiles are obtained considering the
closest single Monte Carlo trial, in terms of Mean Absolute
Error, to the average of all the computed Monte Carlo
trials which is the actual forecast curve (i.e. the green
line in Figure 8). Each different fill color represents a
different unique vehicle connected to the EV charging
station. The cumulative power is compared with the measured
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TABLE 3. Energy forecast and error comparison for the analysed
methods. In bold the minimal error.

2019 Measured Pers. LSTM | Forec. Joe Yoe oe
Day [KWh] [kWh] | [kWh] | [kWh] | Pers. | LSTM | Forec.
29t April | 1098.2 1175.8 | 941.6 987.8 7.1 14.3 10.1
30th April | 1152.7 1088.9 | 997.5 1147.1 | 5.5 13.5 0.5
15t May 1135.4 1192.9 1070.6 1093.1 5.1 5.7 37
2nd May 1114.1 996.9 1035.1 | 10459 | 10.5 7.1 6.1
374 May 1139.8 389.7 778.3 780.3 65.8 31.7 31.5
4th May 100.1 33.2 47.1 63.7 66.9 52.9 36.4
5th May 20.4 0.0 85.5 23.6 100.0 | 319.9 16.1
140
120
100 [
E 80 -
o
é 60
40
20 ¥

0 ; .
Apr29  Apr30 MayO1 May02 MayO03 May04 MayO05 May 06
time 2019

FIGURE 9. Forecast session composition for the week from the 29t/ of
April 2019 to the 5th of May 2019. In black the power measurements is
provided while in colours the single sessions are given.

TABLE 4. Number of charging sessions.

2019 Day g Aqtual # Fo.recast
€ss1ons Sessions

29%" April | 76 65

30" April | 77 68

15t May 72 75

274 May 73 70

374 May 86 60

4th May 4 2

5th May 3 1

power at the station (i.e. the black curve). Interestingly, the
cluster composition largely varies on a daily basis. Worth
highlighting is that the inaccuracy seen every late afternoon
in Figure 9 can be mitigated by changing the definition of the
metric used to select the single Monte Carlo.

In Table 4 a comparison between the actual number of
charging sessions and the forecast one is given. As visible,
the proposed methodology tends to slightly underestimate the
expected number of sessions. In particular, this could be due
to the misallocation of the late afternoon sessions. Moreover,
for Friday May 3" the overall power underestimation is here
explained by the highly imprecise number of sessions.

In order to highlight the generality of the proposed
approach throughout the simulated year, three more weeks
are presented in Figure 10. These weeks are chosen in
different periods of the year. As visible, thanks to the feature
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TABLE 5. Energy forecast and error comparison for the analysed methods
for the three presented weeks. In bold the minimal error.

2019 Measured Pers. LSTM | Forec. Yoe Yoe Yoe
Day [kWh] [kWh] | [kWh] | [kWh] | Pers. LSTM | Forec.
15% April 1048.7 1185.2 | 919.6 948.9 13.0 12.3 9.5
2nd April 1016.6 1119.6 | 998.2 1076.5 | 10.1 1.8 5.9
35t April 997.7 1048.1 | 1069.1 | 989.7 5.0 72 0.8
474 April | 961.9 1061.8 | 1000.3 | 10554 | 104 4.0 9.7
574 April 925.0 557.4 741.3 738.6 39.7 19.9 20.1
6t April 63.7 101.9 4.0 62.4 60.0 93.7 2.0
7th April 67.8 30.5 74.4 25.5 55.0 9.8 62.4
17 June | 1019.9 1228.5 | 991.9 1071.1 | 204 2.7 5.0
18" June | 939.4 1030.9 | 1013.0 | 1085.7 | 9.7 7.8 15.6
19t" June | 999.6 946.0 1088.1 | 1021.2 | 5.4 8.9 2.2
20" June | 1010.2 951.5 1026.1 | 977.1 5.8 1.6 33
215 June | 412.8 873.1 748.2 519.3 111.5 | 813 25.8
2274 June | 78.8 61.5 9.5 47.0 21.9 87.9 40.3
2374 June | 88.2 22.1 94.0 46.0 74.9 6.6 47.8
2374 Sept | 1078.3 1048.5 | 11952 | 11346 | 2.8 10.8 52
24th Sept | 1026.4 908.3 1149.9 | 1057.2 | 11.5 12.0 3.0
25" Sept | 909.3 1189.2 | 1062.8 | 1011.4 | 30.8 16.9 11.2
264" Sept 1116.9 1104.8 | 893.2 1020.5 | 1.1 20.0 8.6
27" Sept | 451.2 1119.1 | 713.8 615.9 148.0 | 58.2 36.5
28t Sept | 36.9 63.3 232 36.3 71.5 93.7 1.7
20th Sept | 36.2 25.7 111.5 28.7 29.0 208.3 20.6

engineering and cluster analysis performed in the closest
3 months, the forecast is able to adapt to different behaviors
that may occur.

As visible, the forecast is more accurate during the
weekdays, since, due to the underlying methodology, it tends
to perform worst when a small fleet of incoming vehicle
is expected. In Table 5 numerical evidence of the previous
statements is given. Here the details of the error committed
in the three presented weeks are given. As visible, the
error committed by the proposed methodology is comparable
in terms of accuracy with the LSTM methodology. The
latter, though, do not provide any information concerning the
composition of the power curve in terms of single recharging
sessions.

In Figure 11 the single charging sessions composing the
overall load forecast are given for the three above-described
weeks, with great accuracy on weekdays. On the weekend,
though, some problematic behaviors are still observed,
deriving from the small number of occurring sessions.

The number of predicted charging sessions for the three
considered weeks is given in Table 6. From this the high
error values for the weekends can be explained. In fact, a
small mismatch and wrong forecast of the number of sessions
greatly impact the overall prediction.

In Figure 12 a particular situation is depicted. Moving
from the 30" of June, the model was able to predict with
a high level of accuracy the power curve, until the end of
the 274 of July. From the 31 of July, in fact, due to the
Independence Day holiday the connections to the station
and the following overall power required dropped. This
resulted in a great overestimation of the power produced. The
quantitative information is reported in Table 7.

Though not currently included (this information was not
a priori available to the authors), information regarding the
presence of scheduled holidays can be properly accounted
for considering a post process on the forecast data or proper
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FIGURE 10. Aggregated power forecast for three weeks of the year

chosen in different seasons. a) considers the week from the 15t to the 7"
of April. b) shows the results from the 17th to the 2377 of June. In c) the

week from the 2377 to the 29t/ of September is given.

feature engineering, for example increasing the number of

regressors.
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FIGURE 11. Forecast session composition for three weeks of the year
chosen in different seasons. In black the power measurements is
provided while in colours the single sessions are given. a) considers the
week from the 15¢ to the 7t" of April. b) shows the results from the 17th
to the 23’7 of June. In c) the week from the 23? to the 29t/ of

September is given.

Finally, the SS computed over the whole year 2019 returned
a value of 0.37 on energy forecast. This value states that
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TABLE 6. Number of charging sessions for three weeks of the year,
chosen in different seasons.

2019 Day #S# AcFual # Fo?ecast
essions | Sessions
15T April | 68 65
2nd April | 71 75
35t April | 68 66
4nd April | 65 68
57d April | 69 50
6t April | 6 4
7th April | 3 2
17t% June | 69 57
18t June | 71 77
19t June | 63 65
20" June | 67 64
21%¢ June | 32 41
2274 Jype | 5 3
2374 June | 6 4
2374 Sept | 79 86
24th Sept | 76 78
25th Sept | 68 75
26t Sept | 74 67
27th Sept | 31 37
28h Sept | 3 4
29th Sept | 2 3
200
MonteCarlo
180 Forecast
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160
140 +
g 120 -
S 100 -
=
8- 80
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40
20 F J
o L . ‘ . s
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FIGURE 12. Holiday related abnormal behaviour due to Independence
Day (week from the 30t/ of June to the 6t of July).

TABLE 7. Energy forecast and error comparison of the analysed methods
for the week from the 30" of June to the 6 of July 2019. In bold the
minimal error.

2019 Measured Pers. LSTM | Forec. Yoe Yoe Yoe
Day [kWh] [kWh] | [kWh] | [kWh] | Pers. LSTM | Forec.
30¢" June | 36.1 88.2 98.1 40.3 144.0 171.5 11.6
15¢ July 1172.7 1199.5 | 992.6 1148.8 | 2.3 15.4 2.0
274 July 1080.6 851.6 1019.5 | 1091.2 | 21.2 57 1.0
374 July 236.2 1163.8 | 1105.6 | 1193.2 | 392.8 368.1 405.2
47 July 49.4 1091.0 | 880.3 1045.3 | 2110.6 | 1683.6 | 2018.0
5th July 154.9 1259.7 | 476.2 7533 713.2 207.4 386.3
6" July 2.6 35.1 85.8 68.6 1262.3 | 3231.2 | 2563.5

the presented methodology is proven to be beneficial with
respect to the implemented benchmark. Moreover, this
result is remarkable considering the seven-day time horizon
considered in the present work. A further comparison with
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other works is not here provided since the adoption of
different databases or time horizons and resolution may
prejudice the evaluation. For what concerns the estimated
number of sessions, to the best of authors knowledge,
no comparable work is found in literature.

V. CONCLUSION

This research proposes a comprehensive and novel method-
ology to estimate the individual EV charging sessions
and forecast the resulting total charging load at an EV
charging station. In particular, user-behavior characteristics
are extracted from historical data through unsupervised
clustering analysis and, for every predicted charging session,
a triplet of parameters is determined: the arrival time, the
charging duration and the average power expected during
the process. This information is of fundamental importance
for a predictive EMS, which could then reallocate the power
delivered to each EV according to different optimization
strategies.

On the basis of actual data, the proposed methodology
achieved a SS of 0.37 with respect to the benchmark (the
seven-day naive persistence) in terms of estimated energy
with a seven-day forecast horizon. Moreover, it was able
to predict with great accuracy the number of expected
charging sessions. It must be highlighted that end-user
behavior is greatly affected by unpredicable behaviors due
to irregularities (i.e. National Holidays, weather conditions,
etc...) which should be handled on a case-by-case basis.

Future steps and developments should include exogenous
inputs, both for the generalization of the user behavior and for
the forecast post-process, which are expected to be of great
benefit for the EVs charging sessions forecast accuracy.

ACKNOWLEDGMENT

This manuscript reflects only the authors’ views and
opinions, neither the European Union nor the European
Commission can be considered responsible for them.

REFERENCES

[1] Regulation of the European Parliament and the Council—Amending
Regulation (EU) 2019/631 as Regards Strengthening the COy Emission
Performance Standards for New Passenger Cars and New Light Commer-
cial Vehicles in Line With the Union’s Increased Climate A, European
Commission, Brussels, Belgium, vol. 197, 2021, pp. 1-34.

[2] Regulation 2021/0197 (COD) of the European Parliament and Council,
European Commission, Brussels, Belgium, 2021.

[3] CAR Board. (2022). Staff Report: Initial Statement of Reasons,
Public Hearing To Consider the Proposed Advanced Clean Cars
Regulation. [Online]. Available: https://ww?2.arb.ca.gov/sites/default/files/
barcu/regact/2022/accii/isor.pdf

[4] J. Zhu, Z. Yang, Y. Chang, Y. Guo, K. Zhu, and J. Zhang, “A novel
LSTM based deep learning approach for multi-time scale electric vehicles
charging load prediction,” in Proc. IEEE Innov. Smart Grid Technol. Asia
(ISGT Asia), Chengdu, China, May 2019, pp. 3531-3536.

[5] R.-C. Leou, C.-L. Su, and C.-N. Lu, “Stochastic analyses of electric
vehicle charging impacts on distribution network,” IEEE Trans. Power
Syst., vol. 29, no. 3, pp. 1055-1063, May 2014.

[6] G. Li and X.-P. Zhang, “Modeling of plug-in hybrid electric vehicle
charging demand in probabilistic power flow calculations,” IEEE Trans.
Smart Grid, vol. 3, no. 1, pp. 492-499, Mar. 2012.

VOLUME 11, 2023



A. Nespoli et al.: User Behavior Clustering Based Method for EV Charging Forecast

IEEE Access

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

F. Xie, M. Huang, W. Zhang, and J. Li, “Research on electric vehicle
charging station load forecasting,” in Proc. Int. Conf. Adv. Power Syst.
Automat. Protection (APAP), vol. 3, Oct. 2011, pp. 2055-2060.

L. Calearo, M. Marinelli, and C. Ziras, “A review of data sources for
electric vehicle integration studies,” Renew. Sustain. Energy Rev., vol. 151,
Nov. 2021, Art. no. 111518.

Q. Gao, Z. Lin, T. Zhu, W. Zhou, G. Wang, T. Zhang, Z. Zhang,
M. Waseem, S. Liu, and C. Han, “Charging load forecasting of electric
vehicle based on Monte Carlo and deep learning,” in Proc. IEEE Sustain.
Power Energy Conf. (iSPEC), Beijing, China, Nov. 2019, pp. 1309-1314.
F. Zhao, G.-Q. Zeng, and K.-D. Lu, “EnLSTM-WPEO: Short-term traffic
flow prediction by ensemble LSTM, NNCT weight integration, and
population extremal optimization,” IEEE Trans. Veh. Technol., vol. 69,
no. 1, pp. 101-113, Jan. 2020.

J. Zhu, Z. Yang, Y. Guo, J. Zhang, and H. Yang, ‘“Short-term load
forecasting for electric vehicle charging stations based on deep learning
approaches,” Appl. Sci., vol. 9, no. 9, p. 1723, 2019.

J. Zhu, Z. Yang, M. Mourshed, Y. Guo, Y. Zhou, Y. Chang, Y. Wei, and
S. Feng, “Electric vehicle charging load forecasting: A comparative study
of deep learning approaches,” Energies, vol. 12, no. 14, p. 2692, Jul. 2019.
F. D. Rueda, J. D. Sudrez, and A. del Real Torres, ‘“Short-term load
forecasting using encoder—decoder WaveNet: Application to the French
grid,” Energies, vol. 14, no. 9, p. 2524, Apr. 2021.

ECOzmix—La Production d’électricité Par Filiere. Accessed: Aug. 31,
2022. [Online].  Available:  https://www.rte-france.com/eco2mix/
la-production-delectricite-parfiliere and [Online]. Available: https://
www.rte-france.com/eco2mix/laproduction-delectricite-par-filiere

Z. Yi, X. C. Liu, R. Wei, X. Chen, and J. Dai, “Electric vehicle
charging demand forecasting using deep learning model,” J. Intell.
Transp. Syst., 2022. [Online]. Available: https://www.sciencedirect.com/
science/article/pii/S1547245022003838, doi: 10.1080/15472450.2021.
1966627.

T. Hu, K. Liu, and H. Ma, ‘“‘Probabilistic electric vehicle charging demand
forecast based on deep learning and machine theory of mind,” in Proc.
IEEE Transp. Electrific. Conf. Expo. (ITEC), Chicago, IL, USA, Jun. 2021,
pp- 795-799.

F. Lo Franco, V. Cirimele, M. Ricco, V. Monteiro, J. L. Afonso, and
G. Grandi, “Smart charging for electric car-sharing fleets based on
charging duration forecasting and planning,” Sustainability, vol. 14, no. 19,
p. 12077, Sep. 2022. [Online]. Available: https://www.mdpi.com/2071-
1050/14/19/12077

J. Garcia-Villalobos, 1. Zamora, J. 1. SanMartin, F. J. Asensio, and
V. Aperribay, ‘“Plug-in electric vehicles in electric distribution networks:
A review of smart charging approaches,” Renew. Sustain. Energy Rev.,
vol. 38, pp. 717-731, Oct. 2014, doi: 10.1016/J.RSER.2014.07.040.

A. S. Al-Ogaili, T. J. T. Hashim, N. A. Rahmat, A. K. Ramasamy, M.
B. Marsadek, M. Faisal, and M. A. Hannan, “Review on scheduling,
clustering, and forecasting strategies for controlling electric vehicle
charging: Challenges and recommendations,” IEEE Access, vol. 7,
pp. 128353-128371, 2019.

M. Ester, H.-P. Kriegel, J. Sander, and X. Xu, “A density-based
algorithm for discovering clusters in large spatial databases with noise,”
Comprehensive Chemometrics, vol. 2, pp. 635-654, Aug. 1996.

M. Ankerst, M. M. Breunig, H.-P. Kriegel, and J. Sander, “OPTICS:
Ordering points to identify the clustering structure,” ACM SIGMOD. Rec.,
vol. 28, no. 2, pp. 49-60, Jun. 1999.

D. W. Scott, Multivariate Density Estimation: Theory, Practice, and
Visualization. Wiley, 2015.

M. P. Wand and M. C. Jones, “Comparison of smoothing parameterizations
in bivariate kernel density estimation,” J. Amer. Statist. Assoc., vol. 88,
no. 422, pp. 520-528, 1993.

A. Nespoli, E. Ogliari, S. Pretto, M. Gavazzeni, S. Vigani, and
F. Paccanelli, “Electrical load forecast by means of LSTM: The impact
of data quality,” Forecasting, vol. 3, no. 1, pp. 91-101, Feb. 2021.

[25] Z.J. Lee, T. Li, and S. H. Low, “ACN-data: Analysis and applications of
an open EV charging dataset,” in Proc. 10th ACM Int. Conf. Future Energy
Syst., Jun. 2019, pp. 139-149.

[26] P.D. Allison, Missing Data. Thousand Oaks, CA, USA: SAGE, 2001.

[27] B. Khaki, Y.-W. Chung, C. Chu, and R. Gadh, “Nonparametric user
behavior prediction for distributed EV charging scheduling,” in Proc. IEEE
Power Energy Soc. Gen. Meeting (PESGM), Aug. 2018, pp. 1-5.

ALFREDO NESPOLI (Student Member, IEEE)
received the B.Sc. and M.Sc. degrees in energy
engineering from the Politecnico di Milano, in
2016 and 2018, respectively, where he is currently
pursuing the Ph.D. degree. Since then, he has been
working as a Temporary Researcher with the Elec-
trical Division, Department of Energy, Politecnico
di Milano. His research interests include Al and
renewable energy sources integration in the energy
systems.

EMANUELE OGLIARI (Member, IEEE) received
the M.Sc. degree in electrical engineering and
the Ph.D. degree in electrical engineering from
the Politecnico di Milano, Italy, in 2016. He is
currently a Senior Assistant Professor at the
Department of Energy, Politecnico di Milano,
where he teaches electrical engineering with the
Photovoltaic-Based Systems Laboratory. He has
been working on photovoltaic power plant design
and their optimization, since 2010. He has been
working on RES expected power by means of computational intelligence
techniques, since 2012. He has collaborated with international universities
and research centers (The University of Danang—University of Science
and Technology, Ben Gurion University of the Negev, and Global Energy
Interconnection Research Institute Europe), and in 2013, he won the joint
laboratories between Italy and Israel on Solar Energy ILSE.

SONIA LEVA (Senior Member, IEEE) received
the Ph.D. degree in electrical engineering from
the Politecnico di Milano, Italy, in 2001. She is
currently a Full Professor of electrical engineering
with the Department of Energy, Politecnico di
Milano, where she is also the Director of the
Solar Tech Laboratory (SolarTech Lab) and the
Laboratory of MicroGrids (MG Lab). She is also a
member of the IEEE Working Group “Distributed
Resources: Modeling and Analysis” and a Senior
Member of the IEEE Power and Energy Society.

it

Open Access funding provided by ‘Politecnico di Milano’ within the CRUI CARE Agreement

VOLUME 11, 2023

6283


http://dx.doi.org/10.1080/15472450.2021.1966627
http://dx.doi.org/10.1080/15472450.2021.1966627
http://dx.doi.org/10.1016/J.RSER.2014.07.040

