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ABSTRACT
The increasing deployment of plug-in electric vehicle
(PEV) in electrical networks is bringing new challenges to
power system operators due to the high load concentration
and their stochastic behaviour. Therefore, it becomes
necessary to foresee the impact when connecting them to
the grid. In this sense, this paper discusses the results of a
thorough statistical analysis of a real PEV fleet data to
identify their commuting and charging patterns, the
number of connections by charging level and the charging
frequency per week as main parameters to understand how
they will influence the network. In that regard, a
methodology based on the Poisson process and the Monte
Carlo method to generate a random series of aggregated
charging profiles in case of unavailability of real data that
can be used to perform network studies is proposed.
Finally, the methodology is validated through a series of
simulations and the outcomes are discussed.

INTRODUCTION
The integration of significant quantities of plug-in electric
vehicles (PEVs) into the LV networks, especially in
residential areas, faces some limitations, primarily related
to the maximum allowable voltage and currents levels,
thus restricting the network hosting capacity. Therefore, in
such local situations, network overloads can result in the
accelerated ageing of its infrastructure and eventually
cause service interruptions, which could require
investments for upgrading lines and transformers. So, it is
becoming necessary to investigate new approaches on how
to evaluate the PEV demand in an aggregated manner to
prevent those undesirable effects. However, the lack of a
representative sample of real PEVs charging profiles
represents a drawback for the distribution system operators
(DSO) or for any stakeholder who wants to perform
network studies evaluating the massive impact of PEVs.
To overcome this limitation, this paper proposes a
methodology that allows generating a random series of
aggregated charging profiles of PEVs in case of real data
are not available that can be used to reproduce real network
conditions has been proposed. To develop the
methodology, a statistical approach has been applied to the
data collection of the residential battery-electric vehicles
(BEVs) and plug-in hybrid electric vehicles (PHEVs) from
the 2017 California Vehicle Survey [1]. Such analysis
allowed to identify the commuting and charging patterns,
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the number of connections by charging level and the
charging frequency per week. By processing the data
according to the vehicle type and considering the number
of PEV that arrive and depart from home during different
time intervals as independent events, the Poisson process
is used to formulate the aggregated power demand from all
evaluated vehicles. Additionally, the Monte Carlo method
is used to generate a set of aggregated charging profiles of
PEVs from the original aggregated data over the proposed
formulation as a probabilistic evaluation tool that can be
used by the DSO in the operation and planning analysis of
the LV networks.

DATA ANALYSIS OF PLUG-IN EV
According to the analysed data in [1], both the EVs and the
PHEVs mostly remain connected during the early morning
until 5:00 hours and in the afternoon after 17:00 hours
(related to the arrival and departure rate per hour).
However, in a lower percentage, some of these PEVs
continue charging at noon, as the normalised data for the
residential vehicles extracted from the survey presented in
Figure 1.

Figure 1. Number of EVs and PHEVs per hourly interval
based on the data from [1]
Table 1. PEV charging level characteristics
Type

Power range

Level 1:

120 V

1.2–2.0 kW

Level 2 (low):

240 V

2.8–3.8 kW

Level 2 (high):

240 V

6.0–15.0 kW

DC level 1:

200–450 VDC

36 kW
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The data show that 57% of the times the PEVs owners
make use of two AC charging levels at home, and only
26% of time in a fast charging station in DC level (Table
1) based on SAE J1772 electric vehicle charging standards
[2], [3], as presented in Figure 2.

AC Level 2 as depicted in Figure 4(c) and (d).
Nevertheless, more frequently all the PEVs perform two
connections no matter the charging level. Furthermore, the
discrete distribution which best fits the analysed data was
the Poisson distribution considering the criterion of the
Negative Log-Likelihood (NLL). The red curve in Figure
4(a) to (d) confirms the hookup frequency of the data with
a rate λ close to 2 for both charging levels.

Figure 2. Using per charging level according to the PEV's
pattern analysed from [1]
The median parking time for both EVs (BEVs) and PHEVs
using the AC Level 1 is 6-h with an inter-quartile range
variation of 5-h with a slight difference of 1-h for the
PHEVs, as can be seen in the box-and-whisker plot in
Figure 3. On the contrary, the median of the charging time
of the EVs employing AC Level 2 is lower than the PHEVs
because of the first ones charge at a higher power level
considering Table 1. Moreover, considering the battery
size of the EVs, the whiskers show sporadic higher
charging times for the EVs than the PHEVs because of
some atypical owners activities.

Figure 4. Histogram and probability density for the
number of connections per day at charging level 1 and 2
for the EVs; a) and b) and the PHEVs; c) and d)
Next, Figure 5 and Figure 6 show the relation found
between the charging frequency per week and commuting
distance of each PEV. Both illustrations highlight that the
commuting obeys the behaviour of a lognormal
distribution. The mean (μ) and standard deviation (σ) for
both PEV types shown in Table 2. Also, most PEVs
owners charge daily, and such frequency decreases as the
days without charging increase for some owners,
especially for the PHEVs. Some outliers are presented for
long distances, but the majority is concentrated in the
range up to 50 km.
Table 2. Lognormal distribution parameters
Vehicle type
EV

Mean [μ]
2.831

Standard deviation [σ]
1.016

PHEV

2.938

1.071

Figure 3. Parking time statistics per charging level and
vehicle type
On the other hand, due to there are numerous EVs and
PHEVs models available on the market with different
charging rates and battery sizes, the owner ideally will
desire to have the vehicle battery fully charged by the time
he departs (range anxiety). Notably, in the United States
by cause of the long distances, it is expected that the
number of connections increases. Consequently, as
atypical values, it was found that the EVs perform up to
four connections per day for both charging levels as seen
in views (a) and (b) of Figure 4, whereas the PHEVs
display up to eight connections for AC Level 1 and six for
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Figure 5. EVs charging frequency per week vs commuting
distance
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distribution of the aggregated power according to the
algorithm depicted in Figure 7 which significant steps are
introduced as follows:

Figure 6. PHEVs charging frequency per week vs
commuting distance

1) Obtaining the required parameters from the available
database.
2) Defining the charging power level and the trials
number to generate random numbers from the Poisson
distribution in a vector form.
3) Calculating the aggregated load at t0 and in the
subsequent time intervals for the j-th NMC evaluation.
4) Verifying the charging power is greater than zero.
5) Obtaining the [NMC x PPEV(t0, tend)] aggregated charging
power matrix.
Find the rate of PEVs arrival
(λarr) and departure (λdep) per
time interval

AGGREGATION STATISTICAL MODEL
In practice, the arrival or departure time of the vehicles can
be described as a discrete stochastic process, where the
number of events Nt in a finite interval of length t with
independent increments obeys the Poisson distribution.
Thus, the parameter λt in (1) represents the times that the
random event occurs per unit time, which determines the
frequency of PEVs arrivals or departures.
(  t ) n  t
(1)
P{N t  n} 
e ,
n  0, 1, ...
n!
Therefore, the number of PEVs arriving (NPEVarr) and
departing (NPEVdep) are given by (2) and (3) with a rate λarr
and λdep in each time segment ti.
(2)
N
 Poisson ( t )
`PEVarr

arr i

N PEVdep  Poisson (dep ti )

Define:
Charging power level (PChg)
Number of Monte Carlo trials (NMC)

j = 1: NMC
No

From (2) and (3) randomly generate:
NPEVarr, NPEVdep

If j > NMC
Yes

i = 1: tend
end

Yes

No
If i = 1

ti > tend

No

Calculate the subsequent charging
power PPEV(ti,NMCj) according to (5)

No

On the other hand, in the subsequent time intervals, the
load curve will vary proportionally to the demanded power
from the new connected vehicles and the remaining ones
in ti-1 as in (5). However, if in some instant ti, the current
load is less than zero due to the randomness of the Poisson
distribution (NPEVdep(ti) > NPEVarr(ti)), the load and number
of departing PEVs will be updated as shown in (6).
(4)
PPEV (t 0 )  PChg Chg  [ N PEVarr (t 0 )  N PEVdep (t 0 )]
 PChg   Chg  [ N PEVarr (t i )  N PEVdep (t i )]

(5)

if PPEV (t i )  0,
PPEV (t i 1 )

new
 N PEVdep (t i ) 
P

Chg   Chg
 P new (t )  P    N
Chg
Chg
PEVarr (t i )
 PEV i

(6)

Based on the analysis above, the Monte Carlo simulation
is used in this work to perform some independent random
experiments (Monte Carlo trials) to evaluate the
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Calculate the initial charging power
PPEV(t0,NMCj) according to (4)

(3)

Moreover, according to (4), the aggregated charging
power at t0 is given by the charging level one or two as in
Table 1 with a charging efficiency ηChg of 90%, and the
number of PEVs connected to the network.

PPEV (t i )  PPEV (t i 1 )

Yes

PPEV(ti,NMCj) < 0
Yes

Update the charging power and the
PEVs departing as stated in (6)

Figure 7. Flowchart for evaluating the aggregated random
charging profile of the connected PEVs

RESULTS AND DISCUSSION
From the survey analysed, an aggregation of 367 private
PEVs was used to verify the proposed method. The PEV
charging is simulated through a Poisson process to mimic
the arrival and departure of the owners. The aggregated
load is modelled based on those drivers who start charging
immediately after arriving home and wait until they need
to leave. It is defined 191 PEVs charging at AC Level 1
with PChg of 1.92 kW. The other 176 users installed AC
Level 2 chargers with PChg of 7.2 kW. The number of
Monte Carlo trials defined to the simulation to evidence
the data tendency was 10000.
The smoothing benefit arising from aggregation is of vital
importance to the DSO, because of the more uncorrelated
the demand among consumers, the more effective the
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overall smoothing [4]. For that reason, as a result of using
the method presented in Figure 7 for both charging levels,
the data evaluation was conducted by using a box plot
representation to show the hourly variation of the PEVs
charging power. Hence, in Figure 8 and Figure 10 it can be
seen that the peak value of the median charging power
occurs in the early morning (300 kW; 870 kW) and the
maximum observed charging power take place at midnight
(430 kW; 1260 kW). Besides, those peak values may vary
depending on the number of Monte Carlo evaluations.
Moreover, with the aim of getting a closer look at the data
dispersion, Figure 9 and Figure 11 show an example of the
random assessment by the Monte Carlo method of the
aggregated charging power for a given hour from each
charging level. According to the Central Limit Theorem,
the sum of a large number of independent quantities tends
to reach a Gaussian distribution, independent of the
probability distribution function of the individual
measurements [5]. This property confirms that the data
distribution of Figure 9 fits a normal distribution with a μ
of 259 kW and σ of 25 kW along with some atypical values
out of the 95% of the confidence interval (CI).
Nevertheless, because of the correction effect in (7), where
the foreseen power must be within the interval [0,∞), the
data presented in Figure 11 describe an exponential
distribution with μ = 85 kW.

Figure 10. Statistical hourly aggregated PEV load behaviour at
PChg of 7.2 kW

Figure 11. Aggregated random charging demand at 13:00 hours
by using AC Level 2 (high)

CONCLUSIONS

Figure 8. Statistical hourly aggregated PEV load behaviour at
PChg of 1.92 kW

This paper presented an algorithm that allows obtaining a
variety of random aggregated charging profiles for a
foreseen number of PEVs connected to the network. A
dataset of real-world driving data is used to evaluate the
charging pattern of a representative fleet of plug-in electric
vehicles. Besides, the conducted analysis of the simulation
outcomes can be carried out for specific time intervals
depending on the sampled period of the dataset (i.e.
seconds, minutes and so on). According to the obtained
results, the aggregated charging profile can be added to a
simulation model to conduct a particular network study for
either a DSO or stakeholder whose input information about
charging profiles is not available. In conclusion, the
knowledge of the variables analysed in this paper is
essential to estimate the power that is drawn by the PEV
fleet in each period.
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