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Abstract

Electric vehicle (EV) charging demand introduces significant variability in power systems,
requiring forecasting approaches capable of representing both aggregated consumption
trends and stochastic charging behaviors. While machine learning methods often provide
strong predictive performance, they generally require large datasets and substantial compu-
tational resources. This paper proposes a stochastic framework based on compound Poisson
and Cox processes to model EV charging demand using real charging station data collected
at one-minute resolution. The proposed methodology jointly models charging-event ar-
rivals, charging duration, and charging power through probabilistic distributions calibrated
from historical observations. A compound homogeneous Poisson process (CHPP) and a
double stochastic compound Poisson process (Cox process) are investigated and compared
for the generation of synthetic EV charging profiles and short-term forecasting applications.
The framework is validated using 1863 charging sessions recorded at a workplace charging
infrastructure composed of 37 charging terminals. Monte Carlo simulations are performed
to generate synthetic daily charging profiles and evaluate the capability of the models to
reproduce key operational indicators, including daily energy consumption and peak grid
power demand. The CHPP process achieves average forecasting errors up to 0.8% for daily
energy and 6.2% for maximum grid power demand. The results show that Poisson-based
stochastic models can generate diverse and realistic charging profiles while requiring only
limited historical data and having low computational complexity. The proposed approach
provides an interpretable and computationally efficient probabilistic framework for EV
charging demand forecasting, synthetic profile generation, and power system operational
studies. Stochastic compound Poisson processes may therefore constitute a valuable tool
to support the ongoing electrification of mobility and the digital transformation of future
smart grids and smart cities.

Keywords: stochastic modeling; electric vehicle load modeling; compound Poisson
processes; energy forecast; grid digitalization

1. Introduction
The rapid deployment of electric vehicles (EVs) is expected to significantly increase the

variability and uncertainty in electricity demand in distribution networks. In France, EV
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penetration is projected to reach 15.6 million vehicles by 2035, corresponding to an annual
electricity consumption of approximately 30 TWh [1]. In parallel, future technologies
such as Vehicle-to-Grid (V2G) are projected to provide distributed flexibility services to
aggregators and power system operators through the bidirectional control of EV charging
stations (EVSEs) and vehicles [2,3]. Accurate EV charging demand forecasting is therefore
becoming essential for distribution and transmission system operators, as well as building
managers, in order to prevent voltage violations [4], optimize energy losses [5], and improve
renewable energy hosting capacity [6].

However, EV charging demand remains highly stochastic due to the diversity and
unpredictability of user charging behavior [7]. Practical forecasting and simulation tools
should therefore rely on probabilistic frameworks capable of representing charging-event
arrivals, charging duration, and charging power demand while remaining computationally
efficient and easily adaptable to different charging infrastructures. Since EV charging
behaviors strongly depend on the building type, geographical location, and charging infras-
tructure characteristics, interpretable and lightweight modeling approaches are particularly
attractive for practical deployment.

Recent advances in EV charging forecasting have increasingly relied on deep learning
and probabilistic forecasting frameworks, including transformer architectures, diffusion
models, hierarchical probabilistic approaches, Hawkes processes, and hybrid stochastic-
learning frameworks [8–13]. Nevertheless, the literature on EV charging demand modeling
can generally be divided into three main categories: machine learning approaches, statis-
tical characterization methods, and stochastic process models [14,15]. Machine learning
approaches, such as Support Vector Machines (SVMs), Random Forest (RF), gradient boost-
ing methods, and artificial neural networks (ANNs), have been widely investigated for EV
charging forecasting [16,17]. Among them, recurrent neural network architectures often
provide strong predictive performance for temporal charging profiles [14,18]. However,
these approaches generally require large training datasets and substantial computational re-
sources, while their parameters are not directly interpretable from a probabilistic or physical
perspective. In addition, EV charging infrastructures often exhibit site-specific characteris-
tics, meaning that trained machine learning models are not necessarily transferable across
different charging environments.

Probabilistic EV charging modeling approaches can generally be classified into spa-
tiotemporal methods, queuing-based models, and stochastic temporal models [19]. Queu-
ing theory represents charging stations as service systems, with random arrivals and
charging durations, and is particularly suitable for congestion analysis and infrastructure-
sizing problems [20]. However, these approaches mainly focus on waiting time analysis
rather than the stochastic modeling of charging power demand itself. In the present work,
it is assumed that sufficient charging infrastructure is available to limit queuing effects,
making stochastic temporal approaches more appropriate for modeling charging events
and the associated power demand.

Stochastic temporal models typically rely on combinations of probability distribu-
tions describing charging arrival times, charging duration, and charging energy or power
demand. For example, Weibull and log-normal distributions have been employed to
model charging durations and inter-arrival times [21], while mixtures of Beta distribu-
tions and Gaussian mixture models (GMMs) have also been proposed for EV charging
characterization [22–25]. Other studies additionally investigated Gaussian kernel density
estimation methods for EV charging demand modeling [6,26].

In office buildings, EV charging arrivals can often be considered as sparse or rare
events, making Poisson-based stochastic processes particularly relevant for modeling
charging occurrences [25,27–29]. Unlike conventional statistical distributions being used
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independently for arrival time, charging duration, or charging energy, compound Poisson
processes provide a unified probabilistic framework capable of jointly modeling charging-
event occurrence and load characteristics. In particular, the process intensity directly
represents the average number of charging events over a given time interval, providing
interpretable model parameters with limited computational complexity.

Although Poisson-based models have already been investigated for EV charging ap-
plications, existing studies generally focus on arrival processes only and rarely integrate
charging duration and charging power simultaneously. Compound double stochastic Pois-
son processes (Cox processes), where the intensity itself becomes stochastic, offer additional
flexibility for representing time-varying charging behaviors [30]. However, their applica-
tion to EV charging demand modeling remains largely unexplored and has rarely been
validated using real charging datasets. To the best of the authors’ knowledge, few studies
have investigated compound Cox processes for the joint stochastic modeling of EV charging
arrivals, charging duration, and charging power using real-world charging datasets.

A comparative overview of representative EV charging demand modeling approaches
is provided in Table 1. Unlike purely deterministic forecasting methods, the proposed
framework focuses on the stochastic generation of realistic charging profiles while main-
taining low computational complexity and interpretable model parameters.

Table 1. Comparison of EV charging demand modeling approaches in the literature.

Approach Main Principle Advantages Limitations Data Prob. Interp. Synthetic Profile
Generation

LSTM/deep
learning

Temporal
sequence learning
from historical
charging data

High predictive
accuracy for large
datasets

Requires extensive
training data and
computational
resources; limited
interpretability

High Limited Low Limited

Gradient boost-
ing/XGBoost

Supervised
learning based on
engineered
features

Good short-term
forecasting
performance

Feature
engineering
required; mostly
deterministic
outputs

Med–High Limited Medium Limited

Gaussian mixture
models (GMMs)

Statistical
clustering of
charging behaviors

Simple
probabilistic
representation

Limited capability
to represent rare or
highly variable
events

Medium Yes High Moderate

Hawkes processes
Self-exciting
stochastic arrival
modeling

Captures temporal
dependency
between events

Higher model
complexity and
parameter
estimation
difficulty

Medium Yes Medium Moderate

Bayesian
probabilistic
models

Probabilistic
inference using
prior distributions

Explicit
uncertainty
representation

Computationally
intensive; sensitive
to prior
assumptions

Med–High Yes Medium Moderate

Conventional
Poisson processes

Random
independent
arrival modeling

Simple and
computationally
efficient

Limited flexibility
for highly variable
charging behaviors

Low Yes High Moderate

Proposed
compound
Poisson/Cox
framework

Joint stochastic
modeling of
arrivals, charging
duration and
charging power

Interpretable
probabilistic
framework; low
computational
cost; suitable for
sparse datasets

Assumes event
independence and
unconstrained
charging
infrastructure

Low–Med Yes High Strong

The main contribution of this paper is to propose and validate a stochastic framework
based on compound Poisson and Cox processes for EV charging demand modeling and
forecasting. The proposed methodology jointly models charging-event arrivals, charging
duration, and charging power using probabilistic distributions calibrated from real charging
data collected in a tertiary building. Two stochastic architectures are investigated and
compared: a compound homogeneous Poisson process (CHPP) and a compound double
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stochastic Poisson process (Cox process). The proposed framework is evaluated using
operational grid-related indicators, including daily energy consumption and maximum
grid power demand, in order to assess its suitability for synthetic profile generation and
power system studies.

The case study relies on real charging data recorded between 2019 and early 2020
from 37 EV charging stations located in a tertiary building and used by 169 heteroge-
neous EVs. The selected period avoids atypical charging behaviors associated with the
COVID-19 pandemic and large-scale remote working policies, which could bias the estima-
tion of stationary stochastic processes. The remainder of the paper is organized as follows.
Section 2 introduces the considered Poisson process formulations and associated stochastic
modeling framework. Section 3 presents the dataset preprocessing and parameter identifi-
cation methodology. Section 4 compares and validates the proposed CHPP and Cox-based
models using Monte Carlo simulations and operational performance indicators, and fur-
ther discusses the positioning, limitations, and perspectives of the proposed stochastic
forecasting framework.

2. Representing Counting Events with Poisson Processes—Some Generalities
2.1. Presentation

Like electric vehicle charging events, a lot of real-life situations require an explanation
or prediction of how many events occur in a given fixed period of time. Events can be
deterministic when they are cyclic or periodic, but most of the time they are considered as
stochastic processes. In probability theory, point processes are used to capture the random
features of events in time. Distributions such as the binomial and Poisson distributions are
used in various mathematical models associated with point processes that measure discrete
events, but they are definitively quite different. The binomial distribution, Binomial(r,p),
with the parameter r being the number of experiments performed and p the probability of
success, is able to represent a success/failure outcome in an experiment; while the Poisson
distribution, Poisson(λ), where parameter λ is the average number of points per some
unit, will capture the number of events occurring in a fixed interval of time, area, distance,
or volume.

Applications of the Poisson distribution can be found in many fields related to count-
ing, like telecommunications, finance and insurance, astronomy, biology, and earthquakes;
see [30] for a review.

The Poisson process, with intensity λ (λ > 0), is an occurrence-counting process that
satisfies the following conditions:

• The number of occurrences in disjoint time intervals are independent.
• The probability of an occurrence in a small time interval is proportional to the length

of this interval, the proportionality coefficient being λ.
• The probability that there is more than one occurrence in a small time interval

is negligible.

These last two conditions are referred to as the “rare event” property. In the literature,
it is commonly assumed that if, within a given time interval, λ satisfies 3 < λ < 18, then
the underlying assumptions hold. This condition can thus be used to guide the selection of
the time frame. Considering a counting process {Xt; t ≥ 0} with a discrete variable Xt, a
Poisson process has the following properties:

• The standard deviation is equal to the mean :

E(Xt) = σ2(Xt) = λ. (1)
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• Additivity property:
If X1, X2, ..., Xn are independent and identically distributed random variables fol-
lowing a Poisson distribution with parameters λ1, λ2, ..., λn, respectively, then the
sum X1 + X2 + ... + Xn also follows a Poisson distribution with a parameter equal to
the sum of the individual parameters, λ = λ1 + λ2 + ... + λn. The reciprocal is not
always valid.

(
n

∑
i=1

Xi) ∼ P(
n

∑
i=1

λi). (2)

Different distributions can be extracted from such processes. An interesting distri-
bution that is closely associated with the arrival time of a basic Poisson process is the
inter-arrival time. In this specific case, if times between events are independent and
the increments are stationary, then the inter-arrival times are distributed according to an
exponential distribution, Exponential(λ), following Equation (3):

f (u, λ) = λe−λu . (3)

If the arrival of events follows a basic Poisson process with rate λ, the time until k arrivals
follows a gamma distribution Γ(k, λ) according to Equation (4):

g(v, k, λ) =
λe−λv(λv)k−1

(k− 1)!
. (4)

The gamma distribution predicts the time until the kth event occurs. The exponential
distribution, on the other hand, predicts the waiting time until the ‘first’ event.

Electric vehicle charging events are difficult to forecast due to their intrinsic character-
istics. They are, by nature, totally erratic, due to the behavior of users and the fact that the
charging power of each session can also vary. Such events can be modeled through deter-
ministic or stochastic intensity approaches. It is interesting to note that Poisson processes
do not require an important dataset or a costly learning procedure, and at the same time
assume that events are sporadic.

2.2. Deterministic Intensity
2.2.1. Homogeneous Poisson Process

A basic and useful model is the so-called homogeneous Poisson process, in which
events occur with a known stationary rate over a bounded period of time, as illustrated
in Figure 1.

Figure 1. Homogeneous Poisson process.
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If a counting process {Xt; t ≥ 0}with a discrete variable Xt has a homogeneous Poisson
distribution PXt with parameter Xt ≥ 0, then for k = 0, 1, 2, . . . , the discrete probability
density function of Xt is given by Equation (5):

P(Xt = k) =
λke−λ

k!
, with λ = λ. (5)

As an example, in Figure 1, one could consider that λ has an average and stationary value
of 8 on interval IJ .

2.2.2. Non-Homogeneous Poisson Process

In reality, the occurrences in Figure 1 are not evenly distributed along the time interval
IJ . So, the intensity can be represented by a deterministic function of time with linear,
triangular, polynomial, parabolic, exponential, etc., features. The difference between a
homogeneous Poisson process and a non-homogeneous Poisson process lies in the fact that
the increments are no longer stationary.

A non-homogeneous Poisson process, on a bounded interval IJ , can be described by
Equation (6):

P(Xt = k) =
λke−λ

k!
, with λ =

∫
IJ

λ(t) dt. (6)

NB: The loss of stationarity also implies that the inter-arrival times are no longer identically
distributed according an exponential distribution, Exponential(λ), in Equation (3).

2.3. Stochastic Intensity

In reality, the intensity λ itself can be considered as a stochastic variable. Instead
of considering a deterministic arrival rate λ based on an average value (homogeneous
Poisson process) or a function of time (non-homogeneous Poisson process), it is possible to
randomize the intensity by using a probability density function.

This specific model is known as a double stochastic Poisson process or Cox process
and can be expressed by Equation (7):

P(Xt = k) =
λke−λ

k!
, with λ = h(w, Λ). (7)

The benefit of a random intensity h(w, Λ) with a random variable w representing the
stochastic intensity and a rate parameter Λ, lies in the fact that models can take into account
additional information, eventually increasing the representativity of the volatility.

2.4. Compound Poisson Process

Previous Poisson processes cannot account for two phenomena happening at the
same time, as raised in Section 2.1. In a compound Poisson process, Figure 2, each arrival
time originally modeled with a counting process {Xt; t ≥ 0}, with a discrete variable Xt

responding to a Poisson process, comes with an underlying phenomenon {Yi; i = 1, 2, ...}
corresponding to the amplitude of the event.

The compound Poisson process model considers both the occurrence and the am-
plitude of events. There are two kinds of representations, one using the cumulative
distribution function Cd f and the other one retrieving the probability density function Pd f

of the amplitude distribution of events Yi with, respectively, Equation (8) and Equation (9).

• The probability density function Pd f of Yi is used to find the probability PXt that k
events occur with an amplitude equal to A:
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P(Xt = k, Y = A) =
λke−λ

k!
P∗(k)df (A), with A ≥ 0, (8)

• The cumulative distribution function Cd f of Yi is used to find the probability PXt that k
events occur with an amplitude equal to or less than A:

P(Xt = k, Y ≤ A) =
λke−λ

k!
C∗(k)df (A), with A ≥ 0. (9)

Many Poisson processes exist and previous classifications are not exhaustive. In any
case, Poisson processes could offer a simple way to simulate intermittent loads like electric
vehicle charging events, characterizing concomitantly the arrival time and amplitude
of events.

Figure 2. Overview of compound Poisson process.

3. Modeling EV Charging Events with Poisson Process Structures
3.1. Dataset Description and Preprocessing

The dataset is available and updated quarterly, on the French Open Data Energy
Networks (ODRÉ) platform (https://opendata.reseaux-energies.fr (accessed on 10 october
2019)) that provides stakeholders with data on subjects like “Production”, multi-energy
“Consumption”, “Storage”, “Territories and Regions”, “Infrastructures”, “Markets”, and
“Meteorology”. The data correspond to all the electric vehicle charging transactions of SAP
Labs France employees carried out either at their work place or at home between June 2017
and September 2020. A transaction is the entire operation of charge, from start to stop (from
insertion to removal of the badge, button, or cable), including the period of inactivity (when
charging is complete but the vehicle is still plugged in). This period was selected in order to
avoid atypical charging behaviors associated with the COVID-19 pandemic. The parameter
identification in Section 3.2 uses data extracted from the full aforementioned dataset and
focuses on the modeling of the starting time, the average power, and the duration of all the
charging events in 2019 at the workplace of SAP Lab at Sophia Antipolis. During this year,
11,863 electric vehicle charging events were recorded with a one-minute time step, using
thirty-four 22 kW, two 50 kW, and one 150 kW terminals. The resulting daily charging
activity during 2019 is illustrated in Figure 3.

The proper use of Poisson processes requires the definition of a data framework and
validation of a set of properties; these will be highlighted in the following section. An initial
and foreseen step would be to classify the dataset in order to regroup behaviors reflecting
similar average arrival rates. Categories could be temporal, like months, weeks, and days,
or be based on other factors, like vehicle ID. As illustrated in Figure 4, the Poisson process
path has different variations from one month to another, already highlighting a reason for
interest in identifying trends from the initial yearly basis dataset.

https://doi.org/10.3390/electricity7030069
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Figure 3. Daily charging events during 2019 at SAP Lab.

(a) First semester (b) Second semester

Figure 4. Poisson process path by month in 2019.

The observations also show that events fluctuate differently according to the day.
Indeed, the arrival average profiles on weekdays, weekends, and public holidays sometimes
have a comparable shape but with distinct amplitudes, as shown in Figure 5. One can
observe two peaks of charging events on the different curves: one in the morning between
8 am and 9 am, the other one in the afternoon around 2 pm. The number of events during
weekends is negligible, while days off demonstrate some signs of charging events and
could belong to a different mode compared to weekdays. It should be noted that there are
almost no charging events at night.

(a) Time interval: 15 min (b) Time interval: 1 h

Figure 5. Average intensity of charging events according to different time windows.

As already mentioned, modeling electric vehicle charging events based on cars’ ID
clusters is another possibility. However, considering the number of electric vehicles com-
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posing the SAP fleet at Sophia Antipolis and the 11,863 associated charging events, this
seems a complex a priori approach. A first interesting empirical classification of average
intensity profiles would be to consider a clustering by day, like in Figure 5.

Another important step is to select the best representative and adapted time interval
over which the number of rare events occurring will be counted. In a Poisson process
framework, it is commonly accepted that the intensity λ, for a chosen interval, should
correspond to a specific range of values, generally given in the literature as 3 < λ < 18.
As illustrated in Figure 5, an hourly interval seems to be an interesting compromise that
respects the aforementioned condition for modeling the number of charging sessions.
Additionally, it is also important to take into account that modeling stochastic intensities
requires a representative distribution of events within the chosen time step for an optimal
representation, as detailed in Section 3.2.2.

Advanced properties like the equality existing between the standard deviation and
the mean of the counting process in Equation (1) or the inter-arrival time distribution
in Equation (3) could also be considered to verify the compatibility between the studied
dataset and Poisson processes requirements. As example, Figure 6 highlights the exponen-
tial distribution behavior of the inter-arrival times in 2019.

Figure 6. Empirical and theoretical inter-arrival time distribution of EV charging events in 2019.

Once the dataset was prepared and organized, charging events were modeled as
described in the following section.

3.2. Poisson Process Structures and Parameter Identification
3.2.1. Poisson Process Model Architectures

Two models, generating stochastic daily EVSE charging average power profiles, are
detailed and compared. The first one is based on a compound homogeneous Poisson
process and the second one is built on a double stochastic compound Poisson process;
both models include the duration of events. Poisson processes can use a deterministic or a
stochastic intensity λIn according to the architecture presented in Figure 7. The different
parameters of the distributions are estimated with real arrival times, durations, and average
powers from charging sessions occurring in 2019 at SAP Lab Sophia Antipolis. Two public
holidays, considered as outliers, have been removed from the dataset. In Section 4, these
models are implemented and compared. For each simulated day, with a chosen step time, a
random number of events, with their respective random power and duration, are generated.
Then, the charging profiles are aggregated to build a daily consumption pattern, allowing
temporal or quantitative predictions, which will be discussed at the end.
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Figure 7. Poisson process model architecture.

Models 1 and 2, corresponding, respectively, to a homogeneous compound Poisson
process with duration and a double stochastic compound Poisson process with duration,
are implemented and compared in the next sections.

3.2.2. Modeling Daily Arrivals with Poisson Processes

Starting from the previous considerations in Sections 2.2 and 2.3, daily arrival model-
ing can be approximated from two different perspectives: one based on the deterministic
intensity and another considering the stochastic intensity. For instance, the SAP com-
pany, keeping track of the number of electric vehicle charging events each day at Sophia
Antipolis, may notice that they have an average number λIn of k charges per interval of
time In. If charging any particular vehicle does not affect the arrival time of future cars
(there are incentives or enough charging stations to avoid congestion), and if cars arrive
independently of one another, then a reasonable assumption is that the number of charging
events per interval time follows a homogeneous Poisson distribution. The independence
assumption constitutes a limitation of the proposed framework, since charging behaviors
may exhibit temporal and social correlations in real-world environments. Based on an
hourly interval In, with n = 1, 2, . . . , 24 representing the interval number, the probability
mass function of events P(XIn = k) can be calculated by changing the intensity λIn every
hour in Equation (10):

P(XIn = k) =
λk

In
e−λIn

k!
, with λIn ≥ 0. (10)

For the current homogeneous Poisson process, λIn represents the average value of charging
events for a specific day in a one-hour time window during 2019. Table 2 shows some λIn

values for events occurring on Mondays.
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Table 2. Average values of λIn between 5 a.m. (I6) and 2 p.m. (I14) on Mondays in 2019.

λI6 λI7 λI8 λI9 λI10 λI11 λI12 λI13 λI14

λIn Monday 2.1 11.0 12.5 5.1 1.5 3.2 5.2 4.8 1.9

The choice of a one-hour interval was made to better satisfy the assumptions of a
homogeneous Poisson process, in particular ensuring 3 < λIn < 18. It can be noted that
for some intervals in Table 2 the estimated values slightly exceed these bounds and may
contribute to the overall model error.

The following Algorithm 1 can be used to generate a random number of KIn hourly
arrivals on the interval In with λIn = λIn .

Algorithm 1 Generating Poisson-distributed Random Number of Events

Require: λIn {Average rate of events per time unit}
Ensure: KIn {Generated number of events on interval In}

1: LIn ← e−λIn {Compute LIn }
2: KIn ← 0 {Initialize event counter on interval In }
3: m← 1 {Initialize product of random numbers}
4: while m > LIn do
5: KIn ← KIn + 1 {Increment event counter}
6: U1 ← Uniform(0, 1) {Generate a uniformly distributed random number}
7: m← m×U1 {Update the product}
8: end while
9: return KIn − 1 {Return the generated number of events}

This pseudo-code generates Poisson-distributed random events KIn by using the
cumulative distribution function of the Poisson distribution and the properties of the
exponential distribution. The threshold L = e−λIn ensures that the product of uniform
random variables simulates the cumulative probability of events in a Poisson process.

The homogeneous Poisson process is a simple way to model charging-event occur-
rences by taking an average intensity over a given period of time. But the average λIn in
Table 2 is sometimes out of the boundaries of a Poisson process framework. Analyzing
Figure 8, where events are represented for the same day over a complete year, it clearly
appears that the values of the average intensity are not steady but depend both on the time
of day and on the week, even if these days are all Mondays.

Figure 8. Daily charging-event variation with a one-hour interval.

An extended and interesting approach in Figure 9 is then to consider that the intensity
λIn is a random value, getting a specific distribution for each hour with a rate parameter
ΛIn when charging actions exist.
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The double stochastic Poisson process can be expressed by Equation (11):

P(XIn = k) =
λk

In
e−λIn

k!
, with λIn = h(w, ΛIn), (11)

where
h(w, ΛIn) = ΛIn e−ΛIn w. (12)

where w is the random variable representing the stochastic intensity and ΛIn is the rate
parameter of an exponential distribution.

(a) λI6 (b) λI11

Figure 9. λIn density distribution of hourly events on Mondays.

Table 3 shows some ΛIn values for events on Mondays.

Table 3. Example of values for ΛIn between 5 a.m. and 2 p.m. on Mondays in 2019.

ΛI6 ΛI7 ΛI8 ΛI9 ΛI10 ΛI11 ΛI12 ΛI13 ΛI14

ΛIn Monday 0.47 0.10 0.11 0.19 0.64 0.30 0.18 0.25 0.52

Like for the compound homogeneous Poisson process, Algorithm 1 can be used to gen-
erate a random number KIn of hourly arrivals but with, in this specific case, λIn = h(w, ΛIn),
following Equation (13):

λIn = −ΛIn ln(1−U2), (13)

where ΛIn is the rate parameter of an exponential distribution on the interval In and U2 is a
randomly drawn number from a uniform distribution between 0 and 1.

Due to the random nature of λIn , the double stochastic Poisson process, also known as
the Cox process, should offer a better realistic vision of charging events rather than homoge-
neous modeling. Indeed, the Cox process provides some flexibility by allowing the intensity
to not only depend on time but also to take arbitrary values due to a stochastic process.

3.2.3. Modeling Load Amplitude of EV Charging Events

The aforementioned models can be upgraded using a compound Poisson process,
as explained in Section 2.4, that also takes into account the average power that is with-
drawn by cars during the charging period. As illustrated in Figure 10, the average active
charging power distribution from the SAP dataset can be approximated by an exponential
distribution. The fit and resulting parameters are computed by minimizing the negative
log-likelihood function. This methodology is standard for estimating the parameters of
compound Poisson processes other than the parameter Λ of the intensity λ.
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The exponential probability mass function can be expressed by Equation (14):

Exponential(y; β1, γ) =
1
β1

e−
y−γ
β1 , (14)

where y is the random variable representing the average charging power during a charging
session, β1 is the scale parameter, and γ is the location parameter. The optimal parameter
values are β1 = 10,970.48 (W) and γ = 60 (W). The random average active charging power
Pw can be extracted from Equation (15):

Pw = γ− β1 ln(1−U3), (15)

where γ is the location parameter, β1 is the scale parameter, and U3 is a random number
drawn from a uniform distribution between 0 and 1.

The average charging power was quite challenging to model. Indeed, different dis-
tributions were tested, as shown in Table 4, and a double Weibull fit was initially chosen.

(a) Average charging power (b) Charging power CDF

Figure 10. Average power of EV charging events.

Table 4. RMSE comparison between different distributions.

Exponential dWeibull Gamma Normal Laplace Logistic Weibull

RMSE (×10−5) 4.34 2.41 5.14 4.29 3.40 3.78 4.00

Although the double Weibull distribution achieved a lower RMSE, the exponential
distribution demonstrated significantly higher robustness during Monte Carlo simulations
and avoided unstable extreme realizations during the forecasting process in Section 4.

3.2.4. Modeling the Duration of EV Charging Events

The last important step in the model architecture is to determine a distribution for
the duration of charging sessions. As a reminder, in this article the duration only takes
into account the charging phase, with an observed logistic distribution, as represented in
Figure 11.

The logistic probability mass function can be expressed by Equation (16), and param-
eters of the distribution are, like in Section 3.2.3, estimated by minimizing the negative
log-likelihood function:

Logistic(z, α, β2) =
e
−(z−α)

β2

β2(1 + e
−(z−α)

β2 )2
, i f z > 0, (16)
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where z is the random variable representing the duration of the charging session, α is the
mean of the logistic distribution, and β2 is the scale parameter (or standard deviation) of the
logistic distribution. The best-fit parameter values obtained from the maximum-likelihood
process are α = 10,672.38 (s) and β2 = 3341.18 (s).

Then, the random duration D of each charging event can be extracted from
Equation (17):

D = α + β2 ln
(

1
1−U4

)
, (17)

where α is the mean of the logistic distribution, β2 is the scale parameter of the logistic
distribution, and U4 is a random number drawn from a uniform distribution between 0
and 1.

Combining the previous random average charging power and duration formulas
in Sections 3.2.3 and 3.2.4 with the random number of events in Section 3.2.2, models 1
an 2 can be expressed as a sequence of random events defined over the interval In by
Equation (18):

OIn =
{(

P(i)
w , D(i)

)}XIn

i=1
, where XIn ∼ P(λIn) (18)

In other words, during the interval In, we observe XIn events, each characterized by

an amplitude P(i)
w and a duration D(i), for i = 1, . . . , XIn . It is then possible to simulate

daily EVSE average active power profiles, as shown in Figure 12a, and the resulting daily
aggregated consumption curves, shown in Figure 12.

(a) Charging duration (b) Duration CDF

Figure 11. Duration of EV charging events.

(a) Charging events (b) Aggregated charging events

Figure 12. Simulated Monday charging sessions in 2019 using model 1 or 2.
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4. Model Validation
4.1. Modeling EV Charging Events

An important goal of the validation process is to generate new charging curves, which
will be called synthetic, from models with the architecture shown in Figure 7. However, the
SAP Lab’s dataset was collected with a one-minute interval, whereas the λIn parameters are
given on an hourly basis. To ensure a meaningful comparison between real and synthetic
charging curves, a one-minute period is used to model Monday events based on models 1
and 2 using and combining Algorithm 1, and Equations (15) and (17). Then, [K1I1 , ..., K60I1 ]

... [K1In , ..., K60In ], representing random events each minute on hourly intervals In (with
n = 1, 2, ..., 24), are considered independent and identically distributed following a Poisson
distribution with parameter

λKaIn
=

(
λIn
60

)
, (19)

where λIn is the hourly deterministic or stochastic intensity presented in Section 3.2.2 and
a = 1, 2, ..., 60 is the index corresponding to each minute of an interval In.

Figure 12a shows an example of random individually generated average active power
consumption profiles extracted from the two models. Then, Figure 12b shows the daily
aggregated curves of these random profiles.

The representativeness of the simulated curves, compared to real data, is estimated in
the next section.

4.2. Comparative Evaluation of Model Outcomes

In order to compare both models, based on real-life situations and, in particular,
field considerations, in addition to standard indicators, two criteria were selected for
their operationality: The daily energy consumed during all daily charging sessions and
the associated maximum power withdrawn from the grid were extracted from the real
data and the synthetic curves. For each criterion, two hundred synthetic years, each
containing 50 Monday charging events, were simulated and compared to 50 real Mondays
from 2019 at SAP Lab Sophia Antipolis (two public holidays were removed). Note that
in Figures 13 and 14, only 250 points, equivalent to five synthetic years, and the 50 real
Mondays are graphically visualized.

4.2.1. Daily Energy Consumed

Understanding daily energy demands could guide decisions on charging station
locations, capacities, and user experience, contributing to efficient grid management, cost-
effective operations, and fostering a comprehensive and balanced growth in the electric
mobility sector.

The results for the daily energy consumed from the two models are illustrated in
Figure 13.

Both models tend to overestimate daily energy, likely due to cumulative errors in
power, duration, and occurrence. Improving each component could reduce the overall error.
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(a) Cox model (b) CHPP model

Figure 13. Comparison between real data and simulated Poisson process daily energy.

(a) Cox model (b) CHPP model

Figure 14. Comparison between real data and simulated Poisson process maximum grid power.

4.2.2. Maximum Grid Power Demand

Like the daily energy demand, modeling the maximum grid power extracted by
electric vehicle charging stations is also crucial for efficient grid planning, infrastructure
scaling, and load balancing. This knowledge could help in grid resilience, enables smart
grid implementation, and supports cost-effective measures in the evolving landscape of
electric mobility.

The maximum grid power demand resulting from the two models is illustrated in
Figure 14.

The simulated point clouds in Figures 13 and 14 appear quite comparable to real data
point clouds, showing no significant outliers. A first overview of the precision and the
volatility of the two models is presented in Tables 5 and 6. Although the data cannot be fit
by a normal law, the standard deviation of errors is provided, as there is a large amount of
simulated data.

Table 5. Daily energy consumption statistics for real data and predictions.

Daily Energy Consumed Average Median Std

Real data (kWh) 1369 1376 285

CHPP (kWh) 1667 1636 393
∆ Real/CHPP (%) 21.8 18.9 37.9

Cox (kWh) 1454 1423 377
∆ Real/Cox (%) 6.2 3.4 32.4
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Table 6. Maximum daily grid power statistics for real data and predictions.

Maximum Daily Grid Power Average Median Std

Real data (kW) 263 268 37

CHPP (kW) 288 281 75
∆ Real/CHPP (%) 9.6 4.8 101

Cox (kW) 247 240 70
∆ Real/Cox (%) 5.8 10.4 87.1

Overall, both models capture the global statistical trends in EV charging demand,
although significant variability remains at the daily scale, especially in peak power esti-
mation, along with volatility measures that are sufficient for operational decision making.
As expected, the Cox model performs slightly better than the CHPP model, with a model-
ing accuracy of 6.2% for the energy and 5.8% for the power. The next subsection shows
the forecasting capability of these models with respect to the amount of data used for
parameter estimation.

4.2.3. Daily Electric Vehicles Charging Stations Average Power Profile Forecast

After identifying the double stochastic compound Poisson process as the most promis-
ing candidate, it is possible to use the methodology presented in this article as a forecasting
approach, where models are tuned on the whole dataset available up to a certain date in
order to forecast the following day, like in [31].

The key benefit of the model is that parameter estimation can be updated and im-
proved when new real data are available. The idea is to test to what extent this update
is significant by analyzing the accuracy, the robustness, and the capacity of the model
to generate a broad diversity of profiles with respect to the number of data used for the
parameter estimation. To achieve this, Monday forecasts are performed over three different
time windows, more precisely, in March 2019, October 2019, and January 2020. For each
time window, only the data during the months before the prediction (starting from January
2019) are used to calibrate the model, that is, only eight Mondays for the first forecast in
March 2019, and up to fifty-three Mondays for the last one at the end of January 2020. To
sum up, the current framework follows a rolling-horizon forecast with a fixed starting point
in January 2019. Calibration was realized using the real dataset from SAP Lab at Sophia
Antipolis, where charging events were registered with an average charging power ranging
from 3 kW to 46 kW. For each forecast, 10,000 synthetic Monday EVSE charging events
were simulated.

In order to evaluate the generative models beyond average accuracy, we propose a
composite score that balances the precision of simulations and the ability to generate a high
variety of profiles. Let xreal

a,n be the real observed value at minute a of hour n, and let x(j)
a,n be

the corresponding value in the j-th simulated profile. The average simulated value at each
point is denoted by x̄fc

a,n. We introduce the following:

• The mean absolute error between the real profile and the average of the simulated profiles:

MAErs =
1

24× 60

24

∑
n=1

60

∑
a=1

∣∣∣xreal
a,n − x̄fc

a,n

∣∣∣ (20)

• The average intra-group deviation of each simulated profile from the simulated mean:

MAEigs =
1
N

N

∑
j=1

(
1

24× 60

24

∑
n=1

60

∑
a=1

∣∣∣x(j)
a,n − x̄fc

a,n

∣∣∣) (21)
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• A composite score evaluating the diversity of the profiles vs. forecast accuracy:

Score =
MAEigs

MAErs
(22)

This score promotes models that not only match the real data on average with a low
fidelity error, but also generate a realistic and diverse set of profiles, which is critical for
applications such as flexibility forecasting or volatility quantification in energy systems, as
shown in Figure 15.

Figure 15. Forecast score over March 2019, October 2019, and January 2019.

Figure 15 shows the forecast scores for Mondays in March, October, and then the
following January. Each time, the model is calibrated and parameters updated with the
data from the previous months. When the models have been calibrated with a small amount
of data, the compound homogeneous Poisson process is superior to the compound Cox
process, but the performance difference tends to decrease when more data are available.

Let us focus on the last prediction, Monday 27/01/2020, using the compound ho-
mogeneous Poisson process that has the best score for this specific day. The maximum,
minimum, and average power profiles of the 10,000 synthetic (generated) curves are repre-
sented in Figure 16a every minute with the real aggregated EVSE consumption curve, and
the average forecast is shown in Figure 16b.

(a) Min and max forecast (b) Average forecast

Figure 16. Comparison of the 27/01/2020 real Monday EVSE consumption and its forecast.

As illustrated by Figure 16b, the average curve of the forecast aggregated daily con-
sumption charging sessions is quite similar to the real Monday consumption profile and
provides a representative estimation of the real events with a mean absolute error equal to
15.2 kW, representing 5.1% of the maximum power withdrawn from the grid on 27/01/2020.

Beyond the previous temporal prediction, it is also possible to realize a quantitative
forecast using the indicators given in Sections 4.2.1 and 4.2.2: the daily energy consumed
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during all charging sessions and the associated maximum power withdrawn from the grid.
The density distributions of the 10,000 synthetic Mondays in Figure 17 can be fitted with a
normal law, providing an overview of the forecast volatility and therefore of the robustness
of the method.

(a) Max grid power (b) Daily energy consumed

Figure 17. Evaluation of model outcome criteria.

Based on the normal distribution fit in Figure 17, the real values of daily energy
consumed and maximum power demand are found to be close to the mean of the forecast
distributions, yielding average errors of 0.8% and 6.2%, respectively, for maximum grid
power demand and daily energy consumption. In all cases, the real values remain within the
interval [µ− σ; µ + σ], containing 68.3% of the generated synthetic realizations. While this
study only considers 1863 events, the methodology can be extended to larger datasets, as
long as the Poisson assumption 3 < λ < 18 holds, which is determined by the selected time
interval. Advanced properties, like the equality existing between the standard deviation
and the mean of the counting process in Equation (1) or the inter-arrival time distribution
in Equation (3), could also be verified, as already highlighted in Figure 6. For larger
and more heterogeneous datasets, hybrid approaches combining stochastic modeling and
machine learning techniques could constitute promising research directions. It was shown
in [32] that Poisson models could provide a good estimate to initialize such algorithms as
recurrent networks. A good initialization of these networks is very important to ensure
their convergence.

Finally, the proposed methodology provides a realistic probabilistic representation of
aggregated EV charging demand while maintaining limited computational complexity and
interpretable stochastic parameters.

4.2.4. Comparison with Existing Forecasting Approaches

Because forecasting objectives, datasets, charging infrastructures, and evaluation
methodologies differ significantly across the literature, direct quantitative comparison with
previously published EV charging forecasting studies remains difficult. Nevertheless, in or-
der to provide a quantitative benchmark of the proposed methodology, three representative
baseline approaches were implemented using the same historical dataset and forecasting
protocol: Bootstrap resampling, Gaussian mixture models (GMMs), and kernel density
estimation (KDE).

The bootstrap approach consists of randomly resampling complete historical daily
charging profiles from the training dataset. The GMM baseline models the joint probability
distribution of charging event characteristics, namely, arrival time, charging duration,
and charging power, using a mixture of Gaussian distributions. The KDE approach pro-
vides a non-parametric estimation of the same joint distribution using Gaussian kernels.
For each method, 10,000 synthetic daily charging profiles were generated and evaluated
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using the same performance indicators as those adopted for the proposed CHPP and
Cox frameworks.

In addition to the quantitative benchmark, Table 7 provides a qualitative positioning
of representative EV charging forecasting approaches commonly reported in the literature
with respect to forecasting accuracy, interpretability, computational requirements, and
synthetic profile generation capabilities.

Table 7. Qualitative comparison between representative EV charging forecasting approaches.

Method Forecasting Accuracy Interpretability Computational Cost Synthetic Profile Generation

Deep learning (LSTM/RNN) High Low High Limited
Gradient boosting/XGBoost Medium–High Medium Medium Limited
Gaussian mixture models Medium High Low Moderate
Kernel density estimation Medium High Medium Moderate
Hawkes processes Medium Medium Medium–High Moderate
Proposed CHPP/Cox
framework Medium High Low Strong

Machine learning approaches may provide superior deterministic point-wise fore-
casting accuracy in some situations; however, they generally require significantly larger
datasets, extensive hyperparameter tuning, and higher computational resources. Con-
versely, stochastic and statistical generative approaches are particularly attractive when
the objective is to reproduce charging demand variability and generate realistic synthetic
charging profiles for probabilistic analyses.

Table 8 summarizes the quantitative benchmark results obtained for all the considered
forecasting approaches. For each method, the forecasting procedure was repeated on the
twelve test days presented in Figure 15. All the reported metrics, including MAErs, MAEigs,
score, daily energy error, and maximum grid power error, correspond to average values
computed over the twelve forecasting experiments.

Table 8. Quantitative comparison of forecasting approaches. All reported metrics correspond to
average values obtained over the twelve forecasting days presented in Figure 15.

Method Avg. MAErs (kW) Avg. MAEigs (kW) Avg. Score Avg. Energy Error (%) Avg. Max Power Error (%)

Bootstrap 18.8 14.6 0.84 16.8 14.1
GMM 21.5 15.2 0.78 16.5 23.5
KDE 19.7 15.0 0.85 16.6 18.0
CHPP 22.5 22.1 1.12 14.5 10.9
Cox 27.2 19.6 0.82 27.8 26.6

The quantitative results indicate that bootstrap and KDE achieve slightly lower pro-
file reconstruction errors (MAErs), whereas the proposed CHPP framework provides the
lowest prediction errors for daily energy consumption and maximum grid power demand.
Furthermore, CHPP achieves the highest score, reflecting an improved capability to re-
produce the intrinsic variability of EV charging demand while maintaining satisfactory
forecasting accuracy.

These results suggest that the proposed framework does not primarily aim at max-
imizing deterministic profile reconstruction accuracy. Instead, it provides a favorable
compromise between forecast fidelity, synthetic profile diversity, and computational sim-
plicity. Such characteristics are particularly relevant for applications including synthetic
load profile generation, probabilistic grid impact assessment, flexibility studies, and Monte
Carlo-based power system simulations.
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4.3. Discussion and Perspectives

Several limitations of the proposed framework should nevertheless be acknowledged.
First, the current methodology assumes statistical independence between charging events,
whereas real EV charging behaviors may exhibit temporal correlations between users and
charging sessions. Second, the proposed framework assumes sufficient charging infras-
tructure availability in order to neglect queuing and congestion effects. Consequently, the
methodology is particularly well adapted to tertiary buildings or charging infrastructures
where waiting times remain limited.

In addition, although the Cox process introduces stochastic variability in charging
arrivals, more advanced self-exciting stochastic processes, such as Hawkes processes, could
potentially better capture temporal dependencies between charging events.

Future work should therefore investigate user clustering techniques, temporal behav-
ioral segmentation, charging congestion effects, and hybrid stochastic-learning approaches
in order to improve forecasting accuracy and better represent heterogeneous EV charging
behaviors. Hardware-in-the-loop validation and real-time implementation studies could
also constitute valuable perspectives for future developments.

5. Conclusions
Two stochastic Poisson-based frameworks were investigated to model the daily power

profile of EV charging stations and the stochastic variability of EV charging behavior
using 1863 charging events recorded at a one-minute resolution from thirty-four 22 kW,
two 50 kW, and one 150 kW charging stations. The proposed methodology can be em-
ployed as a forecasting tool by calibrating the stochastic model using historical charging
data in order to predict future EV charging demand. Both stochastic models demonstrated
satisfactory forecasting capabilities, with moderate performance differences depending
on whether temporal or quantitative indicators were considered. Operationally relevant
indicators, such as maximum grid power demand and daily energy consumption, were
predicted, with average errors of up to 6.2% and 0.8%, respectively. In addition, the pro-
posed frameworks were able to generate realistic and diversified synthetic charging profiles,
which is particularly relevant for probabilistic power system studies and Monte Carlo-
based simulations. Compared with highly data-intensive machine learning approaches, the
proposed methodology relies on interpretable probabilistic parameters and limited com-
putational resources, making it suitable for exploratory analyses and situations involving
limited historical datasets. The proposed framework may therefore constitute a comple-
mentary stochastic modeling approach for EV charging demand forecasting, synthetic
profile generation, and flexibility assessment in increasingly electrified distribution systems.
Future work should investigate clustering techniques and user-dependent behavioral rep-
resentations in order to improve forecasting accuracy and better capture temporal charging
patterns and user heterogeneity. Additional extensions could also include the integration
of self-exciting stochastic processes, such as Hawkes processes, or the consideration of
charging infrastructure congestion effects. Overall, the results demonstrate that compound
Poisson processes provide a flexible and computationally efficient framework for modeling
EV charging demand and generating stochastic charging profiles for future smart grid and
smart city applications, and probably beyond.
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