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A B S T R A C T

To prepare for rapid growth in global electric vehicle adoption, grid and policy planners depend on detailed
forecasts of future charging demand. In this paper we propose a novel holistic, scalable, probabilistic framework
to produce large-scale estimates of electric vehicle charging load for long-term planning that capture real
drivers’ charging patterns. Our framework captures the uncertainty and stochasticity in charging demand by
taking a graphical modeling approach. It has three core elements: driver groups, charging segment choices, and
charging session time and energy requirements. The framework uses hierarchical clustering to group drivers
by their charging histories, capturing their heterogeneous behaviors and preferences across different segments
or types of charging. The framework uses probabilistic mixture models for each driver group’s sessions to
identify the unique charging behaviors observed within each segment. We illustrate its application with a
large data set from California, profiling the charging patterns and unique driver clusters it identifies. Using
the model knobs representing drivers’ battery capacities, behavior, and segment access we present scenarios
for California’s charging demand in 2030 with 8 million passenger electric vehicles. Peak charging demand
ranged from 3.3 to 8.7 GW across scenarios. Each was calculated in under 45 s on a laptop computer.
. Introduction

Transportation accounts for a large and growing fraction of direct
missions around the world. Electrification is key to decarbonizing the
ector and the global fleet of passenger plug-in electric vehicles (EVs)
s expected to increase from 7 million today to over 400 million by
040 [1].

Supporting charging at those levels will challenge the electricity
grid [2], requiring equipment upgrades in the distribution grid [3–5]
and adjustments to transmission-level capacity expansion planning [6–
8]. The connection point between the grid and vehicles is another
critical problem. A projected 300 million charging connectors will
be needed to support the fleet in 2040 [1]. The convenience and
availability of charging infrastructure at home, at workplaces, and in
public impacts drivers’ decisions to switch to electric vehicles [9,10]
and much work has focused on the optimal placement of public stations
to meet demand [11,12].

Long-term planning to face each of these challenges requires es-
timates of the future charging demand. Modeling driver behavior,
including where, when, how, how much and how often drivers will
charge, is critical to building accurate estimates. Scalability is also

∗ Corresponding authors.
E-mail addresses: siobhan.powell@stanford.edu (S. Powell), ramr@stanford.edu (R. Rajagopal).

critical to long-term planning models based on high adoption targets
and is a key area of research [13].

Driver behavior comprises both travel and charging. Many studies
characterize travel by clustering drivers by their travel histories [14–
16] or building statistical models to generate new trip chains [17–20].
Many large-scale models in this category simulate travel for a given re-
gion from detailed survey data [21,22], but this agent-based approach
is expensive and requires simulating a large number of variables for
each driver. Travel-based approaches are also challenged to accurately
model drivers’ charging decisions from their travel.

Studies of real driver charging data have found many unexpected
behaviors as drivers mix usage of multiple charging segments [10],
including strong habits of regular users [23], tendencies toward charg-
ing close to home [24,25], and tendencies toward shorter more regular
sessions to maintain high state of charge [26]. Charging choices are also
influenced by driver characteristics including socioeconomic factors
[10,27]. Many studies characterize individual charging decisions using
logistic regression, e.g. [28–30], but this approach is computationally
expensive to include at large scale in travel-based charging simulators.
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Data-driven, statistical characterizations of charging data can re-
eal important behaviors [15,31]. A recent sessions-centered clustering
pproach revealed a wide typology of driver types and behaviors
ithin public charging in the Netherlands [32]. This set of clustering

approaches, however, has yet to be incorporated in large-scale models
of charging demand.

As a result, current large-scale models either lack focus on driver
behavior or use deterministic models for decisions which are inherently
probabilistic. Recent attempts using probabilistic methods [31,33] have
mproved costs but depend heavily on modeler assumptions about
rivers’ use of different segments.

To address these challenges, in this paper we propose a novel holis-
ic, scalable, probabilistic modeling framework for large-scale scenarios
f charging demand which makes driver behavior core to its design.
he methodology uses a graphical model with three core elements:
river groups, charging segment probabilities, and charging session
ehaviors. We propose a driver-centered clustering that highlights the
ole of multiple charging segments as a key feature of driver behavior in
he United States. Using data-driven unsupervised methods, the model
dentifies distinct patterns in the charging data, and the probabilistic
pproach captures the inherent uncertainty in estimating future charg-
ng demand. The framework can be used to rapidly generate large-scale
stimates of charging demand, and adjusting the distributions in the
raphical model lets the modeler design a wide range of scenarios.

In this paper we use the methodology to present a case-study for
alifornia using a large data set of over 4 million real charging sessions
ith 30 thousand drivers covering workplace, public, and residential

harging. We present a set of scenarios for California’s charging demand
n 2030 at 8 million passenger electric vehicles.

The main contributions of the modeling methodology are:

• the novel driver-behavior-focused method for clustering charging
which reveals insights into driver charging patterns with mixed
use of charging infrastructure;

• the data-driven, unsupervised, charging data-based approach to
modeling driver patterns, which replaces modeled decisions used
in other large-scale models with real driver behaviors;

• its modularity, which reveals novel behavior-based knobs for
scenario design by separating driver groups and isolating charging
patterns; and

• its probabilistic approach which provides scalability, reducing the
simulation time for charging scenarios with millions of drivers,
and which represents the inherent stochasticity in charging deci-
sions across segments.

o allow others to explore different scenarios, and to facilitate adoption
f the methodology by the modeling community, with this paper we are
ublishing our code open-source [34].

The remainder of the paper is outlined as follows: in Section 2
e present the framework and methods; in Section 3 we calibrate the

ramework with a data set from California, study the driver groups it
dentifies, and validate the model; in Section 4 we use the framework
o generate sets of future charging scenarios; in Section 5 we discuss
he results and approach; and in Section 6 we conclude.

. Methodology

.1. Graphical model

Our graphical model is depicted in Fig. 1 as a probability tree.
Graphical modeling describes a large class of probabilistic models
wherein independence and relationships between variables are encoded
in a graphical representation [35]. In a graphical model, each variable
s contained in one node and is dependent on the variables in its
arent nodes: the joint distribution of all variables is the product of
hese conditional distributions [36]. Hidden Markov models and neural
etworks are two common examples.
Fig. 1. Probability tree depicting our graphical model, connecting the three main
elements: the driver groups, decisions between charging segments, charging session
parameters. The resulting load profile is a function of the charging sessions and the
charging rate for each segment. Controlled charging could be implemented through
this framework by adding a step to adjust how the load profile is calculated from
the uncontrolled charging session parameters; in this paper we focus on uncontrolled
charging.

Our model arranges all drivers into groups and each driver has
a group label, 𝐺. The distribution over driver groups, denoted 𝑃 (𝐺),
escribes what fraction of the total number of drivers are in each group
.

Current technologies can be divided into Level 1 (L1) or wall-plug
harging, Level 2 (L2) slow charging at charging stations, and Level

or DC Fast Charging (DCFC) at designated fast charging stations.
hese are typically 1.2 kW, 6.6 kW, and 50 kW or 150 kW in data
rom the United States. We consider six charging segments: L1 and
2 charging at a single family residence, L2 charging at a multi-unit
welling, L2 charging at a workplace, L2 charging at a public charging
tation, and DCFC at a public charging station. Each segment is denoted
y 𝑧, and the driver’s decision to charge in each segment on a given day
s modeled with a probability distribution conditional on the driver’s
roup, 𝑃 (𝑧|𝐺). For each driver group and charging segment we build
model of the parameters which define each charging session: arrival

ime, energy, and duration. These are denoted by the vector variable 𝑠
nd the model for 𝑃 (𝑠|𝑧, 𝐺) is further described below.

The graphical model combines these three elements to prescribe the
robability distribution for each charging session which occurs within
he framework:

(𝑠, 𝑧, 𝐺) = 𝑃 (𝑠|𝑧, 𝐺)𝑃 (𝑧|𝐺)𝑃 (𝐺). (1)

Once the session parameters, 𝑠, are known, the load profile can be
alculated deterministically. The load profile is a time series in one
inute intervals of the vehicle’s charging demand. The demand is zero

efore the vehicle arrives and after the total session energy has been
elivered. We assume charging occurs at the maximum rate for the
iven type of station. At this point controlled charging could be applied
o influence the load profile, either through altering the start time of
he session as in the case of residential timers or through modulating
he charging rate between the drivers arrival and departure time, as in
he case of workplace charging.

Rather than fit the model all at once with a form of the Expectation-
aximization algorithm, we chose to fit the driver groups and charging

essions elements separately. This approach let us customize the feature
ector used to identify the driver groups, including important meta-
ata on the drivers such as their battery capacity and frequency of
harging. Separating the steps also makes the framework more modular
o it can easily incorporate components from other researchers.

The model focuses on the temporal aspect of charging demand.
hen applied to drivers from a given region, it estimates the charging

essions and aggregate charging load profile of those drivers without
odeling where exactly their sessions take place. This result is suited to

arge-scale and generation-level grid planning and to large aggregations
f drivers; planning for the specific locations of charging stations or for
ome distribution-level grid impacts would require further modeling to
epresent the spatial aspect of charging demand.
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2.2. Driver clusters

We propose that drivers can be divided into distinct groups by their
behaviors. These groups capture the heterogeneity in driver behavior
better than models assuming the same preferences for all drivers, and
reduce the dimensionality relative to the full spectrum of individuals.

We use clustering to group the drivers for our model. Clustering
is a form of unsupervised machine learning which works by grouping
similar samples [37]. To describe each driver as a sample in the
lustering we create a feature vector based on the drivers charging
istory. This approach depends on having detailed data on the drivers
harging history including the times, energy, rate, and location of each
f their charging sessions over some length of time.

Let superscript 𝑑 index the drivers such that 𝑥𝑑 denotes the feature
vector for driver 𝑑. To construct 𝑥𝑑 , for each segment, 𝑧, we include:
the total number of sessions the driver had in that segment, their mean
session energy, duration, and start time when charging in that segment,
and the fraction of their sessions in that segment which occurred on
a weekend rather than a weekday. The feature vector also includes
two driver properties: the battery capacity, 𝐵, of their vehicle and the
number of unique zip codes, 𝑍, in which they charge. This design
captures both the drivers’ choices between segments and their behavior
within each segment; critical features which drive the drivers’ ultimate
load profile, grid impact, and infrastructure needs.

With our notation, 𝑠𝑑 is the set of all sessions by driver 𝑑, and
session 𝑠𝑑𝑖,𝑧,𝑤 denotes that the 𝑖th session by driver 𝑑 occurred in
segment 𝑧 and on day type 𝑤. The session vector for session 𝑖 includes
the arrival time, 𝑎𝑖, energy, 𝑒𝑖, and duration, 𝑑𝑖:

𝑠𝑖 =
⎡

⎢

⎢

⎣

𝑎𝑖
𝑒𝑖
𝑑𝑖

⎤

⎥

⎥

⎦

. (2)

Let 𝑛𝑑𝑧 = |𝑠𝑑𝑧 | be the number of sessions by driver 𝑑 in segment 𝑧 and
let 𝑛𝑑𝑧,𝑤𝑒 = |𝑠𝑑𝑧,𝑤=𝑤𝑒| represent the number of sessions by driver 𝑑 in
segment 𝑧 which occur specifically on weekends rather than weekdays.
The fraction of driver 𝑑’s sessions in segment 𝑧 which fall on a weekend
rather than weekday can be calculated as

𝛼𝑑𝑧,𝑤𝑒 =
𝑛𝑑𝑧,𝑤𝑒

𝑛𝑑𝑧
. (3)

For each segment 𝑧 we define a vector 𝑚𝑑
𝑧 describing the mean behavior

of driver 𝑑 when charging in that segment:

𝑚𝑑
𝑧 =

⎡

⎢

⎢

⎢

⎣

𝑛𝑑𝑧
1
𝑛𝑑𝑧

∑

𝑖 𝑠
𝑑
𝑖,𝑧

𝛼𝑑𝑧,𝑤𝑒

⎤

⎥

⎥

⎥

⎦

(4)

hen the total feature vector for each driver can be constructed as

𝑑 =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑚𝑑
𝑧1
⋮

𝑚𝑑
𝑧𝑀
𝐵𝑑

𝑍𝑑

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, (5)

here 𝑧1 to 𝑧𝑀 denote the different charging segments. The feature
ectors are normalized before applying the clustering algorithm.

We apply a type of hierarchical clustering called agglomerative clus-
ering which groups drivers from the bottom-up: initialization places
ach driver in their own cluster, then at each step the algorithm
ombines two clusters [38]. The decision of which two to combine
s made so as to minimize the increase in the within-cluster sum of
quares. Using the Euclidean distance, the objective is
𝐿

𝑙=1

∑

𝑥𝑑∈𝐶𝑙

‖𝑥𝑑 − 𝑥𝐶𝑙
‖

2
2, (6)

where 𝐶𝑙 is the set of points in cluster 𝑙, 𝑥𝐶𝑙
is the centroid of clus-

ter 𝑙, and there are 𝐿 clusters. This is known as Ward’s method or
 𝑃
the minimum variance method [38]. We implement this algorithm in
Python using the AgglomerativeClustering feature in the scikit-learn
package [39].

The output is a tree of clusters which can be depicted using a
dendrogram. The root node of the full dendrogram comprises the
entire data set, the leaf nodes are individual data points, and the
intermediate nodes illustrate how clusters are related: the clustering
result is recorded by cutting the dendrogram at a particular level [38].
The lower down in the dendrogram two clusters are merged, the more
similar they are [40]. The dendrogram can be interpreted in the context
of graphical modeling: where 𝐺𝑖 and 𝐺𝑗 were two clusters joined at one
step in the agglomerative algorithm to form the larger cluster 𝐺𝑘, the
division of drivers into the two smaller clusters gives the conditional
probability of being in cluster 𝐺𝑖 or 𝐺𝑗 given that a driver is in the
larger cluster, 𝐺𝑘. The total sum of squares metric is also used to
determine the optimal number of clusters, or the cut-off level for the
dendrogram.

The driver groups defined by these clusters are foundational to
our graphical model, and changing the distribution 𝑃 (𝐺) is key to
generating different scenarios.

2.3. Charging behaviors

The frequency with which drivers charge is highly variable across
both different drivers and charging segments. We capture this with
𝑃 (𝑧|𝐺), the probability that a driver in group 𝐺 will have a charging ses-
sion in segment 𝑧 on a given day. We calculate a separate distribution
for each segment and for weekends and weekdays. Many driver groups
have sessions in multiple segments so the different segments weekday
probabilities, for example, 𝑃𝑤𝑑 (𝑧𝑤𝑜𝑟𝑘 = 1|𝐺) and 𝑃𝑤𝑑 (𝑧ℎ𝑜𝑚𝑒 = 1|𝐺), need
ot sum to one. From each driver’s history we calculate their charging
requency as the ratio between the number of times in the year they
harged in segment 𝑧 on a weekday or a weekend, and the total number
f weekdays or weekend days in the time period.

Given that a driver in group 𝐺 has a charging session in segment
, we build a model for the parameters defining the session 𝑃 (𝑠|𝑧, 𝐺).

Mixture models have been used in previous works to model charging
parameter distributions, and Gaussian Mixture Models in particular
have been applied to capture the joint distribution of multiple charging
parameters [15,32,33].

A Gaussian Mixture Model (GMM) represents a distribution with
a weighted sum of multiple multivariate Gaussians [41]. Where each
component, 𝑘, is described be a mean, 𝜇𝑘, and covariance matrix,
𝛴𝑘, where 𝜙 denotes the density function of a multivariate Gaussian
distribution, and where 𝜋𝑘 gives the weight of component 𝑘 in the
mixture, the likelihood of the GMM for sessions 𝑠 is

(𝜋, 𝜇, 𝛴) =
𝑛
∏

𝑖=1

𝐾
∑

𝑘=1
𝜋𝑘𝜙(𝑠𝑖|𝜇𝑘, 𝛴𝑘). (7)

MMs are another form of unsupervised machine learning and can be
iewed as a density based clustering method [37]. We implement this
lgorithm in Python using the GaussianMixture feature in the scikit-
earn package [39]. This method is less sensitive to noise and outliers
han non-density based clustering methods: with very stochastic charg-
ng data, this helps it identify the meaningful patterns behind the
istributions [38]. To select the number of components we used the
kaike information criterion (AIC), a measure of model fit that trades
ff accuracy with simplicity.

We propose that the mixture components each describe unique
ehavior patterns in the charging sessions data. The mixture of these
ehaviors can be viewed in the context of graphical modeling: the ses-
ions’ parameters follow a Gaussian distribution, conditioned on their
ehavior pattern as represented by their component in the mixture. In
hat framing, the probability density of session 𝑠𝑖 is
(𝑠𝑖) = 𝑃 (𝑠𝑖|𝑘)𝑃 (𝑘), (8)
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where the class-conditional probability density, 𝑃 (𝑠𝑖|𝑘), is that of the
multivariate Gaussian, 𝜙(𝑠𝑖|𝜇𝑘, 𝛴𝑘), and the probability of 𝑠𝑖 coming
from component 𝑘, 𝑃 (𝑘), is the mixture weight, 𝜋𝑘, both from Eq. (7)
[38].

Both distributions in this model are specific to the segment and
driver group. Similarly to the distribution over driver groups, 𝑃 (𝐺),
changing this distribution over the sessions model components, 𝑃 (𝑘),
lets us adjust the frequency of specific charging behaviors for each
driver group and segment to create new scenarios.

Gaussian Mixture Models are easier to interpret, scalable to large
amounts of data and fast to generate sessions from a fitted model. The
framework can also support other models of 𝑃 (𝑠|𝑧, 𝐺) such as Beta
Mixture Models and non-parametric copula functions depending on the
data set and application [25,30].

The final element in modeling charging behaviors is the impact of
ontrolled charging. Control can be reflected in the model either by
djusting this model, 𝑃 (𝑠|𝑧, 𝐺), to reflect shifted sessions or start times

adjusted by timers, or by adjusting how the load profile is calculated
from the session parameters, 𝑠. That will not be a focus of the results
presented in this paper as it is further analyzed in our other work [33],
but its inclusion is supported within the model framework.

2.4. Simulation

The methodology outputs a model that can be used to simulate new,
large-scale scenarios. Let 𝐷 represent the total number of drivers in
the simulation. First, we calculate the number of drivers to simulate in
each group using the probability distribution over driver groups, 𝑃 (𝐺),
to generate the charging demand profile for a typical weekday. The
number of drivers in group 𝑖 is

𝐷𝑖 = 𝑃 (𝐺 = 𝐺𝑖) ∗ 𝐷. (9)

Second, for each driver group, we calculate the number of sessions
to generate for that day in each charging segment. To calculate the
number of sessions, 𝑆𝑖,𝑧, for driver group 𝑖 and segment 𝑧, we sample 𝐷𝑖
values from 𝑃 (𝑧|𝐺𝑖). Third, for each driver group and charging segment,
we generate 𝑆𝑖,𝑧 sessions using the mixture model of sessions parame-
ters, 𝑃 (𝑠|𝑧, 𝐺𝑖). Fourth, we use the simulated parameters to calculate
the uncontrolled charging load profile for each session. Finally, we
aggregate the load profiles across all sessions and all driver groups to
calculate the total uncontrolled charging demand.

3. Experiments

3.1. Data

We apply the methodology to a large data set of real charging
sessions collected by a charging station provider in California. The
data was anonymized and each driver given a unique driver ID. For
each of their sessions, in addition to the start time, end time, charging
rate, and energy delivered, the data set also includes the date, county,
and type of charging station where the session took place. The data
includes charging sessions from both plug-in hybrid electric vehicles
and battery electric vehicles. The data was cleaned to remove sessions
with impossible energy or power values, sessions that lasted less than
one minute or delivered no energy, and sessions with missing driver
data or missing start times.

We analyze sessions which occurred in 2019 in California in the
San Francisco Bay Area. Some data from the month of September is
missing due to a data collection issue, so the time period of the study
is 11 months. The majority of the sessions, 65.7%, were located in the
largest county, Santa Clara, followed by 14.5% in San Mateo county
and 8.8% in Alameda county. The distribution of the datasets’ sessions
over counties in the Bay Area is illustrated in the top panel of Fig. 2.
We focus our analysis on drivers who charge regularly in the data set,

with at least one session on average every two weeks. Since the data
Fig. 2. The distribution of the data set over counties and types of charging. The inset
map in the top panel shows the location of the San Francisco Bay Area in Northern
California.

provider is not the only option for charging in the area, drivers who
appear infrequently in our data set are likely sourcing the majority of
their charging from another network. This leaves us with 38 thousand
drivers with 3.99 million sessions.

Of the 3.99 million sessions, 72.4% occur at workplaces and over
32 thousand of the drivers have had at least one workplace charging
session. 17.3% of the sessions occur at public charging stations and
nearly 23 thousand of the drivers charge at a public station at least
once in the data set. Nearly ten thousand of those sessions are at fast
charging stations. 7.9% of the sessions occur at single family residences
and 2.0 thousand drivers charge in that category. Finally, 2.5% of the
sessions occur at multifamily sites and 3.7 thousand drivers charge
in that category. This distribution is illustrated in the bottom panel
of Fig. 2. This distribution is unique to the data set and reflects the
charging network company’s focus on workplace and public charging.
The true distribution of charging today would include more residential
charging and is discussed in Section 4.

We segment the data into five categories of charging: residential L2,
multifamily L2, workplace L2, public L2, and public DCFC. This data set
does not include L1 charging at residences as charging station providers
primarily support L2 or higher, and additional sensing would be needed
to capture L1 charging sessions.

3.2. Clustering

We calculate the feature vector detailed in Section 2.2 for each of
the 38 thousand drivers based on their charging history. The results
of the clustering are presented in a dendrogram in Fig. 3 and in
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Fig. 3. This dendrogram illustrates the result of the hierarchical clustering with 16 clusters. Some statistics are annotated to support the labeling interpreting the clustering results.
The abbreviation ‘batt’ refers to battery capacity. The symbol > indicates the relative frequency for driver groups that charge in multiple segments. The main divisions of the
endrogram into five ‘‘superclusters" are boxed, colored, and labeled as A-Red, B-Orange, C-Yellow, D-Green, and E-Blue. The number of drivers assigned to each cluster in the
riginal data set is noted at the base of the figure.
oad profiles in Fig. 4. An elbow curve of cluster inertia was used to
elect 16 as an optimal number of clusters. By comparing the drivers
n the two sides of each fork in the dendrogram, we can interpret
hich differences between the drivers caused the clustering result. The
gglomerative clustering algorithm is not rule-based so these labels are
ased on those observations.

Fig. 3 uses colors and the letters A, B, C, D, and E to highlight
he division of drivers into five ‘‘superclusters": A-Red, drivers who
se workplace charging almost exclusively; B-Orange, drivers who use
significant amount of residential L2 charging; C-Yellow and E-Blue,

rivers with typically large and small batteries, respectively, who use
oth public and workplace charging; and D-Green, drivers who use
redominantly public L2 charging. Each supercluster is divided into
maller clusters as labeled in the figure, totaling the 16 unique driver
roups.

The figure labels each cluster within each set to further interpret the
ey differences between them. Two small clusters stand out from their
arger branches: the tenth cluster contains the small number of drivers
ho frequently use multifamily or multi-unit dwelling stations; and the

ourteenth cluster contains the small number of drivers in the data set
ho account for the majority of public fast charging sessions. Another
xception occurs in cluster thirteen where a very small cluster of resi-
ential drivers with early a.m. start times are grouped in with a larger
luster of public charging drivers. These would likely be a separate
luster if the total number of clusters were increased. Annotations on
ig. 3 give further details on the statistics behind these interpretations.

Our first observation is that the drivers preference between seg-
ents is very important. We also observe that battery size has a large

mpact on the clustering, driven by its connection to two other param-
ters in the feature vector, charging frequency and session energy.

Each cluster of drivers has unique characteristics, combining charg-
ng in multiple segments with different frequencies and patterns of
ehavior. To illustrate the profile of each cluster we present simulated
oad profiles for a typical weekday in Fig. 4. Each cluster is modeled

on thousands of sessions so a single driver’s load profile would not
represent the full distribution for the group. To capture the profile of
the group as a whole, these plots show the aggregate load of 10,000
simulated drivers, normalized to keep units in terms of an individual
driver.

We observe that many of the clusters comprise substantial amounts
of charging from multiple segments. For example, drivers in cluster
6 charge at work, at home at single family residences, and at public
charging stations. For another example, drivers in cluster 14 charge
at work, at public L2 charging stations, and at public DCFC charging
stations. We also observe that the total energy, the integral of the load
profile, is different between each cluster; each has different typical
session energies and probability of charging on a given day.

3.3. Charging behaviors

The distributions of charging sessions behaviors were modeled with
Gaussian Mixture Models, and AIC was used to select the optimal
number of components between 4 and 8. Each component of the
mixture can be interpreted as a unique charging behavior. For cluster 6,
drivers who frequently use both workplace and single family residential
charging, two mixture models are illustrated in Fig. 5.

The GMMs tend to generate smoother profiles than are observed
in the raw data, as can be seen by comparing the simulated profile in
Fig. 5 against the series sampled directly from the data, however the
method can capture sharp discontinuities, like the timers starting at
11pm. If the number of mixture components were increased, it would
be more difficult to interpret the charging behaviors, but the model
would be able to better capture these smaller behavioral differences
and irregularities in the profiles.

Looking at the specific behaviors in this example highlighted by the
components of the mixture models, we make several observations. For
residential charging, start times in the evening, either uncontrolled or
with timers, are the most common behaviors and account for the two
largest components with combined weight 0.68. Contrastingly in work-
place charging, the behaviors are more evenly split over components
with relatively similar weights. We do not see the sharp profile of a
timer in the workplace charging components, but each has a different
timing and magnitude of its peak. The peak is determined by both
the weight in the mixture and the typical session parameters in that
behavior: notably, the third and fourth components have the same
weight and hence the same number of sessions, but those in the fourth
require significantly more energy.

3.4. Validation

In addition to comparing the individual GMMs, we validate the
model by comparing a simulated and typical day in the data. Fig. 6
illustrates the load in the system from the 38 thousand drivers for an
average weekday and weekend day calculated by taking the mean over
all the weekday and weekend aggregate profiles in the historical data.
The comparable simulation, shown on the right, is constructed using
the model for 38 thousand drivers with the base distribution over driver

groups, 𝑃 (𝐺). The root mean squared error (RMSE) between the profiles
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Fig. 4. This figure shows the typical weekday load profile for each driver group. The border of each plot is colored according to the superclusters defined in Fig. 3: clusters 1–3
in A-Red, clusters 4–6 in B-Orange, clusters 7–9 in C-Yellow, clusters 10–13 in D-Green, and clusters 14–16 in E-Blue. The title in each subplot notes weight of each cluster, 𝑃 (𝐺).
A charging rate of 150 kW is used for fast charging, Public DCFC, to match near-term projections.
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is 1519.9 kW for the weekday model, or 5.72% of the peak value in
the average weekday profile, and 306.2 kW for the weekend model, or
11.56% of the average weekend profile.

Studying the different driver clusters and GMMs we find that some
are better modeled than others. Those for which we have less data tend
to have larger errors as our picture of their charging behaviors is less
complete and the mixture models fit to their charging sessions have a
smaller set of training data to use for fitting. Error is introduced when
we limit the maximum number of components for each GMM. We also
do not account for holidays and seasonal variation; our implementation
of 𝑃 (𝑧|𝐺) assumes each driver is equally as likely to charge on any
weekday of the year. By including all weekdays, for example, our
calculation of 𝑃 (𝑧|𝐺) underestimates the drivers’ likelihood of charging
at work on a normal workday that is not a holiday. The weekend model
error is higher because our data set has many fewer charging sessions
on weekend days than on weekdays, as shown in Fig. 6.

The goal of our approach is to build a tool for testing assumptions
nd exploring changes in behavior. There is significant uncertainty
nvolved in designing scenarios: this modeling error is small in com-
arison, and demonstrates the model can accurately capture the overall
rofile and trends in the charging data.

. Results

The model framework breaks down the load into driver clusters
nd charging session behaviors: by changing the distribution over each
f these building blocks, we can quickly generate a wide range of
cenarios for future charging demand. To illustrate this process we will
resent a set of scenarios for California’s passenger vehicle charging
oad in 2030 with 8 million individual EV drivers. Based on its pro-
ected trajectory toward having zero-emissions vehicles comprise 100%
f light-duty vehicles sales by 2035, the state is planning for 8 million
Vs in 2030; an increase over its previous target of 5 million [22]. The
ollowing scenarios are presented to demonstrate the model’s flexibility;
t is not possible to show all possible scenarios in this paper. The code
as been published open-source so that others can use the model to run
cenarios of their own [34].

The first adjustment we make is to correct the base load: in Cal-
fornia today, the majority of charging occurs at single family resi-
ences [21], whereas our base distribution as illustrated in Fig. 6 is
ominated by workplace charging. This fraction is likely to decrease by
030 as more investments follow in public and workplace charging, and
s more drivers who do not have residential charging convert to EVs.
he latest projections for California anticipate 67% of drivers in 2030
ill have access to charging at their residence, split 90-10 between
rivers in single family residences and multi-unit dwellings [22]. We
ake this adjustment by changing the distribution 𝑃 (𝐺), increasing the
eight of supercluster B-Orange which includes residential charging
nd the 10th cluster which includes charging at multi-unit dwellings.
he other clusters have their collective weight in 𝑃 (𝐺) decreased to
3%, while maintaining the same proportions.

We also adjust the fraction of drivers using residential timers. In
ur data set, 28% of the weekday residential charging sessions are
xactly aligned with the lowest price periods in rate schedules offered
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Fig. 5. Taking cluster 3 as an example, this figure shows the weekday load profile
for 10 thousand samples simulated for the (a) workplace and (b) residential segments.
Under each we illustrate the contribution from each of the four mixture components
with the largest weights; the residential mixture had one component not shown with
weight 0.057, and the workplace mixture had four components not shown with weights
0.131, 0.126, 0.102, and 0.009. The same number of sessions were randomly sampled
from the raw data for drivers in that cluster: the black line shows that result for
comparison.

to EV owners by the local utility. The adoption of residential time-of-use
rates is increasing, however, and projections for 2030 anticipate 67%
of residential customers will participate with residential timers [22].

That leverages one of the main model knobs: changing the distribu-
ion over the mixture components in a driver groups sessions model,
(𝑠|𝑧, 𝐺), reweights different behaviors. To implement this change, for
ach of the three clusters with residential charging, we isolate which
ixture component corresponds to a timer, either at 11pm or midnight,

nd increase the weight of those behaviors to 67%. This base case is
hown in part (a) of Fig. 7.

Further exploring this flexibility in the model, we present a second
cenario: if there were no residential time-of-use rates and all charging
ere uncontrolled, how would the load profile change? Working from

he same base case, we again isolate which mixture components corre-
pond to timers and shift their weights to the other components with
vening start times. In Fig. 5 with cluster 6, that would mean shifting
ll the sessions from the second illustrated component to the first. The
esult is shown in part (b) of Fig. 7.

The residential segment need not be the only one where behaviors
hange: we create a third scenario, adding to the previous, where
orkplace charging behaviors change. If workplaces incentivized em-
loyees to begin charging after the noon-hour to spread out their
oad, how would that impact the load profile? To implement this we
djust the distribution over the sessions behavior components in the
 8
wo residential clusters from supercluster B-Orange which also have
orkplace charging, clusters 4 and 6, since together they comprise over
0% of the drivers in this scenario. Their workplace GMM components
ith afternoon start times are increased to a weight of 50% in each
ixture, and the other components downweighted in proportion. The

mpact is shown in part (c) of Fig. 7.
Finally, we can hypothesize that the residential segment might

hange under widespread working-from-home. In each of the three
lusters with residential charging there are mixture components repre-
enting morning, midday, and afternoon home charging behaviors. We
mplement work-from-home charging by redistributing some weight
rom evening to daytime behaviors in clusters 4, 5, and 6. The result is
hown in part (d) of Fig. 7.

Comparing the four scenarios in Fig. 7 we see that assumptions
bout driver behavior lead to large magnitude changes in the resulting
oad profile: the addition of timers due to a residential time-of-use
ate schedule leads to a spike of more than 7 GW with this number
f drivers. The change to the workplace segment is also significant
nd shows how a simple shift in behavior could create a flatter load
rofile throughout the day. The change to daytime residential charging
epresents a more substantial change in behavior, but shows how
lexible the load profile of charging could be in future scenarios.

A large number of scenarios can be simulated by adjusting the
eights of each groups’ charging behaviors. These four were selected

o demonstrate the modeling flexibility this affords.
Driver groups are the other building block of our model and the

istribution over driver groups, 𝑃 (𝐺), will certainly change as we head
oward 2030 scenarios. We present a second set of scenarios to illustrate
ow this can be represented with our model.

Whether a driver can charge at their residence has a strong impact
n their charging load profile. We consider two cases to illustrate this
ffect: a low and a high home charging scenario. In single family
esidences, parking proximity and high installation costs for chargers
revent many from accessing home charging. It is harder still for renters
nd residents of multi-unit dwellings to access home charging. With
eeper penetration of EVs in 2030, California will move beyond early
dopters and could see such a scenario. For the low scenario, we reduce
he fraction of drivers with access to home charging from the 67% base
ase to just 50%. The remaining 50% are distributed according to our
ata set, so this also represents a high workplace charging scenario.
his is shown in parts (a) and (b) of Fig. 8. Part (a) shows the weekday
rofile and part (b) shows the weekend profile; with high dependence
n workplace charging, we see that most charging demand falls on
eekdays.

At the same time, policy interventions to support installation of
harging stations at residences, especially multi-unit dwellings, could
arget increased access to home charging. How would those impact
he load? For the high scenario, we hold the fraction of single family
esidential charging from the base case, but increase the fraction of
rivers using multi-unit dwelling charging to 30%. This is shown in
art (c) of Fig. 8.

The distribution over driver clusters need not be determined only
y the use of different segments: if only the drivers in the dataset with
ehicles with large battery capacities were represented, how would the
oad profile be changed? To implement this final scenario we make
everal adjustments to the low home charging high workplace charging
cenario: within the supercluster A-Red we keep only cluster 3, and
e shift all drivers using workplace and public charging from the

mall battery branch, supercluster E-Blue, to the large battery branch,
upercluster C-Yellow. This is shown in part (d) of Fig. 8.

Studying the results in Fig. 8 we observe significant differences
etween scenarios. The multi-unit dwelling charging segment is very
imilar to the uncontrolled single family residential charging and the
cenario in Fig. 7 part (a). This scenario, in Fig. 8 part (c), however,
as the highest peak: the load spikes by more than 7 GW to reach

.725 GW at 11pm. The scenarios in parts (a) and (d) of Fig. 8 with



a

Fig. 6. Validation of the model comparing an average day calculated directly from historical data (left) with a simulated day calculated by the model (right). The top panel shows
n average and simulated weekday; the bottom panel shows an average and simulated weekend day. The weekday and weekend profile are shown with the same 𝑦-axis scale to

illustrate the split between weekday and weekend charging sessions in the data. Since this data set was collected by a charging station provider focused on workplace charging,
the average day (left) includes more workplace charging than any other segment and as a result includes far fewer weekend charging sessions. Here a charging rate of 50 kW is
used for fast charging, Public DCFC, to match the historical data.
Fig. 7. This figure illustrates changing the distribution over behaviors in the sessions model, 𝑃 (𝑠|𝑧, 𝐺). The four scenarios: (a) a base case with residential timers; (b) uncontrolled
residential charging; (c) the previous scenario with more workplace charging behaviors shifted to afternoon start times; and (d) shifting some evening residential charging to the
morning and afternoon to simulate work-from-home charging possibilities, in addition to the afternoon workplace charging change.
more workplace charging present an interesting double peak, though
the peak load in the morning still does not match the timer peak
from residential charging in the evening. The scenario in part (d) of
Fig. 8 with only large battery size drivers adds slight but significant
differences: in addition to higher energy consumption from workplace
charging, there is a higher prevalence of charging in the afternoon.

Each of these scenarios with 8 million drivers was generated within
less than 45 s on a laptop computer with the posted code. On the
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Fig. 8. This figure illustrates changing the distribution over driver clusters, 𝑃 (𝐺). The three scenarios: (a) weekday and (b) weekend profiles for the low home charging access,
igh workplace charging scenario; (c) high home charging access with support for multi-unit dwellings; and (d) augmenting scenario (a) to consider only driver groups with large
attery capacity vehicles.
Fig. 9. This figure illustrates the model’s speed: on the left, the simulation time taken to generate a typical weekday profile for the base case scenario with increasing numbers
of EVs (x-axis shown on a log scale); on the right, the profile generated for 1 billion vehicles.
same computer, we tested how long it would take to simulate a typical
weekday for the base case scenario with more than 8 million drivers.
We observed that the simulation time increased approximately lin-
early with the number of drivers. The log-scale plot shown in Fig. 9
llustrates the result. The model could simulate the base case load
rofile, including all the individual charging sessions, for one billion
rivers in just over 104 min. With one billion drivers, the daytime peak
harging demand reaches 374 GW and the evening peak at 11pm due to
esidential timers reaches 910 GW. A sample of the times are reported
n Table 1.

5. Discussion

The scenarios in Section 4 illustrated the impact of changing as-
sumptions when generating scenarios to plan for the future demand
from charging. The magnitude and timing of the peak, the implica-

tions for charging and grid infrastructure from switching between the
Table 1
The simulation time to generate a typical weekday profile under
the basecase scenario increases approximately linearly with the
number of vehicles from 6 s for one million vehicles to just over
104 min for one billion vehicles.
Number of vehicles Simulation time [s]

1 × 106 5.8
5 × 106 28.3
1 × 107 57.0
5 × 107 286.3
1 × 108 591.6
5 × 108 2966.2
1 × 109 6287.4

segments, and the load shapes and ramping are all affected. As we
plan further into the future, the magnitude of these differences only
increases.
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The results also illustrate the immense flexibility in the charging
oad. That includes traditional notions of flexibility like timers and
utomated control: a spike on the order of 7 GW is significant in a grid
ike California’s where the typical daily peak is on the order of 25 GW.
t also includes longer term notions of flexibility: investments made
oday in making types of charging infrastructure other than residential
ore widely available could reshape the daily load profile by 2030. The

pikes introduced by timers operating at this scale, however, could pose
evere challenges to the grid in terms of both ramping at the generation
evel and damage to equipment at the distribution level. The timer
ehavior occurs in response to electricity rates: future rates considering
he impact of automated control should be designed to better distribute
his demand over multiple start times.

The graphical model design of the framework enabled the ease
f defining these scenarios by separating the charging into distinct
lements: driver groups, segments, and behaviors. The distribution over
ehaviors could be adjusted separately within each driver group, and
ome groups could be adjusted without disturbing others. Representing
ach charging element with a statistical model also enabled scale and
peed: the framework referred only to models of the distributions, not
ndividual travel patterns or histories, so each scenario of 8 million
rivers was generated within less than 45 s on a laptop computer. Sce-
arios with 5 million drivers were generated within approximately 30 s.
he simulation time results shown in Fig. 9 and Table 1 demonstrate
hat the model could be used for much larger simulations. Simulating
harging for larger areas like the entire United States would require
ubstantial scenario design and would likely use different behavior
istributions in different regions, but the total set of sessions and load
rofiles could be simulated using our methodology within well under
n hour.

This flexible framework can be applied to many other datasets
r use-cases and can easily integrate other components. Connections
o other models will yield valuable results, as this framework can
e used as post-processing to identify patterns, behaviors, and driver
ypes within simulated data sets. It could also be coupled with other
odels of driver decision making, for example, to adjust the decision to

harge to include additional options. In the absence of data for certain
lements or driver groups, for example, in locations with very few
V drivers today, modelers could directly adjust the distributions and
stimates to apply this tool, then improve the elements and behavior
odels as more data becomes available.

. Conclusion

We proposed a novel framework based on graphical modeling for
dentifying patterns in the charging patterns of EV drivers and building
stimates for future charging demand. This probabilistic approach is
ell suited to the uncertainty and inherent stochasticity in modeling EV

harging. It is also highly scalable, enabling the generation of scenarios
or 8 million EVs in under 45 s on a standard laptop computer. Scaling
o beyond 2030 and beyond California, the model could simulate
cenarios for 100 million vehicles in 10 min and for 1 billion vehicles
n just over 104 min.

We applied this framework to a large data set of real charging
essions from California. Validation of the model comparing simulation
esults with average days in the historical data found good perfor-
ance on weekdays with root mean squared error equal to 5.72%

f peak demand. Performance on weekends for which the model had
ess training data was slightly lower, with 11.56% error. We used
he model to identify unique driver groups and charging behaviors
nd used those results to generate a set of illustrative scenarios. We
howed that the different driver groups are very distinct: changing
heir distribution has a substantial impact on any load scenario and
hey are critical to representing the heterogeneity of drivers in the
ata. The scenario with high access to home charging and high use
f automated timers in residential charging yielded the highest peak
charging demand of 8.725 GW. By comparison, scenarios without
timer control and with behavioral changes to better spread charging
throughout the day limited peak charging demand to under 4 GW.
This illustrates the substantial impact of assumptions about access to
charging infrastructure, automated control, and driver behaviors on the
final load, highlighting the importance of scenario-based planning.

There are many other scenarios to be run and the set presented here
is not comprehensive. It is instead meant to demonstrate how the model
can be used to consider different assumptions involved in long-term
planning for EVs. The tool can be used to test other scenarios, and the
approach can be directly applied to other data sets and regions in the
world.

Future work will focus on studying trends of the change in driver
groups and charging behavior as well as understanding what factors
influence how particular drivers charge and fall into the model. Another
key challenge is introduced by the number of knobs and variables in
the framework: determining bounds on reasonable adjustments to the
parameters for different case-studies will improve the utility of the
scenarios. Another important problem is improving the accuracy of the
model for critical subsets of days like holidays and for underrepresented
behaviors using additional data sources. Such data would enable the
model to incorporate day of the week, season, holiday, or region to
the clustering hierarchy or build additional submodels. Augmenting
or considering alternative statistical models to GMM could be useful
to capture charging rate fluctuations during sessions and improve the
accuracy of representation. Finally, future work to couple the model
with data on driving patterns could extend the results to support station
planning and represent the spatial aspect of charging demand.

To make this tool most useful to the community we have published
the code to enable other researchers to try new scenarios, adjust as-
sumptions, and interact with the framework themselves [34]. Running
large scale scenarios is critical to planning to support charging at deep
levels of EV penetration; by improving that planning, this tool can help
accelerate the transition to an electrified, decarbonized future.
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Table A.2
The mean log-likelihood score achieved by each probability distribution when applied to the total set of weekday start times, energies, and
durations within each charging segment. The gamma and log normal distribution could not be applied to a small number of cases where there
were many zero values, for example indicating an exact midnight session start time.

Residential L2 MUD L2 Work L2

S E D S E D S E D

Normal −3.42 −3.86 −3.38 −3.02 −4.07 −3.37 −2.6 −3.77 −2.5
GMM 5 −1.38 −3.53 −3.01 −2.88 −3.68 −2.72 −2.45 −3.57 −2.26
Log Normal – −3.58 −3.28 −3.5 −3.71 −2.79 – −3.62 −2.35
Gamma – −3.52 −3.14 −3.24 −3.7 −2.82 – −3.57 −2.3
Gamma 5 – −3.49 −2.2 −2.88 −3.66 −2.65 – −3.55 −2.25
Laplace −3.41 −3.75 −3.2 −3.06 −3.98 −3.17 −2.64 −3.73 −2.44
Beta −2.99 −3.52 −3.14 −2.92 −3.76 −2.81 −2.68 −3.57 −2.3
Prob Table −7.95 −11.76 −9.42 −10.44 −11.08 −10.19 −10.61 −14.67 −10.41

Public L2 Public DCFC

S E D S E D

Normal −2.91 −3.69 −2.83 −3.03 −3.68 −1.51
GMM 5 −2.81 −3.38 −2.3 −2.98 −3.45 −0.49
Log Normal −2.94 −3.41 −2.34 −3.39 −3.52 −0.52
Gamma −2.89 −3.37 −2.33 −3.18 −3.46 −0.64
Gamma 5 −2.8 −3.35 −2.28 −2.98 −3.44 −0.46
Laplace −3.01 −3.58 −2.56 −3.12 −3.6 −0.83
Beta −2.88 −3.37 −2.35 −2.99 −3.46 −0.63
Prob Table −10.9 −13.11 −10.35 −8.7 −8.1 −7.96
Appendix

Table A.2 compares the log-likelihood result for different proba-
bility distributions used to fit the sessions parameters: start time (S),
energy (E), and duration (D). For these tests we pooled the weekday
sessions across all driver groups. The probability table and gamma mix-
ture model were implemented in Python with pomegranate [42], the
Gaussian mixture model was implemented with scikit learn [39], and
the remaining distributions were implemented with scipy.stats [43].

Several distributions show comparable results, and other imple-
entations of the methodology could use different statistical models.
e used Gaussian Mixture Models because they let us model the

tart, energy, and duration together as a multivariate distribution and
ecause they are numerically stable and fast to implement. Critically,
s a mixture model and form of clustering, they added interpretability
nd let us breakdown the distributions into distinct behaviors which
uild in knobs for designing future scenarios.
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