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ARTICLE INFO ABSTRACT

Keywords: The literature extensively discusses the benefits of electric vehicles (EVs) for grid support services. However,
Ancillary services not all EVs are suitable for these services due to variations in service requirements (duration and frequency) and
Clustering EV driver behavior (available energy, parking duration, and battery degradation). This study proposes a three-
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step EV classification approach to assist aggregators in selecting appropriate EVs for specific services. First,
using data from the National Household Travel Survey and a commercial EV database, various EV parameters
are estimated, including available energy for grid support services, the duration of parking at home and at
work, and the battery degradation factor. Second, the K-means clustering method is applied to categorize
EVs based on each parameter, chosen for its superior performance and lower complexity compared to other
clustering methods. Finally, suitability indices are proposed for each service, taking into account the service
requirements and EV parameters of different clusters. Each EV is then ranked to help the aggregators select
the best-suited EVs for each service. The performance of the proposed method is evaluated for two ancillary
services (frequency regulation and ramping) and two operating reserve services (contingency spinning and
supplemental reserves). Simulation results demonstrate that more EVs are suitable for home services due to
longer parking hours, while those with low parking duration are unsuitable for workplace services, despite low
degradation scores. Additionally, the proposed method consistently shows higher poolable energy compared
to the random selection method, with differences reaching 56 kW (10.1%) for 10 EVs, 383 kW (26.8%) for
25 EVs, and 895 kW (31.2%) for 50 EVs.

1. Introduction

The three major services required to provide reliable electricity to
consumers are capacity, energy, and grid support services (ancillary
services and operating reserves) [1]. Integration of renewable energy
resources is considered a green alternative to meet capacity and energy
demands. However, the higher penetration of non-dispatchable genera-
tors (renewables) creates the need for additional operating reserves and
ancillary services to accommodate the uncertainties associated with
these resources [2]. For instance, in 2016, the California Independent
System Operator (CAISO) doubled the regulation capacity requirements
to address uncertainties introduced by renewable resources [3]. This
increase in renewable energy also elevated the role of grid support
services, resulting in higher relative costs for certain services. Con-
sequently, various stakeholders are encouraged and incentivized to
participate in grid support services through demand response pro-
grams [1]. For example, static energy storage systems can provide
ancillary services and be compensated through mechanisms such as the
wholesale energy market, bilateral contracts, or a cost of service [4].
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Meanwhile, the penetration of electric vehicles (EVs) is increasing in
the transportation sector with increasing battery sizes and mileage effi-
ciencies [5]. In addition, most personal vehicles remain parked for 96%
of the time [6]. Another study on the behavior analysis of EV owners
has shown that most EVs are not used for 90% of the day [7]. Increased
battery sizes, mileage efficiency, and extended parking times make EVs
a realistic choice for providing grid support services through vehicle-to-
grid (V2G) and grid-to-vehicle (G2V) technologies. One major concern
for participating in these services is battery degradation. It has been
reported that degradation can be drastically reduced by controlling the
depth-of-discharge (DoD) levels [8]. A fleet of commercially owned
EVs has been tested for providing energy-demanding ancillary services
(15 h each day) for five years [9]. This study found that only one-
third of the degradation was due to cycling. In addition, EV owners can
decide the number of hours they are willing to provide services and can
get compensation (incentives) to cope with battery degradation.

However, the participation of a single EV in providing grid support
services is not possible due to current market rules. In addition, a single
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EV may not have a significant impact while causing management issues
and uncertainty [10]. Therefore, aggregators have been introduced
to manage EVs and interface with grid operators. The introduction
of aggregators enables grid operators to treat them like conventional
grid support service providers [11]. For example, aggregators can
use the same communication infrastructure used for conventional ser-
vice providers, eliminating the need for additional communication
workload [12]. Conversely, participation through aggregators provides
flexibility for EV owners to potentially opt out during unforeseen
events [13]. It has been noted in [14] that the introduction of aggre-
gators can create value by identifying and managing risks (presence of
EVs and available energy) for economies of scale.

Numerous studies have investigated aggregated EVs for grid support
services. For instance, [15] assesses the levelized cost of storage for V2G
services, factoring in energy arbitrage and frequency regulation. [16]
proposes EV scheduling for aggregator participation in reserve markets,
considering market prices, EV availability, and the likelihood of op-
erator calls. Reactive power provision by EV aggregators is explored
in [17], revealing substantial cost savings for microgrids. In [18], a
real-time charging controller is developed for efficient bidirectional
charging of EV fleets in ancillary services. Commercial projects also val-
idate EVs for grid support. In Denmark [19], congestion management,
voltage support, and frequency regulation using current technology
demonstrate technical feasibility with rapid response. Australia’s “Real-
ising Electric Vehicle to Grid Services” project examines EVs’ frequency
regulation and reserve potential. The UK’s “Bus2Grid” project targets
frequency regulation, arbitrage, and load shifting. More project details,
both completed and ongoing, can be found in [20,21].

Similarly, clustering methods find application in various EV-related
studies. For instance, in [22], clustering aids in personalizing marketing
efforts and enhancing energy efficiency by grouping EVs based on
driving patterns. It is also employed to create distinct user profiles for
charging sessions, reducing uncertainty in aggregating EV flexibility
for demand response programs as discussed in [23]. Furthermore, clus-
tering helps in accurately forecasting EV travel behavior patterns for
energy market predictions, as shown in [24]. Additionally, clustering
assists in uncovering distinct patterns and simplifying the analysis
of time series data representing battery charging rates, as described
in [25]. Lastly, it optimizes EV charging schedules by grouping vehicles
based on their battery state and characteristics, factoring in degradation
and efficiency, as demonstrated in [26].

The literature review highlights a notable research gap: while var-
ious studies acknowledge the benefits of utilizing EVs through aggre-
gators for grid support services, none have addressed the fundamental
challenge of selecting appropriate EVs for specific services. This issue
is especially critical due to the diverse service requirements and the
distinct preferences and travel behaviors of EV owners. For instance,
frequency regulation demands frequent, short interventions through-
out the day, lasting seconds to minutes, whereas replacement reserve
services are infrequent but extended, occurring a few times a year for
several hours. Given these varying service demands, not all EVs are
equally suitable for all services. Furthermore, disparities in available
energy across different EVs for these services and variations in battery
degradation, influenced by incentives, further complicate the matter.
Additionally, the parking duration of EVs varies depending on their
location (workplace or home) and individual travel patterns. Address-
ing this gap necessitates a comprehensive suitability analysis, which
is currently missing in the literature, to identify EVs well suited for
specific grid support services. Moreover, despite the proven utility of
clustering analysis in various EV-related applications, it has not been
used to assess suitability of EVs across diverse grid support services.
Consequently, aggregators must adopt a strategic approach to identify
suitable EVs for various services and engage with their owners proac-
tively, rather than relying on random selection. This can streamline
efforts, save time, and provide incentives for EV owners to actively
participate in a range of grid support services.
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To address the highlighted research gaps, this study proposes a
novel approach that uses cluster analysis to classify and identify EVs
suitable for different grid support services. In contrast to the existing
literature [15]-[19] which focuses on assessing the advantages of EVs
for various ancillary services and previous applications of cluster analy-
sis [20]-[27] used mainly for demand forecasting and EV management,
the primary objective of this study is to identify the vehicles most
suitable for various grid support services. To the best of the authors’
knowledge, this study represents the pioneering application of cluster-
ing analysis for the purpose of identifying appropriate EVs for various
grid support services. This is particularly important for aggregators
to: (1) decide whether or not to participate in different grid support
services by comparing the available incentives and potential EV fleet
sizes, (2) estimate the poolable energy for contracting with the grid
operator, and (3) determine the most suitable grid support service for
a specific locality.

This study employs a structured three-step approach to investigate
the classification and suitability of EVs for grid support services. Ini-
tially, essential parameters relevant to EV clustering for grid support
services, including available energy, parking duration at both home and
workplace, and a battery degradation factor, are estimated using data
from the National Household Travel Survey (NHTS) and information
on commercially available EVs. Subsequently, K-means clustering anal-
ysis is applied to group EVs based on these parameters. Furthermore,
a suitability index is introduced for each of the four grid services
under consideration: frequency regulation, contingency spinning re-
serve, ramping/voltage following, and replacement/supplemental re-
serve. This suitability index takes into account service-specific require-
ments, such as event frequency and duration, along with EV-specific
characteristics. To assist aggregators in identifying the most suitable
EVs for each service, a ranking is performed, considering all pertinent
parameters for that specific service. This ranking assesses the suitability
or unsuitability of each EV for the given service, streamlining the se-
lection process for aggregators. The findings provide valuable insights,
enabling aggregators to identify suitable EV owners for various grid
services and estimate the poolable energy potential for different service
applications, ultimately optimizing the integration of EVs into grid
support initiatives.

This paper comprises seven sections. It starts with the introduction,
followed by Section 2, which describes EVs and grid support services,
discussing their service requirements. Section 3 estimates the three key
EV parameters using NHTS and commercial EV data. Section 4 details
the proposed classification method and suitability indices. Section 5
analyzes different clustering methods’ performance. Section 6 compares
the proposed method with random selection and conducts sensitivity
analysis for various EV fleet sizes. Lastly, Section 7 concludes the study
and outlines future research directions.

2. EVs and grid support services

EVs can be utilized to provide various grid support services, en-
compassing both operating reserves and ancillary services [28]. In this
section, we begin by examining the specific requirements for various
ancillary services and the relevant EV parameters. Following that, we
present an illustrative example to provide an overview of the process
for selecting EVs for different grid support services.

2.1. Service requirements and EV parameters

To assess the suitability of an EV for a specific service, both the
service requirements and the EV parameters must be analyzed. The
different EV parameters and service requirements for the four selected
services are determined and presented in Table 1. The four services
consist of two ancillary services (frequency response and ramping) and
two operating reserve services (contingency spinning and replacement).
The table lists the service requirements such as supply duration (time)
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Table 1
Service requirements and EV parameters for different ancillary services.
Category Parameter Frequency response Contingency spinning Ramping Replacement
Available energy Any Any M-VH M-VH
EV Parking duration Any M-H M-H M-H
Degradation factor L L-M L L-M
Service Time Up to few minutes Upto2h Few hours Several hours
Frequency Several times (>10) a day Few times a month/year Few times a day Few times a year

and frequency for each service. Similarly, EV parameters such as avail-
able energy (excess energy for grid support services), parking duration,
and battery degradation factor against set incentives required for each
service are also included. EVs are classified as low (L), medium (M),
high (H), and very high (VH) for each parameter. It can be observed
that the degradation factor of EV owners to participate in ancillary
services (frequency response and ramping) needs to be low due to
the frequent occurrence of these services. Similarly, for ramping and
replacement services, the available energy needs to be medium to very
high (not low) due to the requirement of a longer service duration
(time) for these services.

2.2. Desirable EV traits for different services

EVs can be selected for different services based on their parameters,
as discussed in the previous section (available energy, parking duration,
and degradation factor). The selection of an EV for a specific service
depends on the service requirements, such as time and frequency. An
overview of the suitable characteristics of EVs for different services is
illustrated in Fig. 1. For instance, if a particular service requires an
extended duration but is infrequently triggered, EVs with high parking
duration, very high available energy, and low-medium degradation
factor would be suitable (service type 1 in Fig. 1). On the other hand,
if a service is frequently triggered but has a short duration, EVs with
low degradation factor (regardless of available energy and parking
duration) would be suitable (service type 3 in Fig. 1). The letter 'X’ in
the figure denotes any value such as L, M, H, or VH. Further details
of this process are described in the following section. The mapping
between the requirements for the four ancillary service characteristics
and the traits of different EVs can be summarized as follows:

» Frequency Response: EVs with a lower degradation factor are suit-
able, as this service is frequently triggered (in both bidirections)
and DoD could be lower. Parking duration and available energy
could be of any level as the service duration is very short.
Ramping: Requires medium to very high available energy to
sustain longer service durations. EVs with low to medium degra-
dation factors are preferred, as frequent ramping may impact
battery health.

Contingency Spinning: EVs with a longer parking duration are
suitable due to longer service duration requirements. In addition,
EVs with medium to high parking duration and low to medium
degradation factors are more suitable.

Replacement: EVs with a long parking duration and medium to
very high available energy are suitable, due to the requirement of
energy over an extended period. The battery degradation factor
can be medium to low.

3. Estimation of EV clustering parameters

The EV clustering parameters considered in this study include bat-
tery degradation, available energy, and parking durations. These pa-
rameters are closely interconnected. Battery degradation directly im-
pacts the amount of available energy, as a deteriorated battery gener-
ally provides less usable energy. Additionally, longer parking durations
can contribute to increased battery degradation if the vehicle is not
frequently charged. Conversely, extended parking times can offer more
opportunities for charging, potentially enhancing the available en-
ergy. Understanding these relationships is essential for effective EV
classification and optimal selection for grid support services.

3.1. Traveling behavior

To classify EVs for different grid services, it is necessary to analyze
the travel behavior of vehicle owners. Extracting the travel behav-
ior of EV owners requires data related to drivers and EVs. Since a
comprehensive dataset specifically for EV drivers is not available, the
US NHTS dataset [29] is used, and various parameters are estimated.
These parameters include arrival and departure times at home and
workplace, daily mileages, trip durations, and more. Fig. 2 provides
an overview of the process for extracting travel behavior, while more
detailed information can be found in [27].

As depicted in the figure, the raw data (obtained from NHTS) is
initially preprocessed to eliminate any erroneous entries. Subsequently,
each vehicle is tracked throughout the day to capture the number of
trips and the distance traveled for each trip. This data is then used to
calculate the daily mileage of the vehicles. The analysis reveals that
most vehicles travel less than 100 km per day. This information serves
as the basis for computing the EV parameters, which will be discussed
in the subsequent sections.

3.2. Computation of EV parameters

The three parameters used for classifying EVs are available energy,
parking duration, and battery degradation factor. Since the parking
duration and available energy can vary between the home and work-
place, a total of five parameters will be computed for each EV (EV,),
as shown in Eq. (1). These parameters include the parking duration
at home (7;™), the parking duration at the workplace (T'"%), the
degradation factor (F,), the available energy at home (EH*), and the
available energy at the workplace (EZ,V“).

EV, = [T, 7)™ F, Ef EM] woev M

v

In addition to driver behavior data, EV-related data is also necessary
to extract the aforementioned parameters. This EV data includes the
usable battery size (kWh) and mileage efficiency (Wh/km). Information
regarding commercially available EVs (as of August 2024) is obtained
from [30], and the distribution of battery sizes and mileage efficiencies
is illustrated in Fig. 3. It can be observed that a majority of EVs have a
usable battery size ranging from 50 to 90 kWh and a mileage efficiency
ranging from 170 to 210 Wh/km. This information, along with the daily
mileage data, is used to calculate the daily energy consumption of EVs,
which will be discussed in subsequent sections.

3.2.1. Parking duration

The trip origin and destination information from the NHTS data
is used to determine the arrival and departure times for home and
workplace. An overview of the probability densities for the daily arrival
and departure times is presented in Fig. 4. Most vehicles leave home
at approximately 8 am and arrive at the workplace at around 9 am.
Similarly, most vehicles depart from the workplace at approximately 6
pm and arrive home around 7 pm. These findings align with the typical
daily commute patterns of workers.

The daily arrival rate information (R*) is used to determine the
number of vehicles arriving at home/workplace (N/"") during different
hours of the day. This can be calculated using the following equation:

N =round(R"") x V xa VteT, (2)
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where V is the total number of vehicles in the fleet, and « is a constant
used to ensure that the sum of vehicles arriving during each interval
of the day is equal to the fleet size. Similarly, the daily departure
rate information (Rfep) is used to determine the number of vehicles
departing from home/workplace (Nfl P) during different hours of the
day:

N = round(R™")x V' xp VieT, 3

where f is a constant used to ensure that the sum of vehicles departing
during each interval of the day is equal to the fleet size. It should
be noted that arrival and departure rates of the home will be used
for home-based parking stations, and workplace rates will be used for
work-based parking stations.

The daily arrival and departure times are extracted for each vehicle,
and this information is used to calculate the parking duration. For
example, the home parking duration for a vehicle v (T,,de) can be
calculated using the arrival time @) and the departure time (rﬂep) of
that vehicle

T =24 — (" — £8Py YoeV. 4)

Similarly, the same information for the workplace can be used to
calculate the duration of parking at the workplace (TUW pdy

TP = (P — ) eV, 5)

An overview of the parking duration of vehicles based on the NHTS
data is shown in Fig. 5. It can be seen that the parking duration of
vehicles at home is significantly longer compared to the workplace,
with only a small number of vehicles parked for less than 12 h. On
the other hand, most of the vehicles at work are parked for less than
12 h. These findings are consistent with the daily commuting behavior
of vehicles.
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3.2.2. Available energy
The driver behavior parameters extracted from the NHTS dataset
and EV parameters extracted from the EV database are used to calculate
daily energy consumption. The daily energy consumption of an EV (E,)
is determined by the distance traveled by the EV (D,) and the energy
efficiency of the EV (E{fkm).
pkm

E, = (1.60934 X D,) X =2
b= * D)% 1000

It should be noted that daily mileage (D,) is measured in miles,
while mileage efficiency is expressed in Wh/km. The distribution of
the energy consumed daily by EVs is depicted in Fig. 6. Daily energy
consumption follows a lognormal distribution, with the majority of EVs
consuming less than 20 kWh per day.

This information on energy consumption can then be used to calcu-
late the energy available in vth EV (E}) as

Yoev. (6)

ES=E™ — E,— SoC™ x B,* WveV, )

where EJ is the amount of energy available in the EV at the time of
arrival, SoCM™ is the lower bound of the battery state of charge (SoC),
and B, is the energy capacity of the battery. The available energy
refers to the excess energy that is available for grid support services
after fulfilling the daily traveling needs of the owner. It is important
to note that SoC;“i“ can be defined by the EV owners based on their
preferences, taking into consideration the minimum level of discharge
they are willing to allow. This can be done to avoid deep discharging,
cater to driving needs beyond daily commutes, or a combination of
both.

Based on the data used in this study, the distribution of the daily
available energy of EVs is shown in Fig. 6. It can be observed that, on
average, approximately 50 kWh of energy are available per EV for grid
support services. This finding aligns with the daily mileage data (under
100 km), the average battery size (70 kWh), and the average mileage
efficiency (180 Wh/km) of EVs.

3.2.3. Battery degradation factor

A major factor hindering the participation of EV owners in such
services is battery degradation, which can be compensated for by
incentives offered for a particular service. A comprehensive analysis of
the factors influencing the participation of EV owners in V2G services
is conducted in [31], where battery degradation and incentives are
identified as the two main factors. Similarly, calendric aging is reported
to be a large part of total aging [32]. The authors have also found
that by keeping the battery at a lower SOC during parking and limiting
the time at high SOC, the contribution from calendric aging could be
substantially reduced.

In this study, the Shepherd model [33] is used to estimate battery
degradation, considering the depth of discharge at cycle n (DoD,),
battery chemistry design parameters k and m, temperature (7,), and
the temperature coefficient of the battery (a). It can be modeled as:

k-DoD,\"
BzaP:B(C)ap_<l_Tn> _eaT,,’ (8)
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where B," is the capacity of the battery at cycle n and B;" is the initial
battery capacity. A degradation factor (F9¢8) is formulated based on the
Shepherd model, considering an incentive factor Finc

m
geg _1_(y_Kk-DoD\" .7 (_10
F 1 (1 0 e Tine ) ©

The range of the factor is between 1 and 10, where higher values
refer to higher degradation factor and vice versa. The incentive factor
is the ratio of the expected degradation cost without incentives to the
cost of replacement or maintenance. The range of this factor is also set
to be in the range of [1,10].

4. Clustering of EVs for different services
4.1. Clustering methods

Clustering analysis is an unsupervised learning technique used to
assign data to different groups or clusters. Partitional clustering is a
commonly employed approach where data is grouped into clusters
without any hierarchical structure [34]. Examples of partitional cluster-
ing methods include K-means, K-medoids, K-modes, Gaussian Mixture
Models (GMM), and Density-Based Spatial Clustering of Applications
with Noise (DBSCAN). In this study, the performance of K-means, GMM,
and DBSCAN is analyzed for the EV clustering problem, and the most
suitable method is selected. K-means clustering operates by partitioning
an n-dimensional dataset into k clusters, aiming to minimize the sum
of squared distances within each cluster [35]. It iteratively assigns
data points to the nearest cluster center and updates the centers based
on the mean of assigned points. The GMM is a probabilistic model
that estimates overlapping clusters by assigning data points to clusters
based on posterior probabilities using the Expectation-Maximization
(EM) technique [36]. Unlike K-means, which rigidly assigns points,
GMM allows for partial membership in multiple clusters. The DBSCAN
algorithm is a density-based clustering method that identifies arbitrar-
ily shaped clusters by examining point density, distinguishing noise
from actual clusters [37]. It requires that each point in a cluster has
a minimum number of points within a specified radius, with density
surpassing a set threshold. An overview of the three chosen methods is
presented in Table 2.

The Silhouette score [38] is a widely used measure to assess the
quality of different clustering methods. It quantifies the similarity of
an object to its own cluster compared to other clusters. The Silhouette
score of element i (s;) can be calculated as follows:

1-2—;, if a; <b,
if a;,=b, (10)
- if a;>b,

a;
where q; is the average distance between element i and all other data
within the same cluster and b; is the lowest average distance of i to all
points in other clusters. The range of the Silhouette score is between
—1 and 1, where values close to 1 refer to distinct clusters, and values
close to —1 refer to the wrong assignment of clusters.

“1<s <1 an

4.2. Classification of EVs

EVs can be clustered into different groups according to each param-
eter: available energy, parking duration, and degradation factor. For
instance, clustering based on available energy can be categorized as low
(L), medium (M), high (H) and very high (VH). The optimal number of
clusters for each parameter is determined using the elbow method [39],
which is discussed in detail in Section 5. Similarly, degradation-based
clustering can be identified as L, M, and H. These parameters are then
used to formulate indices for analyzing the suitability of EVs for each of
the four services: frequency regulation, contingency spinning, ramping,
and replacement.
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Table 2
Comparison of selected clustering methods.
Method Pros Cons
K-means The most widely used method, generating a flatter grouping No universal method for determining initial partitions or cluster
structure than hierarchical methods. numbers; sensitive to noise and outliers.
GMM Best suited for datasets with overlapping clusters. Performs poorly with clusters of unequal sizes/densities;
sensitive to noise and outliers.
DBSCAN Ideal for large datasets with noise; capable of identifying Unable to detect clusters in sparse datasets.

clusters of varying sizes and shapes.

In this study, the initial step involves determining the suitability of
EVs for various services using an index named suitability index. It is
employed to identify the EVs that are well-suited for each service by
taking into account all the pertinent service-specific parameters. For
example, the suitability index for frequency regulation (SIZ"eq) is given
by:

SI™ =[(F,e L) YveV, 12)

where I(F, € L) is an indicator function that returns a value of 1 if F, is
in the low degradation group (L) and 0 otherwise. This implies that all
EVs with low battery degradation factor are considered suitable for the
frequency response service. This is because frequency response requires
bidirectional power shifts and is frequently called upon. It should be
noted that other parameters such as available energy and parking
duration are not considered in this case, as frequency regulation is
required for a very short duration.

Similarly, the suitability index for the contingency spinning reserve
(SIZ""‘) can be calculated as follows:

SIconl — ]I(Fu ¢ H)s if home, (13)
‘ I(F, ¢ H)AI(T?™ ¢ L)  if workplace,

where I(F, ¢ H) and (TP ¢ L) are indicator functions. It is
important to note that, in this index, different criteria are considered for
home and workplace. This is because the contingency spinning reserve
service is required for a longer duration, and some EVs parked at the
workplace have very short parking durations, making them unsuitable
for participating in this service. Therefore, the condition T/ ¢ L is
used to exclude those EVs from consideration. For home, all EVs with
a low or medium level of degradation factor are considered suitable
(F, ¢ H). However, for the workplace, only EVs with a low or medium
degradation factor and a non-low parking duration are considered
suitable. The suitability index for ramping (SI;'™") can be calculated
as follows:

{]I(Fv e L)AI(E, ¢ L), if home,

Srramp —
I(F, € L)ANI(E, & L) A\I(T™ ¢ L) if workplace,

U
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where I(F, € L), I(E, ¢ L), and (T} ¢ L) are indicator functions.
It should be noted that, similar to the previous index, an additional
indicator is used for workplace EVs to exclude vehicles with very short
parking durations.

Lastly, the suitability index for the replacement reserve (SIZ"I’I) can
be calculated as follows:

SIrepl - H(Fu & H) A H(EU ¢ L)»
‘ I(F, ¢ H)AI(E, ¢ L) AI(TP™ ¢ L) if workplace,

if home, as)

where I(F, ¢ H), (E, ¢ L), and I(T?" ¢ L) are indicator func-
tions. Similarly, an additional term is introduced for the workplace,
considering the same rationale.

These indices can be used to determine the number of EVs suitable
for a specific service from a fleet size of V' vehicles. The step-by-step
process for determining the number of EVs is outlined in Algorithm L.

After identifying suitable EVs for different services, they are ranked
to help aggregators choose the most suitable EVs for the desired service.
This becomes particularly important when the number of EVs deemed
suitable for any given service exceeds the required number. Aggregators
can select EVs, starting with the most suitable one (highest ranked). The

Algorithm 1: Clustering of EVs for different services.

: Initialize the total number of EVs in the fleet (v=V)
: Assign clustering parameters to each EV using (1)
: Initialize arrays for all services (Vired, yeont yramp yrepl)
while v >0 do
Compute the four indices for EV v using (11)-(14)
if SI/" =1 then
‘ Append v EV to VIred array
end
if ST =1 then
‘ Append v EV to Vent array
end
if S1,""" =1 then
‘ Append v EV to V'™ array
end
if SI”" =1 then
‘ Append v EV to V™! array
end
v=v-1

e ® N e @A w N

e
® N o d H w22

end
: Display EVs suitable for each service (VIred, yeont yramp yrepl)

o=
e

suitability rank (SR’;) of the vth EV for service k is modeled as:

J
SR’;:}XZSI’L‘,XP;,U VeV, kek, 16)
=1

where k € [freq, cont,ramp, repl] and j represents the parameter con-
sidered for service k. For instance, in the case of frequency regulation,
only the degradation factor is considered. On the other hand, for re-
placement reserve in the workplace, all three parameters (degradation
factor, available energy, and parking duration) are considered. There-
fore, the value of J for frequency regulation is 1, and for replacement
reserve, it is 3. The normalized value of parameter j for vehicle v (f’u‘ )
is determined using

P _ p,
By=1-—L— " wev,jelJ, 17)
' pmax _ pmin
J J

where P™* and P™M" respectively represent the maximum and min-
imum values of the jth parameter (Pjyu). Similarly, EVs deemed un-
suitable for service k are also ranked. This facilitates the EV selection
process when the number of suitable EVs is insufficient for a particular
service. A negative rank is assigned to unsuitable EVs, in contrast to the
positive rank assigned to suitable EVs. Lower rank values correspond to
lower suitability, and this can be modeled as:
J

SR‘;:}XZ(I—SIZ)X(PLU—I) VoeV.keK. (18)

j=1
5. Numerical simulations

In this section, the performance of various clustering methods is
analyzed for the EV clustering problem. The methods are implemented
in Python using the scikit — learn library, with Yellowbrick employed
for visualizing elbow curves. The hyperparameters for each clustering
method are selected based on specific approaches. For K-Means, the
number of clusters is determined using the elbow method. In GMM,
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Table 3
Hyperparameters of different clustering methods.
Method Parameter Value
K-Means Optimal Clusters 3
Random State 42
GMM Seed 0
Components 3
DBSCAN Episodes 1
Min Samples 2
Neighbors 3

the seed is set to zero for consistent initialization, and the number
of components is selected using the Akaike Information Criterion. For
DBSCAN, the number of episodes, Min Samples, and the number of
neighbors (¢) are determined using k-distance graphs to select an
optimal density threshold. An overview of different hyperparameters
used for each method is presented in Table 3.

The suitability of different methods is evaluated using the Silhouette
score, and the most appropriate method is selected. Subsequently, a
suitability analysis is conducted for an EV fleet consisting of 25 EVs.
Furthermore, a sensitivity analysis is performed with different fleet
sizes in the following section.

5.1. Input data

The daily travel behavior of vehicle owners is obtained from the
NHTS data, as discussed in Section 2. Similarly, EV data is sourced from
the EV database [30], which includes commercially available EVs up to
the present time. For the sake of visualization, an EV fleet size of 25
is analyzed in this study. The clustering parameters for these 25 EVs,
including parking duration (PD), degradation factor (DF), and available
energy (AE), are presented in Table 4. The selection of EVs aims to
include both lower-capacity and higher-capacity EVs within the fleet.
The battery parameters for degradation index are generated for Li-ion
batteries considering different depth of discharge levels. The values are
rounded to the nearest integer number.

5.2. Comparison of clustering methods

In this section, the performance of three methods(K-means, GMM,
and DBSCAN) for the EV clustering problem is analyzed. For this
analysis, we consider an EV fleet size of 500, which is the maximum
fleet size in this study. The Silhouette score is calculated for each
method, and the density distributions of the scores are depicted in
Fig. 7. For simplicity, the figure shows the EV parameters (parking
duration, degradation factor, and available energy) for home-based
parking stations, but a similar trend was observed for workplace-based
parking stations. For the available energy, the density value for GMM
is 0.78, while it is 1.98 for both K-Means and DBSCAN. For the parking
duration, the density value for GMM is 2.85, compared to 3.97 for
the other two methods. A higher density value in this context suggests
better-defined clusters, indicating that the data points are more closely
grouped within each cluster. From the figure, we observe that GMM
performs relatively poorly compared to the other two methods in both
the parking duration and available energy cases (lower density values).
However, all methods exhibit similar performance in the Degradation
Factor case. Based on this analysis, we can conclude that K-means and
DBSCAN have comparable performance for the EV clustering problem.
However, DBSCAN has higher complexity compared to K-means, and
K-means is commonly used in various disciplines. Therefore, we choose
to use K-means in this study, and only K-means will be discussed in the
remaining sections of the paper.

5.3. Service suitability analysis

In this section, first, the optimal number of clusters for all three
EV parameters is determined for the K-means using the elbow method.
Then, the proposed suitability indices are used to determine the EVs
suitable for each service type.

5.3.1. EV clustering

The optimal number of clusters is determined for each parameter
using the elbow method, as illustrated in Fig. 8. The figure indicates
that the optimal number of clusters for available energy, degradation
factor, and parking duration is 4, 3, and 3, respectively. These optimal
cluster values are then utilized by the K-means method to allocate the
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Table 4
Clustering parameters of EV fleet.
EV ID PD (home) PD (Work) DF AE (home) AE (work)
1 5 11 4 28.98 29.01
2 13 8 5 14.91 14.95
3 23 12 2 34.16 34.50
4 21 9 10 38.28 38.95
5 14 9 4 38.81 39.32
6 19 8 3 38.69 39.23
7 22 9 1 38.53 39.12
8 21 2 3 37.91 38.69
9 9 6 1 36.18 37.48
10 23 8 6 45.63 46.52
11 12 13 8 48.19 49.26
12 16 9 7 48.95 50.47
13 19 7 1 46.89 49.03
14 15 1 1 53.96 55.73
15 18 8 8 52.65 55.21
16 16 2 10 54.39 56.51
17 16 6 6 54.49 57.04
18 18 5 2 55.19 57.80
19 17 5 9 59.15 62.09
20 21 3 4 63.35 66.62
21 22 5 3 63.39 67.32
22 22 3 8 68.54 72.28
23 23 8 1 69.38 73.95
24 21 3 1 79.16 84.03
25 21 1 7 91.38 97.18
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Fig. 9. Clustering of EVs based on different EV parameters.

EVs into their respective clusters. In this section, we employ an EV fleet
size of 25 EVs for visualization purposes.

An overview of the EVs in each cluster is presented in Fig. 9. The
figure displays the parking duration and available energy results for
the home, while the workplace exhibits a similar distribution with
the same number of clusters. Each color represents a different cluster,
where Cluster 1, 2, 3, and 4 correspond to the categories L, M, H,
and VH for each parameter. It can be observed that even in Cluster
1 (L), the parking duration of EVs is above 5 h. This is because the
data selected is specifically for the home parameter. Similarly, only a
few EVs possess an available energy capacity exceeding 80kWh. Lastly,
a uniform distribution of degradation factor can be observed within
each cluster, resulting from the random generation of battery depth of
discharge level.

5.3.2. EV selection

The suitability of EVs for various grid support services is deter-
mined based on the suitability indices developed for each service in
Section 4.2. Fig. 10 provides an overview of the suitability indices
for the EV fleet, as presented in Table 4. Similarly, Fig. 11 shows
the suitability rank of EVs where positive values refer to the rank of
suitable EVs and negative values refer to those of unsuitable EVs. It can
be observed that the majority of EVs are suitable for the contingency
reserve service (except for EVs with higher degradation factor), as it is
called less frequently. The unsuitability of EVs 4, 11, 12, 15, 16, 19, 22,
and 25 for home use can be verified from Table 2 and the degradation

factor plot in Fig. 9. It should be noted that the EV IDs in Fig. 9 start
from 0, so the corresponding IDs in Table 2, Fig. 10, and Fig. 11 will be
one less. Additionally, EVs 8, 14, 18, 20, 21, and 24 are also unsuitable
for the contingency reserve service at the workplace due to their lower
parking duration, as indicated in Table 2.

It can be observed from Fig. 11 that among the EVs considered
suitable for different services, both at home and at the workplace, EV
23 ranks highest because it has the lowest degradation factor (one) and
the highest available energy (approximately 70 kWh). It is worth noting
that EV 24 shares similar parameters, but it is deemed unsuitable for
most workplace services due to its shorter parking duration (3 h). On
the other hand, EV 4 is considered the least suitable choice for all home
services because it has the highest degradation factor (ten) and very low
available energy (about 39 kWh). Similarly, EV 16 is deemed the least
suitable for all workplace services due to its high degradation factor
(ten) and very short parking duration (2 h).

It is evident that more EVs are suitable for different services at
home compared to the workplace. This is due to the inclusion of
an additional indicator function to exclude EVs with shorter parking
hours. EVs 13 and 23 are considered suitable for all services at both
the home and workplace. This is because both EVs have the lowest
degradation factor score (1), medium-high parking hours, and medium-
high available energy. However, EVs 14 and 24 are deemed unsuitable
for most services at the workplace due to their low parking duration,
although they have the lowest degradation factor score.



A. Hussain et al.

Home

g 0 oo o off oo o ofifo o oo o0 ol o
C0nt1gency ... .l...l 0 0.. 0 ().l 0 ll .. 0
ety 4 0 0000000000 0FIfoooffooooiflo

e g0 0000000 oo ofiflo ollollollo

— [ag] v e~ N — rﬁ lﬁ >~ [*)) —
— - (o] N N
Workplace

jeenod 0 0o o o ofo o oo o oo oo o il o
Contigency [1[1] T8 11 1] 1]1 K 1 PRORY | ERCRORORY) | OX
vt 0 00000000000 ooooooooofffoo
e 000000000 oofooofooooooo

— N N o~ N —= N wn >~ & — o0 N
—_ = e e o= N N

EVID

Fig. 10. Suitability of EVs for different grid services.

Home
Frequency ] (1)5
Contigency 0'
Ramping 0
Replacement ’
~maw o - nanagg g
Workplace
Frequency !
Contigency 05
Ramping g
Replacement S8
R N = o <
EVID

Fig. 11. Rank of EVs for different grid services.

g 600 HW 600 G\wg'rk\pl;,.ﬁce/O
%300*@'*'@ 300%%1%
E2i 2. [Fese
zg?@o, Qc:x\‘é ‘g‘z\%i\::ﬁ 60 Q@@"é\:;& ‘\;1:2:;;6 >

Fig. 12. Comparison of poolable energy for 10 EVs.

6. Discussion and analysis
6.1. Comparison with random selection method

To assess the performance of the proposed method, we consider
three different EV fleet sizes: 10, 25, and 50. For each fleet size, we
generate 1000 scenarios using the random selection method and record
the poolable energy for each service. The results for the 10 EVs, 25 EVs,
and 50 EVs are presented in Figs. 12, 13, and 14, respectively. In these
figures, the solid line with circular markers represents the poolable
energy obtained using the proposed method, while the bar plots display
the poolable energy for all 1000 scenarios for each service.

It is evident from the figures that the proposed method consistently
yields higher poolable energy for all services and fleet sizes compared
to the random selection method. This improvement is attributed to the
identification of suitable EVs for specific services prior to contacting
or contracting. Furthermore, as the size of the EV fleet increases,
the difference between the proposed method and the random method
becomes more pronounced. For instance, in the case of contingency
reserve service for the home, the minimum difference between the
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proposed method and the random selection method was 56 kW (10.1%)
for 10 EVs. However, this difference increased to 383 kW (26.8%) for
25 EVs and further to 895 kW (31.2%) for 50 EVs.

Furthermore, the figures illustrate that the poolable energy for
different services in the workplace is generally lower compared to
home, even for the same EV fleet size. This is mainly due to the
large number of EVs in the workplace that are not suitable for various
services, primarily due to their very short parking durations.

6.2. EV fleet size and poolable energy

In this section, the size of the EV fleet is varied from 25 to 500,
and five different cases are simulated. For each case, the percentage of
EVs, relative to the corresponding fleet size, that is suitable for each
service is determined. Fig. 15 provides an overview of the EVs that are
suitable for different services at both home and workplace. It is notable
that the percentage of EVs deemed suitable for each service remains
relatively consistent across different fleet sizes, particularly for larger
fleet sizes. For instance, approximately 30% of the EVs are suitable for
frequency regulation, while around 70% are suitable for contingency
spinning reserves. This consistency can be attributed to the random
generation of battery depth of discharge factors for EVs.

Similarly, the amount of poolable energy for different services under
varying EV fleet sizes is computed and presented in Fig. 16. It is evident
that the amount of poolable energy increases with an expansion in the
fleet size, which aligns with expectations. However, this increase is not
linear. The random selection of EVs for each fleet introduces variability
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in battery capacity and available energy, contributing to this non-linear
relationship.

The analysis reveals that the contingency spinning reserve consis-
tently yields the highest amount of poolable energy across all cases.
This can be attributed to the service’s infrequent activation, allowing
participation from all EVs except those with a higher battery degrada-
tion factor. On the other hand, the ramping service demonstrates the
lowest poolable energy. This is due to the service’s higher frequency
and longer duration compared to frequency regulation. Consequently,
only EVs with a lower degradation factor, longer parking duration, and
higher available energy are deemed suitable for ramping.

This analysis offers valuable insights to aggregators in two aspects:
first, it aids in determining the optimal number of EVs required to
achieve a specific level of poolable energy; and second, it assists in
identifying the most financially rewarding services to offer, taking into
account incentives provided by grid operators.

6.3. Real world application with data limitations

In real-world conditions, applying EV classification for grid sup-
port services involves addressing the inherent variability in EV data.
Each vehicle has a unique history shaped by factors such as driver
habits, battery health, and operating temperatures, which can impact
its available energy, battery degradation, and parking durations. To
effectively implement this classification approach, aggregators need to
integrate real-time data with predictive modeling. By grouping EVs
based on parameters like available energy and parking duration, they
can optimize the selection of vehicles for specific grid services, such as
frequency regulation or contingency reserves.

However, when the available data only includes parking times and
lacks detailed vehicle identification, the approach must adapt. In such
cases, a simplified model focusing on parking duration and average en-
ergy consumption can be employed. Predictive algorithms can estimate
battery health and available energy by analyzing historical trends and
typical usage patterns, compensating for the absence of detailed data.

To ensure the successful implementation of this strategy, it is essen-
tial to incorporate a flexible framework capable of integrating various
data sources. Collaborations with EV manufacturers and charging in-
frastructure providers can enhance data access, improving the accuracy
of classifications. Additionally, leveraging machine learning models can
help continuously refine classifications based on real-time data, making
the EV selection process for grid support services more robust. Despite
challenges due to data limitations, the proposed classification method
offers a structured approach that can adapt to different data availability
and conditions, ensuring effective optimization of EVs for grid services.

7. Conclusion

This study proposes a classification method to assist aggregators
in selecting electric vehicles for different grid support services, con-
sidering service requirements and electric vehicle parameters. The
performance of various clustering methods for the electric vehicle
clustering problem is analyzed, and K-means is found to outperform

10

Energy 320 (2025) 134970

other methods in terms of average Silhouette score and computational
complexity. The simulation results indicate that a larger number of
electric vehicles are suitable for services at home compared to the
workplace, given the same fleet size. This is primarily due to the shorter
parking duration of some vehicles at the workplace, rendering them
unsuitable for services that require longer parking hours. Consequently,
a higher amount of poolable energy is available at home compared to
the workplace, with the same fleet size. The simulations also reveal
that the contingency spinning service achieves the highest amount
of poolable energy for both home and workplace, surpassing other
services with the same fleet size. This can be attributed to the lower
frequency of service activation and shorter duration per event, allow-
ing most vehicles to participate. Furthermore, the proposed method
demonstrates increasingly better performance with an expanding fleet
size when compared to the random selection method.

Future studies should focus on real-world tests to validate the
proposed method’s applicability, considering the variability in EV data
such as battery health and usage patterns. Alternative methods for
estimating battery degradation, factoring in different incentives, would
deepen understanding of EV owner behavior and its impact on grid
services. In cases with limited data, simplified models using park-
ing duration and average energy consumption, along with predictive
algorithms, could compensate for missing information. A flexible frame-
work integrating diverse data sources, supported by collaborations
with EV manufacturers and charging providers, will enhance classi-
fication accuracy. Additionally, machine learning can refine vehicle
selection for grid services, ensuring effective EV optimization despite
data limitations.
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