
Academic Editor: Emilio Larrodé

Received: 27 April 2026

Revised: 24 June 2026

Accepted: 25 June 2026

Published: 7 July 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Data-Driven Clustering and Energy Characterization of Plug-In
Hybrid Electric Vehicle Usage Patterns: A Gaussian
Mixture-Based Framework
A. S. M. Bakibillah 1,* , Md Abdus Samad Kamal 2 and Jun-ichi Imura 1

1 Department of Systems and Control Engineering, Institute of Science Tokyo, Tokyo 152-8552, Japan;
imura@sc.e.titech.ac.jp

2 Graduate School of Science and Technology, Gunma University, Kiryu 376-8515, Japan;
maskamal@gunma-u.ac.jp

* Correspondence: bakibillah.a.aa@m.titech.ac.jp

Abstract

While plug-in hybrid electric vehicles (PHEVs) can significantly reduce fuel consumption
and emissions, their real-world benefits strongly depend on heterogeneous driver usage
patterns. Understanding these usage patterns is therefore essential for optimizing energy
management and electrification policies. This study presents a data-driven framework for
identifying and characterizing PHEV driving behavior using two primary indicators: the
Utility Factor (UF), which quantifies the proportion of electric-mode driving, and the annual
vehicle kilometers traveled (VKT), which measures driving intensity. A Gaussian Mixture
Model (GMM) is employed in a transformed feature space characterized by the logit of UF
and the logarithm of VKT to capture nonlinear relationships and diverse usage patterns.
The Bayesian Information Criterion (BIC) is used to find the optimal number of behavioral
clusters. To assess the robustness of the clustering, we perform a bootstrap stability analysis
and compare it with k-means and a density-based clustering method (DBSCAN). Based on
an analysis of real-world PHEVs, three distinct usage patterns are identified. The dominant
cluster (96.6%) exhibits moderate electric usage (UF = 0.38) with an annual mileage of
18,617 km and fuel consumption of 3.89 L/100 km, whilst two smaller clusters represent
near-full electric operation (2.3%, UF about 1.0, negligible fuel) and low-mileage users (1.1%,
approximately 2444 km/year). The clustering demonstrates high assignment confidence
(posterior entropy < 10−4) and moderate stability, with a mean Adjusted Rand Index
(ARI) of 0.448. The findings indicate that the proposed probabilistic clustering framework
offers a comprehensible and statistically robust method for identifying diverse PHEV usage
patterns. These insights can support adaptive energy management strategies, effective
planning of charging infrastructure, and evidence-based policies to maximize the real-world
electrification benefits of PHEVs.

Keywords: plug-in hybrid electric vehicles; Gaussian mixture model; vehicle kilometers
traveled; utility factor; sustainable mobility

1. Introduction
As global transportation demand increases, the sector remains a major contributor to

energy consumption and greenhouse gas emissions [1]. In the U.S., road transportation
alone accounts for 28% of national energy use [2] and 29% of GHG emissions [3]. To
meet increasingly stringent climate targets and reduce dependence on fossil fuels, vehicle
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electrification has emerged as a critical pathway toward sustainable mobility [4–6], and
many countries are introducing policies to support the development of electromobility [7,8].
Specifically, Plug-in Hybrid Electric Vehicles (PHEVs) serve as a pragmatic bridge technol-
ogy that combines extended range capability with zero-emission potential [9,10]. PHEVs
have experienced substantial growth in global markets over the past decade, though their
adoption trajectory varies considerably across regions and has shown signs of stabilization
in recent years. Global PHEV sales reached 14.2 million units in 2023, representing a 35%
increase from the previous year, with PHEVs and battery electric vehicles (BEVs) combined
accounting for 15.8% of all light-duty vehicle sales globally [11]. However, regional market
dynamics reveal significant disparities: in the first half of 2022, PHEVs constituted 9% of
new passenger car sales in Europe, 5% in China, and only 1.4% in the United States [12].
Despite this growth, PHEVs face criticism for real-world fuel consumption and carbon
dioxide emissions that are two to four times higher than rated values when owners rely
predominantly on combustion power rather than frequent charging [13]. Moreover, their
GHG emissions reduction potential depends strongly on actual usage patterns and the
carbon intensity of the underlying electricity generation.

A critical challenge in assessing the energy-saving potential of PHEVs lies in the
substantial discrepancy between laboratory-certified efficiency ratings and real-world
performance [14]. Jeong et al. [15] analyzed PHEV energy consumption and emissions
across varied real-world driving conditions and highlighted that real-world operation
can significantly alter expected environmental benefits compared with laboratory labels.
Standardized test cycles, conducted under controlled conditions, systematically fail to
capture the variability inherent in actual driving environments. Real-world measurements
consistently demonstrate that factors such as ambient temperature, traffic congestion,
driving style, and auxiliary loads significantly influence both electric range and fuel con-
sumption [16,17]. For instance, Zhou et al. conducted on-road testing of two PHEVs
in Beijing under diverse operating conditions, finding that the actual all-electric range
could be reduced by at least 35% relative to manufacturer claims, with the worst-case
scenario yielding only 14.1 km compared to the claimed 20 km [18]. Their study revealed
that air-conditioning use, congested traffic, and higher loading substantially increased
energy consumption and shortened the charge-depleting range, whilst real-world fuel
consumption in charge-sustaining mode varied considerably from 3.5 to 6.3 L/100 km, de-
pending on usage conditions. The substantial variability in real-world PHEV performance
is well-documented across multiple geographic regions and vehicle models. Frey et al. [19]
demonstrated through extended measurements that trip characteristics, ambient conditions,
and driver behavior significantly influence operational energy use and emissions, whilst
Graver et al. [20] confirmed that in-use performance consistently deviates from certification
values. Mandev et al. [21] further identified charging frequency, trip distance distribution,
and ambient temperature as critical determinants of actual fuel consumption in European
PHEV fleets. Graba et al. [22] found wide variation in total energy consumption under
actual operating conditions (reported range 20.19 to 41.97 kWh/100 km across electric and
ICE operating modes) and emphasized dependence on usage and available energy in the
fuel tank and traction battery.

Beyond performance variability, heterogeneity in PHEV usage patterns among users
influences energy-saving potential. Williams et al. [23] demonstrated that the energy con-
sumption and greenhouse gas emissions of PHEVs varied substantially depending on
whether the vehicle was used as a primary or secondary household vehicle and on individ-
ual users’ specific travel patterns. Recognizing this interdependence, subsequent research
has advanced toward integrated optimization frameworks. Xu et al. [24] developed an
integrated optimization framework that simultaneously addresses battery sizing, charging
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scheduling, and power management in PHEVs, recognizing that these three aspects are in-
trinsically coupled. Xie et al. [25] evaluated coordinated management of connected plug-in
hybrid electric buses for energy saving, inter-vehicle safety, and battery health. Li et al. [26]
developed a bi-level predictive energy management strategy that uses convex optimization
to simultaneously minimize fuel consumption and battery degradation.

Numerous works have proposed AI-driven methods for transportation electrification
and clustering. Sun et al. [27] proposed a hybrid energy management strategy that com-
bines Deep Learning for high-level power demand prediction with an improved Model
Predictive Control (MPC) framework to optimize real-time power distribution and en-
hance fuel economy in PHEVs. Han et al. [28] proposed a deep reinforcement learning
(DRL)-based energy management strategy (EMS) for plug-in hybrid heavy-duty trucks
that combines driving-cycle pattern recognition with deep transfer learning and reported
faster convergence (nearly 50%) and substantial reductions in battery degradation rate and
overall driving cost. Zhang et al. [29] developed an adaptive weight–based predictive EMS
that predicts optimal State of Charge (SOC) using cascaded neural networks, generates
Pareto fronts via improved differential evolution, and embeds adaptive weight adjustment
into an MPC framework to balance battery life and fuel economy. Dang et al. [30] proposed
an energy management optimization framework for PHEVs that integrates the microgrid
power supply, vehicle physical constraints, and real-time traffic flow to minimize total
energy costs and carbon emissions through a multi-dimensional coupling approach. Re-
cently, Doikin et al. [31] developed a machine learning (ML)-based control strategy that
learns predictive vehicle usage behavior from real-world test data to inform PHEV control,
reporting average fuel consumption between 3 and 4.2 L/100 km. Moreover, unsupervised
and self-supervised ML were proposed to discover driving events, cluster driver types,
and support charging-session simulation and range prediction [32,33].

Realizing the benefits of PHEVs depends critically on consumer usage behavior and
policies that influence it, as well as on vehicle efficiency under diverse operating conditions.
While PHEVs have attracted substantial research attention, understanding their real-world
usage behavior remains limited. Existing studies primarily evaluate PHEV performance
using aggregate energy consumption or emission metrics, often overlooking driver hetero-
geneity and variability in electric-mode utilization. In particular, the utility factor (UF) and
annual vehicle kilometers traveled (VKT) are typically analyzed in isolation, limiting the
ability to capture integrated behavioral patterns of PHEV usage. Moreover, conventional
descriptive or regression-based approaches may not adequately capture latent behavioral
regimes within heterogeneous vehicle populations. Although clustering techniques have
been applied in transportation research, their use for PHEV usage characterization remains
scarce, particularly frameworks that combine probabilistic clustering with appropriate
feature transformations to account for bounded variables and nonlinear relationships.
Additionally, few studies systematically assess clustering robustness and interpretability
through multiple validation metrics.

This study addresses the above gaps by proposing a statistically rigorous, data-driven
approach to identify latent PHEV usage patterns and correlate electric driving behavior,
travel intensity, and fuel consumption. Specifically, we develop a Gaussian Mixture Model
(GMM) in a transformed feature space comprising the logit of UF and the logarithm of VKT
to capture nonlinear relationships and identify heterogeneous PHEV usage patterns. We
determine the optimal number of clusters using the Bayesian Information Criterion (BIC),
evaluate clustering robustness via bootstrap stability analysis, and compare with k-means
and DBSCAN. The proposed probabilistic clustering framework delivers an interpretable
and statistically rigorous identification of heterogeneous PHEV usage regimes. The main
contributions are summarized as follows:
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• Development of a data-driven behavioral clustering framework: We propose a prob-
abilistic framework for identifying latent PHEV usage regimes using two crucial
behavioral indicators, UF and VKT, thereby enabling systematic characterization of
heterogeneous real-world driving patterns. Unlike prior studies, this work links
behavioral clustering with energy consumption outcomes and policy-relevant electrifi-
cation potential.

• Feature transformation for robust clustering of behavioral variables: We introduce
a transformed feature space using the logit transformation of UF and the logarithm
of VKT that allows bounded and highly skewed variables to be modeled effectively
within the proposed GMM framework.

• Identification of distinct PHEV operational regimes: Our proposed approach reveals
three behavioral clusters representing moderate electric usage, highly electrified driv-
ing, and low-mileage usage patterns, providing quantitative insights into the diversity
of PHEV operational behavior. By linking UF, VKT, and fuel consumption across clus-
ters, we provide an interpretable characterization of how different driving patterns
influence real-world fuel usage and electric driving shares.

Beyond individual-level behavioral characterization, this study contributes to a system-
level understanding of electrified transportation by linking heterogeneous driver usage
patterns to aggregate energy demand and infrastructure utilization. By identifying latent
behavioral regimes, the proposed framework enables the translation of micro-level driving
behavior into macroscopic insights relevant to transportation system planning, charging
infrastructure deployment, and energy system integration. Such a connection is essential
for designing scalable strategies that enhance electric driving utilization and improve the
overall efficiency of PHEV-dominated transport systems.

The paper is organized as follows. Section 2 describes the methodology, including data
description, feature transformation, model formulation with parameter estimation, model
selection, and post-clustering characterization. Section 3 explains the model validation
and evaluation metrics. Section 4 presents key results with policy implications. Finally,
Section 5 gives the conclusions and future research directions.

2. Methodology
This study analyzes data from 175 privately owned plug-in hybrid electric vehicles

(PHEVs) in the German car fleet [34]. The original dataset contained a larger number of
records; however, only observations with complete information for the variables required
in the clustering and post-clustering analyses were retained. After removing records with
missing values, 175 complete vehicle-level observations remained. Therefore, the dataset
should be interpreted as an observational real-world sample rather than a statistically
representative national fleet sample.

The sample comprises four models: Toyota Prius PHEV (89 vehicles), Mitsubishi Out-
lander PHEV (46 vehicles), Opel Ampera (25 vehicles), and Volvo V60 PHEV (15 vehicles).
Let each observation i ∈ {1, 2, . . . , N} represent the usage profile of a single plug-in hybrid
electric vehicle (PHEV). Four quantitative variables are recorded, such as the utility factor
UFi ∈ [0, 1], which measures the proportion of total driving distance conducted in electric
mode; the annual vehicle-kilometers traveled VKTi > 0, denotes the total driving distance
accumulated within one year; the observation period Daysi > 0, is the duration of data
collection in days; and the fuel consumption Fi > 0, given in liters per 100 km. The cluster-
ing analysis uses UF and VKT because they represent two central behavioral dimensions
of PHEV usage: electric-mode utilization and annual travel intensity. UF measures the
share of driving performed electrically, while VKT captures overall mobility demand. The
variables Daysi and Fi are used in post-clustering analyses of temporal coverage and energy
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efficiency. Other factors, such as charging frequency, ambient temperature, vehicle model,
and battery capacity, are not consistently available for all vehicles and therefore excluded
to avoid missing-data bias. Table 1 summarizes the descriptive statistics of the complete
vehicle-level dataset used in this study.

We applied various preprocessing steps before modeling to ensure statistical robust-
ness. Specifically, the UF values are constrained to a narrow open interval [ϵ, 1 − ϵ] with
ϵ = 10−6 to avoid singularities (infinite values) when applying the logit transformation.
All records with negative VKTi or Daysi are removed to ensure physical consistency. Addi-
tionally, to mitigate the influence of high-mileage outliers, the top and bottom 1% of VKTi

values are optionally winsorized. The resulting dataset D = {UFi, VKTi, Daysi, Fi} pro-
vides a clean, physically meaningful dataset suitable for subsequent analysis and Gaussian
mixture-based clustering.

Table 1. Descriptive statistics of the PHEV dataset used in this study.

Variable N Mean Std. Dev. Median Min Max

Annual VKT (km) 175 20,451.63 10,773.11 19,107.00 1903.00 63,906.00
Utility factor (UF) 175 0.423 0.239 0.409 0.005 1.000
Observation days 175 504.63 1155.63 357.00 18.00 14,865.00
Fuel consumption (L/100 km) 175 3.83 1.65 3.85 0.00 8.06

In Figure 1, the overall workflow of the proposed GMM-based framework for PHEV
usage characterization is presented. The raw PHEV data are first preprocessed and trans-
formed into a feature space defined by the logit of UF and the logarithm of VKT. A
full-covariance GMM is then estimated using the EM algorithm, and the optimal number of
clusters is selected using BIC. The resulting clusters are evaluated using posterior probabil-
ities, entropy, Mahalanobis distance-based geometry, and standard validation metrics, and
then interpreted in terms of behavioral patterns, fuel consumption, and policy relevance.

Figure 1. Overview of the proposed GMM-based framework for PHEV usage characterization.
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2.1. Feature Transformations

In this study, the key behavioral indicators, UF and VKT, exhibit distinct statistical
properties that require appropriate transformations before clustering. We applied monotone
and variance-stabilizing transformations to map these variables into a continuous Euclidean
space suitable for Gaussian-based modeling. Specifically, the UF variable is converted
through a logit transformation, and VKT through a natural logarithmic transformation,
expressed as

ui = log
(

UFi
1 − UFi

)
, vi = log(VKTi), (1)

where ui and vi denote the transformed UF and VKT for observation i. These transforma-
tions serve two purposes, i.e., (i) they linearize nonlinear relationships, and (ii) stabilize
variances across the range of observed values. Then, each vehicle observation is represented
as a two-dimensional feature vector as

xi =

[
ui

vi

]
∈ R2, (2)

which forms the basis for probabilistic clustering in the transformed space. The inverse
mappings are used to interpret and visualize the cluster centroids on the original behavioral
scales, given as

UFi =
1

1 + e−ui
, VKTi = evi . (3)

This bidirectional transformation retains interpretability and ensures statistical regularity,
allowing the Gaussian mixture model to operate effectively on well-conditioned data
distributions. Note that transformations are not intended to establish exact univariate
normality of the data. Instead, they improve the suitability of the feature space for Gaussian
mixture modeling by mapping the bounded UF variable to the real line and reducing the
skewness and scale imbalance of VKT. Since the GMM represents the data as a mixture of
local Gaussian components, global normality of the full dataset is not required.

2.2. Model Formulation and Parameter Estimation

Based on the transformed feature space, we develop a probabilistic Gaussian mixture
model (GMM) to detect latent driving-behavior regimes within the population [35]. The
GMM is selected because it provides a probabilistic model-based clustering framework
that can represent heterogeneous behavioral regimes with different covariance structures.
Unlike k-means, which assigns each observation to the nearest centroid and assumes
approximately spherical clusters, a full-covariance GMM can capture anisotropic and
correlated structures in the transformed UF-VKT space. We assume that the empirical
distribution of xi originates from a finite mixture of K Gaussian components, each repre-
senting a distinct usage pattern characterized by a specific balance between electric-mode
operation and overall driving intensity. The probability density function of the model is
expressed as

p(xi | Θ) =
K

∑
k=1

πkN (xi | µk, Σk),
K

∑
k=1

πk = 1, πk > 0, (4)

where πk denotes the mixing proportion (prior probability) of cluster k, µk ∈ R2 is the
mean vector describing the center of cluster k, and Σk is the positive-definite covariance
matrix that captures the spread and correlation between ui and vi within that regime. The
full parameter set is given as Θ = {πk, µk, Σk}.
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To express the unobserved cluster memberships, we employ a latent binary variable
zik ∈ {0, 1}, where 1 represents whether observation i belongs to component k and 0
otherwise. In this latent-variable basis, the complete-data log-likelihood can be expressed as

L(Θ) =
N

∑
i=1

K

∑
k=1

zik[log πk −
1
2

log |2πΣk| −
1
2
(xi − µk)

TΣ−1
k (xi − µk)]. (5)

Because the membership indicators zik are unknown, parameter estimation is performed
using the Expectation–Maximization (EM) algorithm [36,37], which iteratively maximizes
the log-likelihood of the observed data.

In the E-step, the posterior probability γik that observation i is associated with cluster
k is computed using the current parameter estimates Θ(t) as

γik = Pr(zik = 1 | xi, Θ(t)) =
πk(t)N (xi | µk(t), Σk(t))

∑K
j=1 πj(t)N (xi | µj(t), Σj(t))

. (6)

Here, the numerator corresponds to the joint probability that observation i comes from
component k, and the denominator is the total probability of observation i under the entire
mixture model, obtained by summing over every possible component j (from 1 to K).

In the M-step, the posterior weights are utilized to update the model parameters by
maximizing the expected log-likelihood as

Nk =
N

∑
i=1

γik, πk(t + 1) =
Nk
N

, µk(t + 1) =
1

Nk

N

∑
i=1

γikxi, (7)

Σk(t + 1) =
1

Nk

N

∑
i=1

γik(xi − µk(t + 1))(xi − µk(t + 1))T. (8)

The above steps are alternated until convergence, which occurs when the relative change in
log-likelihood falls below a threshold, e.g., 10−6. Note that using a full covariance matrix
Σk allows each cluster to adopt a flexible elliptical shape [38], thereby capturing potential
correlations between UF and VKT within behavioral groups. This GMM formulation
provides a probabilistic and interpretable framework for identifying latent driving-behavior
regimes in the transformed (u, v) space.

The computational cost of the EM-based GMM estimation scales approximately as
O(IEMNKd2), where IEM is the number of EM iterations and d is the feature dimension. In this
study, d = 2 and the selected number of components is small, making the method computation-
ally efficient. For larger transportation datasets, scalability can be improved using mini-batch
EM, simplified covariance structures, parallel computation, or distributed implementation.

2.3. Model Selection and Cluster Assignment

After estimating the Gaussian mixture parameters, we determine the optimal number
of latent clusters K that best represent the heterogeneity in PHEV usage patterns. Since
the Gaussian mixture likelihood increases monotonically with K, a penalized information
criterion is required to balance model fit and complexity. Therefore, the Bayesian Infor-
mation Criterion (BIC) [39,40] is employed for model-order selection because it penalizes
unnecessary model complexity and reduces the risk of overfitting when increasing the
number of mixture components. The BIC is given by

BIC = −2L̂+ p log N, (9)
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where L̂ denotes the maximized log-likelihood of the fitted mixture model and p is the
number of free parameters. For a two-dimensional Gaussian mixture with full covariance
matrices, the number of parameters is given by

p = (K − 1) + 2K + 3K, (10)

where the first term is the mixing weights (subject to the unit-sum constraint), the second
term denotes two mean parameters for each component, and the third term corresponds to
three distinct elements of each covariance matrix. The model with the lowest BIC is chosen
as the optimal cluster number K̂, which achieves the best trade-off between goodness of
fit and model complexity. Then, each observation i is assigned to a cluster based on the
posterior probability γik obtained from (6). The cluster level for observation i is defined as

ŷi = arg max
k∈{1,...,K̂}

γik. (11)

The uncertainty associated with each observation i is quantified by its posterior entropy
Hi as

Hi = −
K̂

∑
k=1

γik log(γik), Hi ∈ [0, log K̂], (12)

where higher entropy values signify boundary points between behavioral regimes, while
lower values correspond to confidently assigned observations. The geometric structure
of each cluster in the transformed (u, v) space is further analyzed by the Mahalanobis
distance [41]. Specifically, for observation i belonging to cluster k, the squared Mahalanobis
distance d2

ik is given by
d2

ik = (xi − µk)
TΣ−1

k (xi − µk), (13)

which follows a chi-squared distribution d2
ik ∼ χ2

2 with two degrees of freedom under the
Gaussian assumption. Contours associated with constant d2

ik = c indicate ellipses that
encompass regions of equal probability density in the transformed (u, v) space. These
ellipses, when projected onto the original UF–VKT scale, provide a geometric visualization
of the behavioral regimes identified by the model. Note that the above Gaussian-mixture
analysis describes how clusters are determined; however, the interpretation of clusters and
linking to meaningful physical quantities is necessary, as described in the next section.

2.4. Post-Clustering Characterization

Following the clustering procedure, each vehicle observation i is probabilistically
assigned to one of the K̂ latent components, thus identifying groups of drivers with similar
behavioral profiles in the transformed (u, v) space. To interpret these clusters on the
original physical scale, the component means µk = [µk,1, µk,1]

T are back-transformed using
the inverse mappings introduced in (3) as

UFk =
1

1 + e−µk,1
, VKTk = eµk,2 , (14)

where the subscript k, 1 denotes the coefficient for variable 1 (UF) in cluster k and k, 2
denotes the coefficient for variable 2 (VKT) in that same cluster. These quantities represent
the characteristic electric driving share and annual distance associated with behavioral
regime k. The within-cluster variability in UF and VKT is obtained from the associated
covariance matrix Σk. Furthermore, variables not directly involved in the clustering process,
namely the observation period Daysi and fuel consumption Fi, are examined post hoc to
determine the operational and energetic characteristics of each cluster.
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To investigate how energy efficiency varies across behavioral regimes, a simple cluster-
specific regression is performed on the logarithm of fuel consumption and the transformed
behavioral features. For cluster k, this relationship can be expressed as

log Fi = αk + βk,1ui + βk,2vi + εik, (15)

where αk is the cluster-specific intercept, βk,1, βk,2 measure the marginal sensitivities of
fuel consumption to electric-mode share and annual driving distance, respectively, and εik

represents the random error (or residual) in the within-cluster regression model. This char-
acterization enables an energy-oriented interpretation of the behavioral regimes determined
by the GMM.

3. Model Validation and Evaluation Metrics
In this Section, the proposed model’s reliability and behavioral interpretability are

evaluated using quantitative validation metrics that measure cohesion, separation, and
stability within the observed clusters. The first validation criterion is the Silhouette coeffi-
cient, which assesses how similar each observation is to its own cluster relative to other
clusters [42]. For an observation i assigned to a cluster, the average intra-cluster distance
ξ(i) and the smallest mean inter-cluster distance ζ(i) are defined as

ξ(i) =
1

|Ck| − 1 ∑
j∈Ck , j ̸=i

||xi − xj||, ζ(i) = min
m ̸=k

1
|Cm| ∑

j∈Cm

||xi − xj||, (16)

where Ck = {i | ŷ(i) = k}, k = 1, 2, . . . , K̂, is the set of indices of all data points assigned
to cluster k and Cm = {i | ŷ(i) = m}, is the set of observations belonging to cluster m (a
different cluster than Ck). Then, the silhouette value for point i is given as

S(i) = ζ(i)− ξ(i)
max{ξ(i), ζ(i)} ∈ [−1, 1], (17)

where S(i) close to 1 indicates that the observation is well matched to its own cluster and
poorly matched to others, while values near 0 or negative denote boundary or misclassified
points. The average silhouette over all observations gives a general measure of cluster
compactness and separability.

To further evaluate the trade-off between intra-cluster compactness and inter-cluster
separation, the Davies–Bouldin (DB) index is employed [43]. While the silhouette coeffi-
cient assesses pointwise cohesion, the DB index summarizes cohesion at the cluster level.
Specifically, the silhouette coefficient relies on the average intra-cluster distance for each
observation and evaluates how well each observation fits within its assigned cluster; the
DB index summarizes this concept across the entire cluster using its mean intra-cluster
dispersion. Hence, for each cluster Ck, the average distance of all points within that cluster
to their centroid ck can be defined as

Rk =
1

Ck
∑

i∈Ck

||xi − ck||, (18)

where Rk represents the cluster’s internal compactness or radius. The degree of separation
between two clusters Ck and Cm is then given as

Dkm − Rk + Rm

||ck − cm||
, (19)
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which compares their combined dispersion with the Euclidean distance between their
centroids. Then, the overall DB index is calculated as

DB =
1
K

K

∑
k=1

max
m ̸=k

Dkm. (20)

A lower DB value indicates that clusters are compact and well-separated, whereas higher
values imply overlapping or poorly defined cluster boundaries.

Furthermore, to quantify the robustness of the clustering outcome, a bootstrap sta-
bility analysis is conducted by refitting the model on resampled data and assessing label
consistency using the Adjusted Rand Index (ARI) [44]. This analysis evaluates whether the
identified clustering structure remains consistent when the observed data are resampled,
thereby providing an additional measure of the robustness of unsupervised clustering
results. The ARI quantifies the similarity between two cluster label assignments: one
derived from the original dataset and the other from a resampled dataset, while accounting
for the level of agreement anticipated by random chance. Let the two partitions be denoted
as C1 and C2, each comprising K clusters. Their cross-classification is represented in a con-
tingency matrix comprising various elements nrs, where nrs is the number of data points
simultaneously assigned to cluster r in C1 and cluster s in C2. Then, the ARI is defined as

ARI =

∑
r,s

(
nrs

2

)
−

∑
r

(
ar

2

)
∑

s

(
bs

2

)
(

N
2

)

1
2

[
∑

r

(
ar

2

)
+ ∑

s

(
bs

2

)]
−

∑
r

(
ar

2

)
∑

s

(
bs

2

)
(

N
2

)
, (21)

where ar = ∑s nrs and bs = ∑r nrs are the total number of points in respective clusters. An
ARI value of 1 signifies complete consistency between the two clusters, whereas a value
close to 0 denotes random agreement.

4. Numerical Experiments
4.1. Simulation Settings

The simulation experiments were designed to evaluate the performance, robustness,
and interpretability of the GMM-based clustering framework under realistic PHEV usage
patterns. The analysis used real-world data from 175 vehicle-level observations, each com-
prising six attributes: vehicle identifier, annual vehicle-kilometers traveled (VKT), utility
factor (UF), number of observation days, and fuel consumption (L/100 km). Because UF is
constrained to [0, 1] and VKT exhibits a positively skewed distribution, both variables were
transformed into a linear domain using (1). This transformation promotes homoscedasticity
and enhances Gaussian separability in the latent behavioral space. In Figure 2, the stan-
dardized (z-score) values of the key variables are presented, including utility factor (UF),
logarithm of annual vehicle kilometers traveled, and fuel consumption for all vehicles in
the dataset. This visualization indicates substantial variation among vehicles and motivates
the use of clustering to identify latent behavioral regimes.

The EM algorithm was employed for model estimation under the assumption of a
full covariance, allowing each cluster to represent the anisotropic distribution of actual
PHEV driving patterns. To avoid numerical degeneracy due to the moderate sample size, a
covariance regularization term of 10−6 was employed to maintain positive definiteness of
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Σk. The maximum iteration count and convergence tolerance were set to 2000 and 10−6,
respectively, to ensure numerical stability of the likelihood maximization. The optimal
number of mixture components was determined by minimizing the BIC, which penalizes
model complexity to prevent overfitting.

Feature Transformations Heatmap (z-scores)

20 40 60 80 100 120 140 160

Vehicles

UF (z-score)

log
10

(VKT) (z-score)

Fuel (z-score)

-3

-2

-1

0

1

2

3

Figure 2. Feature transformation and standardization of behavioral variables.

All computations were performed in MATLAB R2024 on a 12-core Intel i7 worksta-
tion with 32 GB of RAM. Model quality was evaluated using multiple complementary
indices: the mean Silhouette coefficient (cluster cohesion), the Davies–Bouldin (DB) index
(cluster separation), and the Adjusted Rand Index (ARI) computed from 100 bootstrap
resamples (model stability). For benchmarking, k-means [45] and Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) [46] clustering were applied to the same
transformed data to test the sensitivity of the identified behavioral regimes to the clustering
paradigm. The resulting clusters were visualized using UF–VKT scatter maps, Gaussian
density contours, silhouette profiles, posterior entropy maps, and kernel-density overlays,
providing a comprehensive interpretation of PHEV usage heterogeneity with respect to
energy efficiency.

4.2. Results
4.2.1. Model Selection and Cluster Quality Evaluation

Following the simulation configuration described in Section 4.1, we first conducted
the statistical evaluation of the clustering framework used to identify latent usage patterns
in PHEVs. In Figure 3, three complementary aspects of model assessment are presented:
model-order selection using the Bayesian Information Criterion (BIC), cluster cohesion
measured by the mean Silhouette coefficient, and cluster separation quantified by the
Davies–Bouldin (DB) index. Figure 3a illustrates the BIC values obtained from GMMs fitted
with varying numbers of mixture components K. The BIC curve exhibits a pronounced
decrease as model complexity increases from K = 1 to K = 2, followed by a minimum
at K = 3. Beyond this point, the BIC increases again, indicating that additional mixture
components introduce unnecessary model complexity without providing a significant
improvement in likelihood. According to the BIC criterion, the optimal number of clusters
is K̂ = 3, which represents the most parsimonious representation of the dataset’s underlying
behavioral structure. This result suggests that the PHEV usage population can be reasonably
described by three dominant operational regimes in the transformed UF–VKT feature space.
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Although the detailed cluster-size distribution is presented later in Table 2, the selected
three-component solution was further examined to ensure that the smaller components
reflect meaningful behavioral structure rather than overfitting. As shown later by posterior
uncertainty and Mahalanobis-distance analyses, these components occupy distinct regions
of the transformed UF-VKT space. Therefore, they are interpreted cautiously as rare
behavioral regimes rather than population-level subgroup estimates.
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Figure 3. Model selection and clustering quality evaluation. (a) Bayesian Information Criterion (BIC)
values for Gaussian mixture models with varying numbers of components, (b) comparison of mean
silhouette scores between GMM and k-means clustering, and (c) Davies–Bouldin index comparison.

Table 2. Summary of PHEV Usage Clusters.

Cluster Interpretation Size (%) Mean
UF

Mean VKT
(km/yr)

Fuel
(L/100 km)

1 Medium EV usage 169 (96.6%) 0.380 18,617 3.89
2 High EV usage 4 (2.3%) 1.000 11,267 0.00
3 Low-mileage usage 2 (1.1%) 0.364 2444 3.16

Note: Clusters 2 and 3 represent rare behavioral patterns and therefore contain a small number of vehicles.

Figure 3b,c compare the clustering quality between the GMM and k-means algorithm
using two widely adopted internal validation metrics. The mean Silhouette coefficient,
shown in Figure 3b, evaluates the cohesion of clusters relative to their separation. The
k-means method yields a higher Silhouette score (0.623) than the GMM (0.405) because
the Silhouette metric inherently favors spherical cluster structures, which aligns with the
assumptions of the k-means algorithm. While k-means yields a higher silhouette score
due to its spherical cluster assumption, the probabilistic GMM provides a more flexible
and statistically appropriate representation of the underlying data distribution. The DB
index shown in Figure 3c assesses the ratio of intra-cluster dispersion to inter-cluster
centroid distance. The GMM method yields a lower DB index (0.557) than k-means (0.589),
indicating better cluster separation related to their internal dispersion. Alongside the
k-means comparison, a density-based clustering method (DBSCAN) was applied to the
same transformed feature space to assess the sensitivity of the identified behavioral regimes
to the clustering paradigm. The DBSCAN identified four clusters with several noise points
(63 observations). The resulting clustering exhibited a lower mean silhouette score (0.213)
than both GMM (0.405) and k-means (0.623), indicating weaker cohesion and separation of
clusters. The DB index (0.561) was comparable to that of the GMM (0.557) but higher than
desirable for well-separated cluster structures. Hence, while DBSCAN can detect localized
density structures, it is less effective in capturing the continuous behavioral regimes present
in the UF–VKT feature space. The selected benchmark methods represent two common
alternatives to model-based clustering: k-means as a centroid-based method and DBSCAN
as a density-based method. Thus, they provide complementary comparisons for assessing
cluster compactness, separation, and sensitivity to different clustering assumptions.
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These comparisons highlight the advantage of the proposed GMM framework in
capturing elliptical cluster geometries and correlated feature structures in the transformed
behavioral space (u, v). The combination of BIC-based model selection and an improved
DB index supports adopting the GMM framework to identify latent PHEV usage regimes
in the subsequent analysis.

4.2.2. Gaussian Mixture Clustering Structure and Assignment Uncertainty

Next, we assess the clustering structure delineated by the proposed GMM, along with
the geometric characteristics of the clusters and the model’s confidence in categorizing
observations to behavioral regimes. In Figure 4, the cluster distribution in the original
feature space, the probabilistic structure of the mixture components in the transformed
space, and the uncertainty associated with cluster assignments are presented. Figure 4a
shows the distribution of vehicles in the original UF–VKT behavioral space, where the
annual vehicle-kilometers traveled (VKT) is shown on a logarithmic scale and the utility
factor (UF) represents the proportion of electric driving. The scatter plot reveals three
distinct clusters corresponding to the optimal number of components K̂ = 3 determined
previously through BIC-based model selection. The majority of observations belong to
Cluster 1, which occupies the central region of the UF–VKT domain and represents typical
PHEV usage characterized by moderate annual mileage and intermediate electric-driving
shares. Conversely, Clusters 2 and 3 comprise smaller groups of vehicles with more
specialized usage patterns. Cluster 2 is associated with vehicles exhibiting high utility
factors, indicating a strong reliance on electric propulsion, while Cluster 3 contains vehicles
with lower annual driving distances and relatively lower UF values. The centroids marked
with black crosses represent the mean behavioral profiles of each cluster, providing an
intuitive summary of the dataset’s dominant operating regimes.

Figure 4. Gaussian mixture clustering results in the PHEV behavioral space. (a) Cluster distribution
in the original UF–VKT space, (b) cluster structure in the transformed feature space, and (c) Posterior
entropy of cluster assignments.

Figure 4b shows the clusters in the transformed feature space defined by (1). This
transformation linearizes the bounded UF variable and stabilizes the variance of VKT,
thereby enabling the GMM to better represent the data distribution. The covariance ellipse
shows the shape and orientation of the principal Gaussian component associated with
the dominant cluster. The elliptical shape indicates the correlated variability among the
transformed variables, confirming that the clusters are not spherical but exhibit anisotropic
dispersion. This feature demonstrates the superiority of the GMM framework over simpler
clustering methods, such as k-means, which assume isotropic cluster shapes. Note that
Cluster 2 and Cluster 3 appear as almost straight lines instead of ellipses. This is because
small clusters exhibit elongated covariance structures due to limited sample size, resulting
in nearly degenerate ellipses in the transformed space.
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Figure 4c illustrates the uncertainty of cluster assignments using the posterior entropy
measure derived from the GMM posterior probability. Each point is colored according to
the logarithm of its entropy, providing a quantitative indication of classification confidence.
The entropy values are very small across the dataset, with mean and maximum values on
the order of 10−6 and 10−4, respectively. Such low entropy levels indicate that the allocated
cluster has a posterior probability close to one for almost all observations. In other words,
the clusters identified by the GMM are highly distinct, and the model assigns vehicles
to clusters with strong statistical confidence. These findings provide a strong empirical
foundation for interpreting the clusters as distinct categories of PHEV operational behavior
in subsequent analysis of energy use.

4.2.3. Cluster-Specific Behavioral and Energy Consumption Characteristics

In Figure 5, the behavioral and energy-related characteristics associated with each
cluster are presented, building upon the clustering structure identified in the previous
subsection. Specifically, we analyze the distinctions among these clusters in their underlying
distributions of utility factor, driving intensity, and fuel consumption to understand PHEVs’
energy-using behavior.

Figure 5a shows that Cluster 2 exhibits the highest UF values, approaching unity,
signifying that vehicles in this cluster operate almost entirely in electric mode. Conversely,
Cluster 1 exhibits a broader UF distribution with a median in the mid-range, indicating
a mixed-mode operation that utilizes both electric and combustion propulsion. Cluster
3 exhibits moderately lower UF values and a narrower distribution, indicating a distinct
usage group characterized by a relatively limited electric driving share. Figure 5b illus-
trates the distribution of annual VKT across clusters using a logarithmic transformation.
Cluster 1, containing the majority of observations, represents typical PHEV users with
moderate to high annual mileage. Cluster 2 exhibits comparable or slightly lower mileage
while retaining distinctive characteristics due to its very high electric usage. Cluster 3 is
characterized by noticeably lower annual driving distances, indicating a small group of
low-mileage users. These patterns reinforce the behavioral interpretation of the previously
identified clusters: the dominant cluster represents conventional mixed-mode usage, while
the remaining clusters capture specialized driving regimes. Figure 5c further highlights
the energy implications of these behavioral differences by comparing fuel consumption
across clusters. Vehicles in Cluster 2 exhibit near-zero fuel consumption, which is consistent
with the very high utility factor observed in Figure 5a, which indicates that these vehicles
rely almost exclusively on electric propulsion during the observation period. Cluster 1
exhibits the highest variability in fuel consumption, reflecting a wide range of mixed elec-
tric–combustion driving patterns. In contrast, Cluster 3 shows moderate fuel consumption,
consistent with lower driving intensity and a smaller share of electric operation.

Figure 5d illustrates the relative sizes of the clusters, indicating a highly imbalanced
distribution in which Cluster 1 contains approximately 96.6% of the observations, whilst
Clusters 2 and 3 represent only small fractions of the dataset. Although these minor
clusters represent a small number of vehicles, they capture important niche behaviors,
such as highly electrified driving patterns and low-mileage usage regimes that would
be difficult to identify without a probabilistic clustering framework. This highlights the
heterogeneity of real-world PHEV usage patterns even within relatively small datasets.
Figure 5e shows a clear negative relationship between UF and fuel consumption, indicating
that higher electric driving shares are associated with lower gasoline usage. This pattern
aligns with the operating principles of PHEVs and provides an intuitive validation of the
clustering results. Figure 5f depicts the relationship between annual driving distance and
fuel consumption. Although the correlation is less evident than in Figure 5e, vehicles
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with higher VKT generally demonstrate greater variability in fuel consumption owing
to variations in driving behavior and electric charging availability. The combination of
distributional comparisons and relationships among variables confirms that the proposed
GMM framework effectively captures variations in both driving patterns and energy usage.
The cluster interpretation summary is given in Table 2.
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Figure 5. Cluster-specific characteristics of behavioral and fuel consumption. (a) UF distribution by
clusters, (b) VKT distribution by clusters, (c) fuel efficiency by clusters, (d) cluster size distribution,
(e) UF vs fuel efficiency by cluster, and (f) VKT vs fuel efficiency by cluster.

4.2.4. Clustering Diagnostics and Model Robustness Assessment

Following the interpretation of cluster-specific behavioral and energy characteristics,
it is important to evaluate the robustness and statistical validity of the identified clustering
structure. In Figure 6, the diagnostic metrics used to assess the stability, confidence, and
geometric separation of the GMM clusters are presented. Figure 6a shows the bootstrap
stability analysis using the Adjusted Rand Index (ARI), which measures the agreement
between clustering assignments obtained from bootstrap resampled datasets and the origi-
nal dataset. The histogram depicts the distribution of ARI values from repeated bootstrap
iterations, resulting in a mean ARI of approximately 0.448. This value indicates moder-
ate clustering stability, which is expected given the highly imbalanced cluster structure
previously observed, in which the majority of observations belong to Cluster 1, whereas
Clusters 2 and 3 represent relatively small groups. In such situations, bootstrap resam-
pling can slightly perturb the composition of smaller clusters, leading to variations in
label assignments. Nonetheless, the ARI distribution remains consistently above random
agreement, indicating that the clustering solution reflects meaningful structure rather than
artifacts of sampling variability. Nevertheless, because Clusters 2 and 3 contain only a few
observations, their stability should be interpreted cautiously and further validated using
larger datasets.

Figure 6a illustrates the posterior probability matrix obtained from the GMM. Each
column corresponds to an observation, while each row represents the posterior probability
of membership in a particular cluster. The matrix exhibits a nearly one-hot structure, in
which most observations have a probability close to one for a single cluster and near-zero
probabilities for the others. This pattern indicates that the model assigns vehicles to clus-
ters with high confidence, reinforcing the interpretation from the previous section that
the clusters represent distinct behavioral regimes. Only a small number of observations
show slightly distributed probabilities, which may correspond to vehicles with transitional
driving behaviors between clusters. Figure 6c further assesses the geometric separation
of clusters by displaying the pairwise Mahalanobis distances between cluster centroids in
the transformed feature space. The Mahalanobis distance captures the covariance struc-
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ture of the data, providing a scale-invariant measure for distinguishing between clusters.
The findings indicate substantial separation among cluster centroids, especially between
Clusters 2 and 3, which exhibit the largest distance. Cluster 1 is also clearly separated from
the other two clusters. The distances confirm that the clusters inhabit distinct regions of
the feature space, hence validating the GMM-based segmentation. Notably, despite the
inherent imbalance in cluster sizes, the GMM demonstrates high assignment confidence
and clear geometric separation between clusters. Therefore, combined with the behavioral
and energy-use interpretations, these diagnostics strengthen the overall reliability of the
clustering framework and support its use for characterizing heterogeneous PHEV usage
patterns. The above findings provide a strong foundation for PHEV policy implications as
discussed in the next section.

Figure 6. Clustering diagnostics and validation of the GMM. (a) Bootstrap stability analysis of the
clustering results measured using the ARI, (b) Posterior probability matrix showing the cluster mem-
bership probabilities for each observation, and (c) Pairwise Mahalanobis distances between cluster
centroids in the transformed feature space, illustrating the degree of separation between clusters.

4.2.5. Policy Implications of PHEV Usage Patterns

The clustering results reveal clear heterogeneity in real-world PHEV operational be-
havior, which has important implications for charging infrastructure planning and policy
design. The dominant cluster, representing approximately 96.6% of vehicles, exhibits moder-
ate electric usage (mean UF ≈ 0.38) alongside relatively high annual mileage (≈18,600 km),
suggesting that many PHEV users operate in mixed electric-combustion modes, likely due
to limited charging opportunities during daily travel. This finding implies that the strategic
expansion of workplace and public charging infrastructure could substantially increase
the share of electric driving within this large user group. Conversely, the smaller cluster
characterized by nearly full electric operation (UF ≈ 1.0) highlights that reliable charging
access enables PHEVs to function effectively as electric vehicles in real-world conditions.
These findings highlight the importance of strategically locating charging infrastructure in
urban areas and along common commuting corridors to maximize electric-mode utilization
across the broader vehicle fleet.

The identified behavioral regimes also provide insights for targeted policy incentives
and adaptive energy management strategies. For example, drivers in the dominant mixed-
usage cluster represent the greatest opportunity to reduce fuel consumption through
behavioral or technological interventions, such as incentive programs that encourage
regular charging or smart energy management systems that prioritize electric operation
when battery charge is available. Meanwhile, the low-mileage cluster indicates a small
subset of vehicles with limited annual driving demand, suggesting that PHEVs may
serve different roles within household mobility portfolios. From a policy perspective,
differentiating between urban users with shorter travel distances and high-UF potential,
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and commuter-oriented users with higher VKT, could enable more efficient deployment of
incentives and infrastructure investments.

Although the present analysis does not directly quantify emission reduction or
charging-infrastructure impacts, the identified clusters provide a practical basis for such
future assessments. In particular, the dominant mixed-mode cluster, which combines
moderate UF with relatively high annual mileage, represents the group with the greatest
potential for fuel reduction if additional charging opportunities increase electric-mode
use. By contrast, the highly electrified cluster illustrates the upper bound of PHEV electric
operation under favorable charging conditions, while the low-mileage cluster is expected
to have a smaller aggregate impact due to its limited annual travel demand. Therefore, the
proposed clustering framework can serve as an intermediate step between vehicle-level
usage characterization and future quantitative models of charging demand, fuel-saving
potential, and emission reduction. Such quantitative assessment would require additional
information on charging locations, charging frequency, trip-level driving patterns, electric-
ity carbon intensity, and local infrastructure availability, which are beyond the scope of the
present dataset.

From a systems perspective, the identified behavioral heterogeneity has direct implica-
tions for aggregate energy demand, charging load distribution, and transportation network
efficiency. The dominance of mixed-mode users suggests that current infrastructure and
policy configurations do not fully enable electric-mode utilization at the fleet level, leading
to suboptimal system-wide energy performance. In contrast, the presence of fully electrified
users demonstrates the achievable upper bound of electrification under adequate charging
availability. These findings highlight that system-level optimization of PHEV benefits
requires coordinated design of infrastructure, policy incentives, and energy management
strategies to align individual behavior with network-wide sustainability objectives.

5. Conclusions
This study presented a data-driven framework for identifying and characterizing

heterogeneous real-world usage patterns of PHEVs. Using UF and VKT as the two primary
behavioral indicators, the proposed approach applied logit and logarithmic transforma-
tions to obtain a statistically suitable feature space for Gaussian mixture modeling. The
full-covariance GMM, combined with BIC-based model selection, identified three PHEV
operational regimes: a dominant mixed electric-combustion usage group, a small highly
electrified group, and a small low-mileage group.

The results show that the dominant cluster, representing the majority of vehicles,
exhibits moderate electric-mode utilization and relatively high annual mileage, indicating
that many PHEVs are still operated in mixed electric-combustion mode. This group
therefore represents an important opportunity for improving electric-mode usage through
better charging access, targeted incentives, and adaptive energy-management strategies.
The highly electrified cluster demonstrates that near-electric operation is achievable under
favorable usage and charging conditions, while the low-mileage cluster reflects a distinct
group with limited annual mobility demand. The post-clustering analysis further confirms
that higher UF is associated with lower fuel consumption, supporting the behavioral and
energy-related interpretation of the identified clusters.

The robustness analysis indicates that the GMM yields high posterior-assignment
confidence and clear geometric separation among the identified regimes. However, the
bootstrap ARI indicates moderate stability, mainly due to the highly imbalanced cluster
structure and the small number of observations in the two rare clusters. Therefore, these
small clusters should be interpreted with caution as indicative behavioral patterns rather
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than as statistically representative population-level groups. This limitation highlights the
need for validation on larger, more diverse PHEV datasets.

From a policy and systems perspective, the proposed framework can support differen-
tiated charging infrastructure planning, user-specific incentives, and more effective PHEV
energy management strategies. In particular, identifying mixed-mode users with high
annual mileage may help prioritize interventions that can yield greater fuel-saving and
emission-reduction benefits. Future work could extend this approach toward multi-scale
system analysis, linking vehicle-level behavior with network-level traffic dynamics and
grid-level energy demand to support the design of fully integrated sustainable transport
systems. Incorporating additional behavioral variables such as charging frequency, ambient
temperature, battery capacity, trip-level driving patterns, and temporal driving dynamics
could be interesting future work. Moreover, integrating larger and more diverse datasets,
including regional or longitudinal vehicle usage records, would enable more comprehen-
sive characterization of PHEV operational behavior across different transportation contexts.
These studies could facilitate the development of adaptive vehicle energy management
strategies and data-driven transportation policies to maximize the environmental benefits
of electrified mobility.
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