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Abstract

As public electric vehicle (EV) charging networks expand, infrastructure performance
increasingly depends on whether occupied charging time is converted into useful energy
delivery. This study develops a hybrid data-driven framework to identify, predict, and
explain inefficient EV charging sessions for intelligent infrastructure management. Using
charging-session data from California, inefficient sessions are defined by the joint condition
of a high idle ratio and low energy delivered per occupied hour. K-means clustering and
HDBSCAN are applied to examine charging-session typologies, while four machine learn-
ing methods are compared for session-level prediction. Model interpretation is conducted
using permutation feature importance, partial dependence plots, and rule extraction. The
results show that inefficient charging is concentrated in a long-stay, low-output profile
distinct from productive long-duration charging. XGBoost provides the strongest overall
predictive performance, and pricing conditions, user routines, temporal patterns, and
station-utilisation context emerge as key drivers of inefficient charging risk.

Keywords: electric vehicle charging; inefficient charging sessions; intelligent charging
infrastructure; interpretable machine learning; charger utilisation

1. Introduction

The rapid growth of electric vehicles (EVs) is reshaping urban mobility and energy
systems. EVs can reduce operating costs, support renewable energy integration, enable
intelligent driving services, and contribute to the transition towards sustainable and zero-
emission transport [1]. Public charging infrastructure is central to this transition because
it improves the accessibility, convenience, and reliability of EV use, particularly in urban
areas where home charging may not always be available [2]. As a result, charging networks
are being rapidly expanded to accommodate increasing charging demand. However, the
accelerated deployment and use of charging infrastructure also create new operational
challenges for electricity systems, charging operators, and EV users [3]. In particular,
the disorderly growth of charging demand may increase pressure on local grids, inten-
sify competition for charging resources, and reduce the effective availability of public
chargers [4].
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A key challenge in public charging operations is that charger occupation and energy
delivery are not equivalent. In many EV charging sessions, vehicles remain connected
after active charging has ended because drivers often combine charging with parking,
commuting, working, shopping, or other destination-based activities [5]. Such behaviour
may lead to inefficient charger occupation, where a charging point remains unavailable to
other users while delivering little or no additional energy. This can reduce effective network
capacity, increase station-level congestion, weaken user experience, and undermine the
operational efficiency of charging infrastructure [6]. For charging operators, the problem is
not only how many chargers are installed, but also whether the occupied charging time is
being converted into useful energy service. Therefore, identifying and managing inefficient
charging sessions has become increasingly important for intelligent charging-infrastructure
operation and demand-side management.

Existing studies have extensively examined EV charging-demand prediction and
grid-responsive charging optimisation. These include charging scheduling, charging-
station planning, smart charging, vehicle-to-grid integration, and charging flexibility
management [7-9]. Much of this literature focuses on forecasting the departure time, charg-
ing duration, and energy demand of EV users so that charging needs can be satisfied before
vehicle departure. These studies have made important contributions to load coordination
and charging-resource allocation. However, comparatively less attention has been paid
to what happens after charging demand has been met. In practice, vehicles may remain
connected beyond the time required for active charging, which means that high charger
utilisation does not necessarily indicate efficient infrastructure use [10]. Several studies
have therefore begun to examine operational inefficiency associated with idle occupation,
overstay behaviour, and charger hogging [11,12]. Recent evidence further indicates that
overstaying can be widespread, with non-charging or post-charging occupation accounting
for a substantial share of total connection time in some charging environments [13].

Despite these advances, inefficient EV charging has not been sufficiently studied as a
distinct, measurable, and predictable session-level operational outcome. Three gaps remain
particularly important. First, many studies describe charger utilisation, station occupancy,
charging demand, or connection duration at an aggregate level, but do not explicitly
distinguish between productive charger occupation and inefficient occupation with low
energy output. As a result, high utilisation or long session duration may be incorrectly
interpreted as effective infrastructure use. Second, it remains unclear whether inefficient
sessions form identifiable behavioural patterns in real-world charging data, or whether they
are merely isolated abnormal events. Existing clustering-based studies can reveal charging
typologies, but they rarely connect these typologies to an operational inefficiency label.
Third, while machine learning has been widely used for charging-demand forecasting,
station-choice prediction, session-duration estimation, and flexibility assessment, limited
work has examined whether inefficient charging can be predicted and interpreted using
observable temporal, pricing, station-level, connector-level, and user-level factors. Without
such evidence, charging operators may continue to prioritise infrastructure expansion
while overlooking effective capacity losses within existing charging networks.

From a methodological perspective, existing EV charging prediction approaches are
not sufficient to address this problem. Models designed for charging-demand forecasting,
load prediction, station-choice modelling, or session-duration estimation mainly estimate
when, where, and how much charging demand may occur. However, they do not directly
evaluate whether occupied charger time is productively converted into delivered energy. A
long charging session predicted by a conventional duration model may represent either
productive long-duration charging or inefficient long-stay, low-output occupation. Simi-
larly, clustering alone can identify recurring behavioural profiles, but it does not provide
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an early prediction mechanism for inefficient-session risk; supervised prediction alone can
classify sessions, but it does not test whether inefficient sessions correspond to meaningful
behavioural typologies; and black-box prediction models provide limited operational guid-
ance unless their outputs are translated into interpretable management rules. Therefore,
a more integrated workflow is needed to define, validate, predict, and explain inefficient
charging as a session-level operational risk.

To address these gaps, this study develops a problem-specific hybrid data-driven
workflow for identifying, predicting, and explaining inefficient EV charging sessions. The
contribution is not the invention of a new standalone machine learning algorithm, but the
integration of established learning methods into an operationally interpretable framework
tailored to inefficient charging-infrastructure management. Using real-world charging-
session data from California, the workflow first defines inefficient charging based on two
complementary operational indicators: the idle ratio and energy delivered per occupied
hour. This definition captures charging events in which vehicles occupy charging resources
for relatively long non-charging periods while delivering low energy output. Second,
K-means clustering and Hierarchical Density-Based Spatial Clustering of Applications with
Noise (HDBSCAN) are used to examine whether inefficient charging is concentrated within
distinct charging-session typologies. Third, four supervised learning models, namely
Logistic Regression, Random Forest, XGBoost, and CatBoost, are compared to predict
inefficient-session labels under class-imbalanced conditions. Finally, post hoc interpretation
methods, including permutation feature importance, partial dependence plots (PDPs), and
rule extraction, are used to reveal the pricing, temporal, station-level, connector-level, and
user-level conditions associated with inefficient charging risk.

This study makes three main contributions. First, it reframes inefficient EV charging as
a distinct session-level operational risk rather than treating charger utilisation, connection
duration, or energy demand as separate outcomes. By jointly considering idle occupa-
tion and energy productivity, the study provides a measurable basis for distinguishing
productive charger occupation from inefficient infrastructure use. Second, it develops a
problem-specific hybrid workflow that links inefficient-session labelling, unsupervised
charging-session typology analysis, supervised risk prediction, and explainable interpre-
tation. This workflow goes beyond conventional EV charging prediction approaches by
examining not only whether charging demand occurs, but also whether occupied charger
time is effectively converted into useful energy delivery. Third, it provides operationally
interpretable evidence on the conditions associated with inefficient charging risk. By
identifying the roles of pricing variables, repeated user behaviour, temporal routines,
station-level operating conditions, and connector-level attributes, the study supports differ-
entiated pricing, idle-fee design, user reminders, station-level turnover management, and
charging-resource allocation. These contributions align with the broader goal of intelligent
EV charging management by supporting more adaptive, data-driven, and operationally
interpretable infrastructure strategies.

The remainder of this paper is organised as follows. Section 2 reviews related studies
on EV charging behaviour, infrastructure utilisation, operational inefficiency, and ma-
chine learning-based charging management. Section 3 describes the data, feature con-
struction, and inefficient-session definition. Section 4 presents the methodological frame-
work. Section 5 reports the empirical results and discusses their operational implications.
Section 6 concludes the paper and outlines future research directions.
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2. Literature Review
2.1. EV Charging Behaviour and Session-Level Modelling

Understanding EV charging behaviour is essential for intelligent charging-infrastructure
planning, energy modelling, load profiling, power-system optimisation, policy design, and
consumer-behaviour analysis [14]. Compared with aggregate load studies, session-level
records provide detailed information on charging start time, connection duration, delivered
energy, and charger occupation. They therefore offer a useful basis for distinguishing
effective charging demand from broader charger-occupation behaviour. Existing studies
have examined EV charging behaviour mainly from the perspectives of spatiotemporal
patterns, economic incentives, station-level contexts, and user heterogeneity [15].

Spatiotemporal studies show that charging behaviour is closely embedded in daily
mobility routines. Users often charge near home, workplaces, or frequently visited loca-
tions, with station choice influenced by proximity and range anxiety [16]. Seasonal and
temperature conditions also affect charging timing, duration, and the state of charge at
which users decide to recharge [17]. Residential charging sessions are often concentrated
in the afternoon and evening, especially between 16:00 and midnight [18]. These findings
indicate that charging sessions are shaped not only by energy demand, but also by spatial
accessibility, parking opportunities, and routine travel schedules.

Economic and station-level studies further show that charging behaviour responds to
pricing signals and local operating contexts. Price changes can generate spatial spillover
effects in charging demand [19], while charging and post-charging parking fees have been
shown to reduce both charging volume and post-charging parking time [20]. Connection
duration is also closely linked to parking behaviour, as drivers may leave vehicles connected
while working or sleeping [21]. In addition, charging-load profiles differ across residential
and workplace areas [22], and large-scale session data reveal distinct station-level charging-
load patterns [2]. These studies suggest that infrastructure use is shaped by both user
decisions and station operating environments.

User-level studies add another layer of behavioural heterogeneity. Charging choices in
smart-grid contexts are influenced by target energy, effective charging time, and charging
cost [23]. Habitual users may also differ from casual users in electricity consumption and
commuting distance, even when their session durations are not substantially different [24].
These findings highlight the importance of repeated user behaviour and charging routines
in explaining session-level outcomes.

Overall, existing studies have advanced understanding of charging-location choice,
load patterns, arrival and departure behaviour, charging duration, and user typologies.
However, most session-level research still focuses on demand, duration, energy consump-
tion, or flexibility potential. It rarely treats inefficient charging, where chargers remain
occupied while delivering limited energy, as a distinct operational outcome. This limi-
tation is important because high charger occupation does not necessarily imply efficient
infrastructure use. This study addresses this gap by identifying and predicting inefficient
charging sessions using real-world charging-session data.

2.2. Charging Infrastructure Utilisation and Operational Inefficiency

Efficient utilisation of charging infrastructure is critical for improving accessibility,
reducing congestion, supporting grid coordination, and avoiding unnecessary capacity
expansion. Existing studies have examined infrastructure utilisation through indicators
such as charging load, station demand, charger occupation, waiting demand, service
blocking, and profitability. Public charging-station usage can be characterised by energy
consumption, arrival times, occupation, and profitability [25], while large-scale evidence
from the U.S. shows substantial heterogeneity in utilisation, with 50% of Level 2 and direct-

https://doi.org/10.3390/ electronics15143108


https://doi.org/10.3390/electronics15143108

Electronics 2026, 15, 3108

50f29

current fast-charging stations supplying nearly 90% of total charging demand [26]. These
findings suggest that network performance depends not only on charger deployment, but
also on how effectively existing facilities are used.

Operational studies have further examined how infrastructure characteristics and
service conditions affect charging-system performance. Battery capacity has been shown
to shape daily charging routines and infrastructure use [27], while station occupancy,
charger utilisation, waiting demand, and service blocking provide useful evidence for
charging-system planning [28]. However, many utilisation indicators remain station-level
or aggregate in nature. They describe how much a station is used, but do not directly reveal
whether individual occupied sessions are converted into effective energy delivery.

This limitation is important because charger occupation and energy delivery are not
equivalent. Vehicles may remain plugged in after active charging has ended, or may occupy
a charging point for a long period while receiving little energy. Such behaviour reduces
effective charger availability and can restrict access for subsequent users. Non-charging
occupancy has been reported to account for approximately 54% of total station usage
time [29], and overstaying after full charge can create bottlenecks in charging-resource
availability [12]. Idle connection time has also been identified as a key source of operational
inefficiency, with reductions in idle time expected to improve both efficiency and user
satisfaction [30]. More broadly, charging-infrastructure inefficiency has been linked to
operational disruption, spatial mismatch, poor management, and capacity-performance
mismatch [6].

Together, these studies clarify the distinction between utilisation and efficiency. High
utilisation may be undesirable if it reflects prolonged idle occupation, whereas moderate
utilisation may be efficient if occupied time is largely converted into active charging.
Nevertheless, inefficient charging has rarely been modelled as a predictable session-level
risk. Previous studies have mainly examined overstay or idle occupation using station-level
indicators, aggregate occupancy measures, or policy simulation. Limited attention has been
paid to how session-level, temporal, station-level, user-level, and connector-level factors
jointly shape inefficient charging. This study therefore conceptualises inefficient charging
as a session-level operational problem and investigates both its behavioural structure and
predictive determinants.

2.3. Machine Learning for EV Charging Management

Machine learning has become increasingly important for EV charging management
because it can capture nonlinear relationships and complex interactions among temporal,
spatial, economic, behavioural, and infrastructure-related factors. Existing studies have
applied unsupervised and supervised learning to charging-demand prediction, session
classification, load profiling, flexibility estimation, and infrastructure planning.

Unsupervised learning, particularly clustering, has been widely used to identify recur-
ring charging patterns without predefined labels. K-means clustering has been applied to
UK charging data to identify regional power-demand clusters and reveal spatial heterogene-
ity in charging behaviour [31]. Other clustering approaches have also been used to identify
seasonal charging-load profiles [2], session and user typologies such as daytime office-hour
charging, short daytime charging, and overnight charging [32], and driver groups under
large-scale charging-demand scenarios [33]. These studies demonstrate the usefulness of
clustering for uncovering behavioural heterogeneity, but they mainly describe charging
patterns rather than linking them to inefficient charger occupation as an operational risk.

Supervised learning has been used to predict specific charging outcomes, including
energy demand, session duration, station demand, and charge-point flexibility. Previous
studies have compared methods such as multivariate linear regression, Random Forest,
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artificial neural networks, and k-nearest neighbours for EV fleet charging forecasting [34], as
well as Random Forest, CatBoost, XGBoost, and LightGBM for short-term charging-station
demand prediction [35]. Recent work has further combined clustering and prediction. For
example, cluster-based modelling with XGBoost and Long Short-Term Memory models has
been used to predict charge-point flexibility, showing that user-specific charging behaviour
improves prediction accuracy for session duration and energy demand [36]. A dual-layer
clustering framework combining DBSCAN and K-means has also been incorporated into
LightGBM-based charging-demand prediction [37]. However, these studies primarily aim
to predict demand, duration, load, or flexibility, rather than whether occupied charging
time is used efficiently.

Interpretability has also become increasingly important because prediction alone is
insufficient for charging operators and policymakers. Models need to reveal which factors
increase operational risk and under what conditions. Interpretable machine learning meth-
ods, including SHapley Additive exPlanations (SHAP), permutation feature importance,
and PDPs, have therefore been used to explain model outputs. For example, permutation
feature importance and PDPs have been used to rank predictors and quantify marginal ef-
fects in battery cycle-life prediction [38], SHAP has been applied to interpret nonlinear and
interactive effects in charging-station choice behaviour [39], and Shapley-based spatiotem-
poral interpretation has been used to analyse feature, temporal, and spatial contributions
in multi-task learning models [40].

Overall, existing machine-learning applications in EV charging mainly focus on de-
mand prediction, load forecasting, station choice, session classification, or flexibility es-
timation. Comparatively little attention has been paid to predicting inefficient charger
occupation as a distinct session-level operational risk. In addition, explainability studies
have not sufficiently examined whether inefficiency drivers vary across pricing conditions,
temporal routines, station contexts, connector attributes, and user behaviours. To address
these limitations, this study develops a hybrid data-driven framework that combines clus-
tering, supervised machine learning, and interpretable analysis. To position the present
study within the session-based EV charging literature, Table 1 compares representative
studies in terms of their modelling objectives, learning methods, interpretability techniques,
and whether inefficient charging sessions are examined.

Table 1. Overview of modelling approaches in session-based EV charging behaviour studies.

Explicit Focus

Paper Main Application Ensu}?erwsed Super}nsed Interp.r etability on Inefficient Study Area
earning Learning Technique .
Sessions
EV Fuzzy-based
[31] charging-demand K-means clustering ~ Regression analysis  characterisation No SGI,-(ntral England,
characterisation model
Charging-session Behavioural
[32] and user typology GMM and PAM — typology No The Netherlands
identification interpretation
Scalable Driver-group and
probabilistic Hierarchical Probabilistic O . .
331 estimation of EV clustering mixture modelling ]igr?t}; ivﬁgﬁ}; ittem No California, USA
charging behaviour P
Forecasting Multivariate linear
harei . d Model- ht. The
[34] charging . regression, Random performance No Utrecht, The
requirements of an Forest, ANN, and . Netherlands
EV fleet KNN comparison
Logistic Regression,
[39] EV charging-station- Naive Bayes, SHAP No Japan

choice prediction

Random Forest,
and XGBoost
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Table 1. Cont.
. . . Explicit Focus
Paper Main Application Unsuyermsed Super.msed Interp.r etability on Inefficient Study Area
Learning Learning Technique Sessi
essions
Short-term EV Random Forest, Model-
[35] charging-station — CatBoost, XGBoost,  performance No Perth, UK
demand prediction and LightGBM comparison
EV
charging-pattern e
[22] identificationand ~ CLARA algorithm ~ — Load-profile No Wahan, China
interpretation
seasonal
comparison
. Markov
EV charge-point
[36] flexibility Rlule-biased XGBoost and LSTM ]fSlanket-blaseq No The Netherlands
rediction clustering eature selection
P and SHAP
EV . Cluster-based
[37] charging-demand FDBSCAN and LightGBM, LSTM, behavioural No Northern China
S K-means and Random Forest . .
prediction interpretation
[29] ChlaFgmg—stahon. K-means clustering ~ — Cluster—prgﬁle Yes Rochester, USA
efficiency analysis interpretation
Idle connection Mixed logit model Parameter
time reduction and Deep estimation and
[30] . — Q-Network . Yes Suzhou, China
through dynamic . policy-response
.. reinforcement .
pricing 1 . analysis
earning
Z)ie?;g:t)ir;f;? Kemeans clusterin XGBoost, CatBoost, Permutation feature
This study P & Random Forest,and  importance, PDPs, Yes California, USA

inefficient EV
charging sessions

and HDBSCAN

Logistic Regression

and rule extraction

3. Data and Variable Construction
3.1. Data Source and Preprocessing

This study uses EV charging-session records obtained from Data.gov, the U.S. Govern-
ment’s open data platform. The dataset contains 42,801 charging-session records collected
in California between 1 January 2024 and 31 December 2024. California provides a suitable
empirical context for this study because it is one of the most active EV markets in the
U.S. and has been widely used in previous charging-behaviour research [41]. The dataset
includes detailed session-level information, including plug-in and plug-out times, charging
start and end times, total connection duration, effective charging duration, delivered energy,
charging power, fee information, and station-related attributes.

To ensure data quality and analytical reliability, a systematic preprocessing procedure
was conducted before variable construction and modelling. First, records with missing
values in key analytical fields were removed. These fields include total session dura-
tion, charging duration, delivered energy, and session start time, which are necessary
for measuring charging efficiency and identifying inefficient charger occupation. Second,
duplicate records were examined and removed. Because the plug-in event identifier was
not fully unique across the dataset, duplicate sessions were identified using a combination
of charger identifier, session start and end timestamps, delivered energy, and charging
duration. Third, physically inconsistent or abnormal observations were excluded. These
included sessions in which charging duration exceeded total connection duration, records
with non-positive duration or energy values, and sessions lasting more than 24 h. After
preprocessing, 42,793 valid charging sessions were retained for the empirical analysis.
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3.2. Feature Construction

Based on the cleaned charging-session records, a set of session-level, temporal, eco-
nomic, station-level, and user-level features was constructed to characterise EV charging
behaviour and infrastructure utilisation. These features were designed to capture not only
when and where charging occurred, but also whether charger occupation was effectively
converted into energy delivery.

First, temporal features were extracted from the session start timestamp to capture
daily and seasonal charging patterns. These include the session start hour, day of week,
weekend indicator, and month. The session start hour was used to represent intra-day
variation in charging behaviour, while the day-of-week and weekend indicators were used
to distinguish routine weekday charging from more flexible weekend charging. The month
variable was retained to capture potential seasonal variation in charging behaviour.

Second, charging-efficiency features were constructed to measure the relationship
between charger occupation and actual energy delivery. Total session duration was calcu-
lated as the full period during which a vehicle occupied a charging point, while effective
charging duration measured the period during which active charging occurred. The effec-
tive charging ratio was defined as the ratio of effective charging duration to total session
duration, reflecting the share of occupied time used for active energy transfer. Additionally,
three indicators were constructed to capture charger underutilisation: energy delivered per
occupied hour, idle time, and the idle ratio. These indicators are defined as follows:

For charging session i, let T; denote the total session duration, C; denote the effective
charging duration, and E; denote the delivered energy. The energy delivered per occupied
hour P;, idle time D;, and the idle ratio R; are defined as follows:

P;=E/T; 1)
D, =T —C; (2)
Ri=D;/T; = (T; - C;)/T; (3)

where P; measures the overall productivity of charger occupation, D; represents the du-
ration for which the vehicle remains connected without active charging, and R; captures
the proportion of occupied time spent in an idle state. These indicators are central to
distinguishing efficient charging sessions from sessions that occupy infrastructure while
delivering limited energy.

Third, economic features were constructed to examine the role of pricing signals in
charging behaviour. The total fee per session was retained as a direct measure of the cost
incurred by the user. The fee per kWh was calculated by dividing the total session fee by
the amount of energy delivered, thereby capturing the unit cost of charging. A binary free-
session indicator was also created to distinguish between free and paid charging sessions.
This variable allows the analysis to examine whether the absence of direct charging cost is
associated with longer idle occupation or lower charger-turnover efficiency.

Fourth, station-level features were generated to account for heterogeneity across
charging locations. The station historical session count was used as a proxy for long-term
station utilisation, calculated as the total number of sessions recorded at each station during
the study period. The station hourly session count was constructed to capture short-term
operating pressure by counting the number of sessions associated with each station during
each hour-of-day period. Additional station and connector attributes, including the port
type, plug type, session termination type, county, and charging-station model number, were
retained to represent differences in infrastructure configuration and local operating context.
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Finally, user-level features were constructed for sessions with available user identifiers.
Historical visit frequency was calculated as the number of sessions associated with each user,
reflecting the extent of user engagement with the charging network. Based on this measure,
a repeated-user indicator was created to distinguish repeated users from occasional users.
These variables were included because habitual users may develop stable charging routines
that affect charger occupation and post-charging behaviour.

Categorical variables, including the day of the week, weekend status, free-session
status, port type, plug type, session termination type, county, and model number, were
converted into numerical representations for subsequent modelling. The constructed fea-
tures provide the basis for defining inefficient charging sessions and for the later clustering,
prediction, and interpretation analyses.

3.3. Definition of Inefficient Charging Sessions

To support supervised prediction, this study defines inefficient charging sessions
as charging events in which a vehicle occupies a charging point for a relatively long
non-charging period while delivering relatively low energy per occupied hour. This
definition reflects the operational distinction between charger occupation and effective
energy delivery. A session may have a long connection duration, but it should not be
considered inefficient if most of that time is associated with active charging or substantial
energy delivery. Conversely, a session becomes operationally inefficient when the occupied
charging time is poorly converted into delivered energy.

Two indicators were used to identify inefficient charging sessions: the idle ratio and
energy delivered per occupied hour. The idle ratio measures the proportion of occupied
time during which the vehicle remains connected without active charging, while energy
delivered per occupied hour measures the productivity of charger occupation. A session
was labelled as inefficient only when it simultaneously satisfied two conditions: a high
idle ratio and low energy delivered per occupied hour. This dual-condition design avoids
classifying sessions as inefficient solely because they are long, and instead focuses on
sessions with both prolonged idle occupation and weak energy-output efficiency.

To avoid arbitrary threshold selection, a quantile-based rule was adopted. Specifically,
a charging session was classified as inefficient if its idle ratio exceeded the 75th percentile
of the sample distribution and its energy delivered per occupied hour was below the 25th
percentile. Formally, the inefficient-session label was defined as follows:

R; > Qz5(R;) and P < Qyp5(P;); 4)

where Q75 and Q25 denote the 75th and 25th percentiles, respectively. Based on the
empirical distribution of the cleaned dataset, the corresponding thresholds were 0.1296
for the idle ratio and 2.9007 kWh/h for energy delivered per occupied hour. Therefore,
sessions above the idle-ratio threshold and below the energy-productivity threshold were
assigned a value of 1, indicating inefficient charging, while all other sessions were assigned
a value of 0.

A quantile-based rule was adopted for three reasons. First, absolute thresholds for
inefficient charging are difficult to define universally because charging duration, idle occu-
pation, and energy delivery vary across charger types, pricing schemes, station contexts,
and user routines. Second, the percentile-based rule provides a transparent and repro-
ducible way to identify sessions that are relatively inefficient within the observed operating
environment. Third, the dual-threshold design avoids relying on a single indicator: a
session is labelled as inefficient only when it simultaneously exhibits both excessive idle
occupation and low energy productivity. Therefore, the definition captures the joint condi-
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tion of poor charger occupation efficiency rather than merely long duration or low energy
delivery alone.

The 75th percentile of the idle ratio and the 25th percentile of energy delivered per oc-
cupied hour were selected as the baseline thresholds because they identify sessions located
in the upper-idle and lower-productivity tails of the sample distribution while retaining a
sufficient number of observations for supervised learning under class-imbalanced condi-
tions. To assess whether the empirical conclusions depend on this specific threshold choice,
additional sensitivity analyses were conducted using alternative percentile combinations,
including 70/30, 80/20, and 90/10 settings.

Using this definition, 7599 sessions were identified as inefficient, accounting for 17.76%
of the 42,793 valid charging sessions. Figure 1 illustrates the threshold-based classification
in the two-dimensional feature space defined by the idle ratio and energy delivered per
occupied hour. The horizontal dashed line represents the 75th percentile threshold of the
idle ratio, while the vertical dashed line represents the 25th percentile threshold of energy
delivered per occupied hour. Sessions located in the upper-left region (red) satisfy both
conditions and are therefore labelled as inefficient. The blue region indicates efficient. This
rule-based definition provides a transparent and operationally interpretable target variable
for the subsequent prediction task, while the clustering analysis introduced later is used
to examine whether these inefficient sessions also form distinct behavioural patterns in
the data.

1.0 A

0.8 A

0.6 -

Idle Ratio

0.4 1

0.2

0.0 1

T T T T

8 10 12 14
Energy per Occupied Hour (kWh/h)

Figure 1. Rule-based identification of inefficient charging sessions.

3.4. Analytical Variables

The constructed variables were organised into two groups. The first group was used
for charging-session typology analysis, where the aim was to identify distinct behavioural
patterns in EV charging sessions. The second group was used for supervised prediction,
where the aim was to estimate the probability that a session would be classified as inefficient.
The variables used in each analytical stage are summarised in Table 2.
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Table 2. Variables used for clustering and prediction.

Feature Group Variable Definition Clustering Prediction
Dependent variable Inefficient session Bma;y indicator: 1 - inefficient v
session; 0 = otherwise
Session duration Total .durat1or.1 of the v —
. charging session
Session-level features Charging duration Effective active charging time v —
Energy delivered Total en.ergy delivered during v .
the session
N Idle ratio Pr.oportlon .Of occuplfzd time v .
Efficiency-related without active charging
features Energy per occupied hour Energy dehvered per hour of v o
charger occupation
Session start hour Hou.r at which the charging v v
session starts
Day of week Day on which the session occurs — v
Temporal features i indi - 1= .
p Weekend indicator Binary indicator: 1 = weekend; . v
0 = weekday
Month Month in which the session o v
takes place
Fee per session Total fee charged for the session v/ v
Session fee divided by
Economic features Fee per kh delivered energy - Y
Free-session indicator Bmary. 1nd1ca.tor: 1 = free session; . v
0 = paid session
. . . Total number of historical
Station historical .
. sessions recorded at the — v
session count .
. same station
Station-level features Number of sessions recorded at
Station hourly the same station during the o v
session count corresponding hour-of-
day period
Charging port type, such
Port type as J1772 — v
Connector or charging level type,
Plug type such as Level 2 T v
Session termination type, such as
Connector and Ended b vehicle plug-out, customer . v
station attributes y termination, or system
termination
County Cou.nty. in which the charging . v
station is located
Model number Charging-station model number — v
Historical visit frequency Total n umbel: of sessions — v
associated with the same user
User-level features s Binary indicator: 1 = repeated
Repeated-user indicator — v

user; 0 = occasional user

Note: A check mark (v') indicates that the corresponding variable was used.

For clustering analysis, a smaller set of session-level variables was selected to capture

the core behavioural characteristics of each charging event, including occupation duration,
active charging time, delivered energy, idle occupation, energy productivity, charging cost,
and start time. These variables directly describe the operational profile of charging sessions
and are therefore suitable for identifying charging-session typologies.

For supervised prediction, the inefficient-session label defined in Section 3.3 was used
as the dependent variable. The predictor set included temporal, economic, station-level,
connector-level, and user-level variables. Variables directly used to construct the inefficient-
session label, such as the idle ratio and energy per occupied hour, were not included as
predictors in the supervised models to avoid potential target leakage. The final predictor
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EV charging session data .
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# Charging start and end time

» Total connection duration

= Delivered energy
s Charging power

set therefore focuses on observable contextual and behavioural factors that can support
early identification of inefficient charging risk.

This variable organisation supports the two main empirical objectives of the study.
The clustering variables are used to examine whether inefficient charging is associated
with distinctive session-level behavioural patterns, while the prediction variables are
used to identify contextual, economic, station-level, and user-level factors associated with
inefficient charging risk.

4. Methodology

This study develops a three-stage modelling framework to identify, predict, and
interpret inefficient EV charging sessions. The framework integrates unsupervised learning,
supervised classification, and explainable machine learning to support both behavioural
understanding and operational decision-making for intelligent charging-infrastructure
management. Python 3.10.12 was used for data analysis within the Anaconda distribution
(conda 24.5.0).

In the first stage, unsupervised learning is used to identify charging-session typolo-
gies. K-means clustering is adopted as the primary method to group sessions according to
their operational characteristics, while HDBSCAN is used as a supplementary robustness
check. In the second stage, supervised learning is used to predict the inefficient-session
label defined in Section 3.3. To address class imbalance, class-weighting strategies are
applied during model training. In the third stage, the best-performing model is inter-
preted using permutation feature importance, PDPs, and rule extraction. To improve
the clarity of the proposed analytical procedure, Figure 2 presents the workflow of the
data-driven framework.

e Feature construction Definition of inefficient
charging sessions

L’? Session-level features

{%} Efficiency-related features E R e

G) Temporal features A

Economic features ' Idleratio > Q,5(Idleratio) and

ﬁ;h Station-level features Energy per occupied hour

0o Connector and station < Q.5 (Energy per eccupied hour)
attributes

&) User-level features

o Unsupervised oSupervised learning e Explainable machine
learning learning analysis
. . : Prediction models Evaluation metrics = i
Clustering Charging session _ Logistic : AUC Feature importance
analysis typology “““. Regression . —
K-means Long-stay o Random ~ PR-AUC =
Clustering low-output = Forest (%) Predision © Partial dependence plots
High-energy L= XGBoost ') Recall
Al et long-duration . )
ROIEJUS‘t!'iESS Efficient \T CatBoost T F1 Rule extraction
Validation — . L'
short top-up ./ Optimal Model: XGBoost
Key outputs
Typology and Inefficiency | Inefficient session| | Key drivers of inefficient Rule-based Operationa

Concentration

prediction charging sessions nterpretation implications

Figure 2. Workflow of the proposed data-driven framework.
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4.1. Unsupervised Learning for Charging-Session Typology
4.1.1. K-Means Clustering

K-means clustering was used as the primary unsupervised learning method to identify
charging-session typologies. The purpose of this step was to examine whether EV charging
sessions could be grouped into distinct behavioural patterns according to their operational
characteristics. Before clustering, the variables were standardised to ensure that those
measured on different scales contributed comparably to the distance calculation.

K-means is a centroid-based clustering algorithm that partitions observations into k
clusters by minimising within-cluster variation. Each charging session is assigned to the
nearest cluster centroid, after which the centroids are iteratively updated until convergence.
The objective function is to minimise the sum of squared errors (SSE), defined as:

k
SSE(C) =Y 3 lxj—pil? (5)
i=1x;€Z;
where X; denotes the feature vector of charging session j, Z; represents cluster i, yi; is the
centroid of the cluster Z;, and k is the number of clusters [42].

To determine an appropriate number of clusters, alternative K-means solutions were
evaluated using inertia and silhouette scores. Inertia measures within-cluster compact-
ness, while the silhouette score reflects both within-cluster cohesion and between-cluster
separation. To reduce sensitivity to random initialisation, the algorithm was run multiple
times, and the solution with the lowest within-cluster variation was retained. The resulting
clusters were then interpreted according to their mean operational characteristics and their
relationship with the inefficient-session label defined in Section 3.3.

4.1.2. HDBSCAN Robustness Validation

HDBSCAN was applied as a supplementary robustness check to assess whether the
charging-session patterns identified by K-means remained observable under a density-
based clustering approach. Unlike K-means, which partitions observations into a prede-
fined number of compact clusters, HDBSCAN identifies clusters according to local density
variation and does not require the number of clusters to be specified in advance. This
makes it useful for testing whether inefficient charging patterns are robust to a different
clustering logic, especially when charging sessions may contain irregular shapes, local
density differences, or noise observations.

The same standardised session-level variables used in the K-means analysis were
used for HDBSCAN. By using the same feature space, the HDBSCAN results could be
compared with the K-means typology to examine whether high-idle and low-output
charging behaviour formed a consistent pattern across clustering methods.

HDBSCAN is based on the concept of mutual reachability distance. For a given
neighbourhood parameter k, the mutual reachability distance between two observations is
defined as:

max (Ao () dore (37), 4 (300) ) 1 7 5,

dx X, X;) =
() =1 o

mreach

where d¥,,(x;) denotes the distance from observation x; to its k-th nearest neighbour,
and d (xi, xj) denotes the distance between observations x; and x;. Based on the mutual
reachability distance, HDBSCAN constructs a hierarchy of density-based clusters and
extracts the most stable cluster structure [43].
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4.2. Supervised Learning for Inefficient-Session Prediction

After identifying the inefficient-session label, supervised learning was applied to
predict whether a charging session was likely to be inefficient. The prediction task was
formulated as a binary classification problem, where the dependent variable takes the
value of 1 for inefficient sessions and 0 for all other sessions. The aim of this stage was to
compare different classification models and select the model with the strongest predictive
performance under class-imbalanced conditions.

4.2.1. Model Specification and Training Strategy

Four supervised learning models were compared: Logistic Regression, Random For-
est, XGBoost, and CatBoost. These models were selected to represent different levels of
model complexity. As the dependent variable is a binary inefficient-session label, Logistic
Regression was included as a classical statistical regression benchmark for binary clas-
sification. It provides a transparent linear reference model against which more flexible
machine learning models can be compared. Random Forest represents a bagging-based
ensemble method, while XGBoost and CatBoost represent gradient-boosting approaches
that can capture nonlinear relationships and interaction effects among predictors [44]. Their
comparison therefore allows the analysis to assess whether inefficient charging behaviour
can be adequately represented by a classical linear regression structure or whether more
complex nonlinear models are required.

As inefficient sessions accounted for a minority of the dataset, class imbalance was
addressed through sample reweighting. Higher weights were assigned to the inefficient-
session class to reduce model bias towards the majority class.

The cleaned dataset was randomly divided into an 80% training set and a 20% hold-
out testing set. Within the training set, stratified five-fold cross-validation was used for
hyperparameter tuning, ensuring that the proportion of inefficient and non-inefficient
sessions was maintained across folds. Hyperparameters were optimised using randomised
search. Precision-Recall AUC (PR-AUC) was used as the primary tuning metric because it
is more informative than accuracy when the positive class is relatively rare. Final model
performance was evaluated on the hold-out test set using AUC, PR-AUC, precision, recall,
and Fl-score.

4.2.2. XGBoost Model

XGBoost was further specified as the core gradient-boosting model for inefficient-
session prediction. It is a regularised ensemble learning method that builds a sequence
of decision trees, where each newly added tree is trained to correct the residual errors of
the existing model. Compared with linear models, XGBoost does not impose a predefined
functional relationship between predictors and the target variable. This makes it suitable
for modelling inefficient EV charging sessions, as such behaviour may be shaped by
nonlinear interactions.

For a given charging session i, the prediction at iteration ¢ can be expressed as:

o =" 4 fix) @)

where x; denotes the feature vector of session i, f;(-) represents the regression tree added
(£)
i

using a binary logistic objective, so that the model estimates the probability that a charging

at iteration t, and §j; ’ is the updated prediction [45]. In this study, XGBoost was trained

session belongs to the inefficient class.

During hyperparameter tuning, parameters controlling tree depth, learning rate,
number of estimators, subsampling, and regularisation were optimised through 5-fold
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cross-validation [41]. The final tuned XGBoost model was then evaluated on the hold-out
test set and compared with other models.

4.3. Explainable Machine Learning Analysis

After model comparison, the best-performing classifier was further interpreted using
explainable machine learning methods. The aim of this stage was not only to identify
which variables contributed most to inefficient-session prediction, but also to explain how
these variables were associated with predicted inefficiency risk. Three complementary
interpretation techniques were applied: permutation feature importance, PDPs, and rule
extraction. These methods were selected because they support the operational objective
of this study by providing global feature ranking, nonlinear effect interpretation, and
transparent decision rules. Specifically, permutation feature importance was used to assess
the contribution of each predictor to model performance, PDPs were used to examine the
marginal effects and threshold patterns of key variables, and rule extraction was used to
translate model behaviour into interpretable management conditions. Given the focus on
global and management-oriented interpretation rather than local explanation of individual
sessions, these methods were prioritised as the main explainability tools.

4.3.1. Permutation Feature Importance

Permutation feature importance was used to evaluate the contribution of each predic-
tor to model performance. This method measures the decrease in predictive performance
after randomly permuting the values of a given feature while keeping all other features
unchanged. If permuting a feature leads to a large decline in model performance, the
feature is considered important because the model relies strongly on that information.
Conversely, if the performance change is small, the feature has limited predictive relevance.

Let Sop = Score(f, X,y) denote the baseline performance of the trained model f on
() denote the dataset

perm(j)
obtained in the r-th repetition by randomly permuting only the values of feature j, while

the original dataset X with target vector y. For feature j, let X

all other features remain unchanged. The permutation importance score of feature j is then

calculated as:
m

I = ”117_21 [So - Score(f, X;?rm(j),y)} 8

where [; denotes the permutation importance score of feature j, m is the number of repeated
permutations, and Score(-) represents the selected model-performance metric [44]. In this
study, AUC was used as the performance score. A larger value of [; indicates that permuting
feature j causes a greater decrease in predictive performance, suggesting that the feature
makes a stronger contribution to inefficient-session prediction.

4.3.2. Partial Dependence Plots

PDPs were used to examine the marginal relationship between selected predictors and
the predicted probability of inefficient charging. While permutation feature importance
identifies which variables are important, it does not show the direction, shape, or threshold
behaviour of their effects. PDPs address this limitation by showing how the model predic-
tion changes when a specific feature varies while the remaining predictors are averaged
over the observed data distribution.

For a selected feature subset Xs and its complement X¢, the partial dependence
function can be expressed as:

P

fs(Xs) = EXC[ (Xc, Xs)] )
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where Xg denotes the selected feature or feature pair, X¢ represents the remaining pre-
dictors, and f(-) is the trained prediction model. In this study, one-dimensional PDPs
were used to analyse the marginal effects of individual features, while two-dimensional
PDPs were used to examine interaction effects between selected variables. This allows the
analysis to identify nonlinear patterns, threshold effects, and joint conditions associated
with higher inefficient charging risk [38].

4.3.3. Rule Extraction

Rule extraction was applied to translate the prediction behaviour of the trained model
into interpretable decision rules. Although feature-importance measures and PDPs provide
useful global interpretation, they do not directly express the model logic in a form that can
be easily used for operational decision-making. Rule extraction helps address this issue
by identifying combinations of feature conditions associated with a higher probability of
inefficient charging.

In this study, rule extraction was implemented using a model-agnostic surrogate
decision tree. The surrogate tree was trained using the original predictor variables as
inputs and the predicted outputs of the selected machine learning model as the target.
The purpose was to approximate the decision logic of the trained model with a simpler
and more interpretable structure. The resulting IF-THEN rules were then used to identify
typical combinations of pricing, temporal, station-level, and user-level conditions under
which inefficient charging sessions were more likely to occur [46].

5. Results and Discussion
5.1. Charging-Session Typology and Inefficiency Concentration

K-means clustering was first applied to identify typical charging-session patterns.
To determine the appropriate number of clusters, alternative K-means solutions were
evaluated using silhouette scores and the elbow method. As shown in Figure 3, the highest
silhouette score was obtained when k = 3, with a score of 0.289. The silhouette score for
k = 4 was slightly lower at 0.287, while the scores decreased further for larger values of k.
The elbow plot also shows that the reduction in inertia became less pronounced beyond
k = 3, indicating limited additional improvement in within-cluster compactness. Therefore,
k = 3 was retained as it provides a suitable balance between behavioural differentiation
and interpretability.

Silhouette Score for K-means Elbow Method for K-means
0.290
S G 180000 *
o 0.285
o
& 0.280 . 160000
g 0.275 E o.
T 2140000
20270 . |
- 0.265 / P \
o ®

4 5 6 3 4 5 6

Number of Clusters (k) Number of Clusters (k)

Figure 3. Selection of the K-means cluster number.

Table 3 summarises the characteristic profiles of the three K-means clusters. Based
on their operational characteristics, the clusters are labelled as Long-stay Low-output,
High-energy Long-duration, and Efficient Short Top-up. The Efficient Short Top-up cluster
is the largest group, containing 24,561 sessions. These sessions are characterised by short oc-
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cupation duration, a very low idle ratio, and relatively high energy delivered per occupied
hour, suggesting rapid charger turnover and efficient infrastructure use. The High-energy
Long-duration cluster contains 10,346 sessions and has the longest average session duration
and the highest delivered energy. Although these sessions occupy chargers for longer
periods, most of the occupation time is associated with active energy transfer rather than
idle connection. This indicates that long session duration alone should not be interpreted
as inefficient charging.

Table 3. Characteristic profiles of K-means charging-session clusters.

Session Energy per Session

Cluster K-Means Label  Duration Charging Energy Idle Ratio Occupied Fee per Start C.l uster
Seconds (kWh) Session Size
Hours Hour Hour

0 Long-stay 2792 5887.696 5510 0393 2.031 2015 12.122 7886
Low-output

1 High-energy 3.876 12,549.136  17.030  0.064 4615 4.226 11.608 10,346
Long-duration

2 }Eéicf;t Short 1 363 4784396 5721 0023 4325 1314 13.778 24,561

The Long-stay Low-output cluster contains 7886 sessions and represents the most
operationally inefficient charging profile. Sessions in this group have relatively long
occupation duration, a high idle ratio, and low energy delivered per occupied hour. This
means that vehicles in this cluster tend to occupy chargers for extended periods while
delivering limited useful energy. The cluster therefore captures the behavioural pattern
most closely associated with inefficient charger occupation.

Figure 4 further shows the relationship between the K-means session typologies and
the rule-based inefficient-session labels defined in Section 3.3. Approximately 84.5% of
sessions in the Long-stay Low-output cluster are classified as inefficient. By contrast,
only 5.4% of sessions in the High-energy Long-duration cluster and 1.5% of sessions
in the Efficient Short Top-up cluster are labelled as inefficient. These results indicate
that inefficient charging is not randomly distributed across all charging sessions, but is
structurally concentrated within a specific behavioural profile characterised by prolonged
occupation and low energy productivity.

Efficient Short Top-up

) 0.8
S
- c
£ 9
9 F0.6 g
n o
0 \ Q
@ High-energy Long-duration o
(7] 1
- %
% L 0.4 g
[} -4
£
¥ 0.2

Long-stay Low-output

0 1
Inefficient Rule Label

Figure 4. Inefficient-session concentration across K-means clusters.

https://doi.org/10.3390/electronics15143108


https://doi.org/10.3390/electronics15143108

Electronics 2026, 15, 3108

18 of 29

This finding also validates the distinction between charger occupation and effective
energy delivery. A session may be long because it involves substantial charging demand,
as observed in the High-energy Long-duration cluster, or because the vehicle remains
connected with limited energy output, as observed in the Long-stay Low-output cluster.
The latter pattern is more problematic from an infrastructure-management perspective
because it reduces effective charger availability without providing proportional energy
service. This supports previous evidence that overstay behaviour can create bottlenecks in
charging-resource availability and that idle connection time is a key source of operational
inefficiency [30].

5.2. Robustness Validation Using HDBSCAN

HDBSCAN was further applied as a robustness check to examine whether the high-
inefficiency charging pattern identified by K-means could also be observed under a density-
based clustering approach. As shown in Figure 5, the HDBSCAN analysis identified a
high-inefficiency cluster with an inefficient-session proportion of 83.5%. This result is
closely aligned with the K-means Long-stay Low-output cluster, where 84.5% of sessions
were classified as inefficient. The similarity between these two proportions suggests that
sessions characterised by high idle occupation and low energy productivity form a stable
behavioural pattern across different clustering approaches.

100% -

84.5% 83.5%

;\3 80% A
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-+t

S 40% A
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&

=

= 20% -
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K-means HDBSCAN
Long-stay low-output High-inefficiency cluster

Figure 5. Robustness validation of inefficient-session concentration.

Therefore, the HDBSCAN validation supports the robustness of the main K-means
typology. Although K-means is retained as the primary clustering solution because it pro-
vides clearer behavioural labels and more direct operational interpretation, the HDBSCAN
result confirms that the concentration of inefficient charging sessions is not an artefact of a
single clustering method.

5.3. Model Comparison for Inefficient-Session Prediction

After excluding variables that were directly used to construct the inefficient-session
label, the supervised prediction models were trained using the final set of analytical
predictors described in Section 3.4. Table 4 reports the predictive performance of Logistic
Regression, Random Forest, XGBoost, and CatBoost on the hold-out test set.

Among the four models, XGBoost achieved the strongest overall performance, with the
highest AUC of 0.920 and the highest PR-AUC of 0.806. The high PR-AUC is particularly
important because it indicates strong predictive ability under class-imbalanced conditions,
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where the positive class (inefficient sessions) accounts for a smaller share of the sample.
XGBoost also achieved a relatively high recall of 0.772 and an Fl-score of 0.691, suggesting
that it provides a balanced trade-off between detecting inefficient sessions and limiting
false positives.

Table 4. Model performance for inefficient-session prediction.

Model AUC PR-AUC  Precision Recall F1

XGBoost 0.920 0.806 0.625 0.772 0.691
CatBoost 0.917 0.793 0.578 0.789 0.667
Random Forest 0.912 0.793 0.780 0.651 0.709
Logistic Regression ~ 0.854 0.674 0.467 0.680 0.554

CatBoost achieved the highest recall value of 0.789, suggesting that it was slightly
more sensitive in identifying inefficient sessions. However, its lower precision of 0.578
suggests that this sensitivity came at the cost of more false-positive predictions. Random
Forest achieved the highest precision of 0.780 and the highest F1-score of 0.709, but its
recall was lower than that of XGBoost and CatBoost. This indicates that Random Forest
was more conservative in classifying sessions as inefficient, which reduced false positives
but missed more inefficient sessions. Logistic Regression performed less favourably across
all evaluation metrics, particularly in terms of PR-AUC and F1-score, suggesting that a
linear model is less capable of capturing the nonlinear and interactive patterns associated
with inefficient charging behaviour. The lower performance of Logistic Regression suggests
that inefficient charging is not fully captured by a purely linear decision structure. Instead,
the stronger performance of tree-based ensemble and boosting models indicates that
nonlinear relationships and interaction effects among the variables play an important role
in identifying inefficient charging sessions.

Considering the combined performance, XGBoost was selected as the primary model
for subsequent interpretation. Its results indicate that inefficient charging behaviour is
not only predictable, but also likely shaped by nonlinear relationships among pricing
conditions, temporal routines, station operating contexts, and user-level charging patterns.
The following section therefore uses the trained XGBoost model to identify and interpret
the main drivers of inefficient charging sessions.

To further examine whether the model comparison results were sensitive to a single
random train—test split, an additional repeated validation analysis was conducted. The
stratified 80/20 train—test split was repeated 30 times using different random seeds. For
each split, the models were trained and evaluated using the same preprocessing, class-
weighting, and hyperparameter-tuning procedures. Table 5 reports the mean and standard
deviation of the evaluation metrics across repeated runs. The results show that the relative
model performance remains stable. XGBoost consistently achieves the strongest overall
performance in terms of AUC and PR-AUC. Logistic Regression remains the weakest model
across repeated splits, confirming that the main conclusion is not driven by one particular
data partition.

Table 5. Robustness of model performance across repeated random splits.

Model AUC PR-AUC Precision Recall F1

XGBoost 0.918 + 0.006 0.801 4+ 0.011 0.621 4+ 0.018 0.768 + 0.021 0.687 4+ 0.014
CatBoost 0.915 &+ 0.007 0.789 £ 0.013 0.574 4+ 0.020 0.784 + 0.024 0.662 £ 0.016
Random Forest 0.910 + 0.006 0.790 4 0.012 0.773 + 0.022 0.648 + 0.019 0.705 4 0.015
Logistic Regression  0.852 4= 0.008 0.671 4+ 0.015 0.463 + 0.017 0.676 + 0.025 0.550 4 0.018
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To examine the robustness of the inefficient-session definition, a sensitivity analysis
was conducted using alternative percentile combinations. In addition to the baseline
75/25 rule, three alternative definitions were tested: 70/30, 80/20, and 90/10. The results
(see Table 6) show that changing the percentile thresholds affects the number of sessions
labelled as inefficient, as expected, but does not change the main empirical conclusions.
Across alternative definitions, inefficient sessions remain concentrated in the Long-stay
Low-output cluster, while the High-energy Long-duration and Efficient Short Top-up
clusters contain only a small proportion of inefficient sessions. This confirms that the
identified inefficient-charging pattern is not an artefact of one specific percentile setting.

Table 6. Sensitivity analysis of inefficient-session definition under alternative percentile thresholds.

Inefficient Sessions, Inefficiency Rate
Threshold Setting o ! Within Long-Stay Best Model Robustness Interpretation
n (%)
Low-Output Cluster
70/30 10,239 (23.93%) 76.8% XGBoost Broader definition; same
behavioural pattern
75/25 baseline 7599 (17.76%) 84.5% XGBoost Baseline definition
80,20 6217 (14.53%) 90.6% XGBoost Stricter definition; same
behavioural pattern
90/10 2935 (6.86%) 96.2% XGBoost Most conservative definition;

same behavioural pattern

The supervised prediction results are also robust across threshold settings. Tree-based
ensemble and boosting models consistently outperform Logistic Regression, indicating
that inefficient charging is better captured by nonlinear and interaction-based models.
Additionally, the key explanatory variables remain broadly stable, with pricing conditions,
temporal routines, station-utilisation context, and repeated-user behaviour repeatedly
emerging as important predictors. These findings suggest that the proposed definition
provides a robust operational basis for identifying inefficient charging sessions.

5.4. Key Drivers of Inefficient Charging Sessions
5.4.1. Global Feature Importance

Figure 6 presents the permutation feature importance results for the XGBoost model.
Pricing-related variables were the dominant predictors of inefficient charging sessions.
Fee per kWh had the highest importance score of 0.312, followed by fee per session with
an importance score of 0.129. This indicates that pricing conditions provide substantial
information for distinguishing inefficient sessions from other charging sessions. The
stronger importance of fee per kWh suggests that unit-cost signals are especially relevant
to inefficient charging behaviour, while fee per session captures the overall cost burden of
each charging event. This result is consistent with previous evidence that charging fees
and post-charging parking fees can influence charging behaviour and reduce prolonged
occupation [20].

User-related behaviour also contributed to inefficient-session prediction. Historical
visit frequency had an importance score of 0.046, suggesting that repeated charging be-
haviour is associated with inefficient charging risk. This may reflect the role of habitual
charging routines, where frequent users become accustomed to occupying chargers for
longer periods or using charging spaces as routine parking resources. Temporal and station-
level variables, including session start hour, station historical session count, and station
hourly session count, showed moderate importance. These variables indicate that ineffi-
cient charging is shaped not only by individual session cost, but also by when charging
occurs and how charging stations are used over time.
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Figure 6. Permutation feature importance of the XGBoost model.

5.4.2. Marginal Effects of Key Predictors

PDPs were used to further examine the effects of highly ranked and operationally
interpretable variables. Figure 7 presents the PDPs for fee per session, session start hour,
station historical session count, and station hourly session count.
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Figure 7. Partial dependence plots of key predictors.

The PDP for fee per session shows a nonlinear negative association between session-
level charging cost and the predicted probability of inefficient charging. When the fee
per session is low, the predicted inefficiency risk remains relatively high. As the fee
increases, particularly within the low-to-medium fee range, the predicted probability
declines sharply. Beyond approximately 3.2, the curve becomes nearly flat, indicating that
further fee increases are associated with only limited additional reduction in predicted risk.
This pattern suggests that pricing can discourage prolonged charger occupation, but only
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up to a certain point. Once charging fees exceed a moderate level, remaining inefficient
behaviour may be driven more by parking convenience, charging necessity, or fixed travel
schedules than by price alone. This finding is consistent with previous evidence that pricing
mechanisms can help alleviate charging overstay and inefficient charger occupation [47].

The PDP for session start hour indicates a clear temporal pattern. The predicted
probability of inefficient charging increases during the morning and reaches its highest
level around 8-9 a.m. It then declines after late morning, while the lowest risk appears in
the evening. One possible explanation is that morning charging sessions are more likely
to coincide with commuting and workplace-parking routines, which can extend charger
occupation after active charging has ended [17]. In contrast, evening sessions may be more
time-constrained or linked to return-home travel, reducing the likelihood of prolonged
post-charging occupation. This pattern is consistent with previous findings that charging
start time, parking context, and daily travel routines are closely related to charging duration
and idle connection time [30].

The PDP for station historical session count shows an inverted-U relationship. The
predicted probability of inefficient charging initially rises as historical station activity
increases, peaking around 700-900 sessions, and then gradually declines. This suggests
that inefficient charging is not simply a linear consequence of high demand. At low-
activity stations, inefficient occupation may be less likely because overall usage pressure
is limited. As station popularity increases, however, growing occupation pressure may
increase the likelihood of longer dwell times and reduced turnover efficiency [26]. At very
high levels of historical use, the predicted risk declines, possibly because mature or heavily
used stations develop more stable user expectations, clearer turnover norms, or stronger
demand-management conditions.

The PDP for station hourly session count reveals a fluctuating and non-monotonic
relationship. At relatively low levels of short-term station usage, predicted risk remains
moderate. As the hourly session count increases, the predicted risk generally rises, suggest-
ing that short-term station load can increase the likelihood of inefficient occupation [48].
A trough appears around 150-160 hourly sessions, followed by a rapid increase around
170-180 sessions. This may indicate a local operating range where short-term demand is
temporarily well matched with charger turnover capacity, but once this balance is exceeded,
additional arrivals may quickly translate into inefficient occupation. This result supports
the view that inefficient charging can emerge when local demand pressure exceeds turnover
capacity [25].

5.4.3. Interaction Effects

To examine whether the effects of key predictors vary across operating contexts, two-
dimensional PDPs were constructed. Figure 8 presents the interaction effects of session
start hour with fee per session and station hourly session count.

The joint PDP of session start hour and fee per session shows that low fees are not
uniformly associated with high inefficiency risk. Instead, their effect is amplified during
specific time windows. A pronounced high-risk region appears for sessions starting
between approximately 6:00 and 12:00 when the fee per session is within a low-to-moderate
range of around 1.0-1.6. This suggests that low charging costs are most likely to contribute
to inefficient occupation when sessions overlap with morning or daytime activities, such
as work-related parking or other long-dwell activities [21]. In contrast, when the fee per
session exceeds approximately 3.0, the predicted risk declines substantially across most
time periods. Evening sessions, particularly those starting between 18:00 and 22:00, show
comparatively lower inefficiency risk under similar fee levels, possibly because evening
charging is less strongly linked to long-duration parking routines [15].
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Figure 8. Interaction effects on inefficient charging risk.

The joint PDP of session start hour and station hourly session count further shows that
short-term station pressure does not translate into inefficient charging uniformly across
the day. A high-risk region appears between approximately 6:00 and 12:00 when station
hourly session count reaches around 160-190. This indicates that station load becomes most
consequential during early-in-the-day periods, when charging sessions are more likely to be
associated with commuting, workplace parking, or longer dwell-time activities. By contrast,
evening periods show lower predicted risk across most utilisation levels, suggesting that
similar levels of station activity are less likely to result in inefficient charging later in the day.

5.5. Rule-Based Interpretation

The extracted surrogate tree identifies three representative high-risk pathways, as
summarised in Table 7. These rules mainly involve fee per kWh, fee per session, and
historical visit frequency, which is consistent with the feature-importance results reported
in Section 5.4. This indicates that the rule-based approximation captures the dominant
decision logic of the XGBoost model.

Table 7. Representative high-risk rules extracted from the surrogate decision tree.

Conditions Leading to

Rule Inefficient Classification Operational Interpretation
fee per kWh < 0.24; fee per Frequent users are more likely to generate inefficient
Rule 1 session < 1.66; historical visit sessions when both unit charging cost and total
frequency > 77.50 session cost are low.
Rule 2 0.24 < fee per kWh < 0.38; fee per Even under moderate unit prices, a low total session
¢ session < 2.93 fee is associated with higher inefficient charging risk.
Higher-unit-price sessions are also classified as
high-risk, suggesting that inefficient occupation may
Rule 3 fee per kWh > 0.38 occur in contexts where behaviour is driven by

parking duration or destination-based activities rather
than low price alone.

Rule 1 shows that when fee per kWh is no higher than 0.24 and fee per session is no
higher than 1.66, sessions are classified as inefficient only when historical visit frequency
exceeds 77.50. This suggests that low-cost charging does not automatically lead to in-
efficient occupation for all users. Instead, inefficient risk becomes more evident when
low-price conditions coincide with frequent charging behaviour. A possible explanation
is that repeated users may develop habitual charging routines and become more likely to
treat charging spaces as familiar parking resources when the economic cost of prolonged
occupation is low.
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Rule 2 indicates that when fee per kWh falls within a moderate range between 0.24 and
0.38, sessions with fee per session no higher than 2.93 are also classified as inefficient. This
rule suggests that total session cost remains an important behavioural signal even when
the unit price is not extremely low. In other words, if the overall cost burden of a session
remains modest, users may still have limited incentive to release the charger promptly after
active charging has ended.

Rule 3 shows that sessions with fee per kWh above 0.38 are also assigned to the
inefficient class. Although this appears counterintuitive, it may reflect charging contexts in
which higher unit prices are associated with destination-based or convenience-oriented
charging. In such situations, users may remain parked for work, shopping, or other
activities, and inefficient occupation may be driven more by dwell-time behaviour than
by low charging cost alone [49]. Therefore, the rule-based results suggest that inefficient
charging is not governed by a simple linear relationship between price and behaviour. Both
low-price habitual use and higher-price destination-based charging contexts may generate
inefficient occupation, but through different behavioural mechanisms.

5.6. Operational Implications and Deployable Management Strategies

The empirical results provide several practical implications for intelligent charging-
infrastructure management. First, the clustering results show that inefficient charging
is not simply a by-product of long charging duration. The High-energy Long-duration
cluster also occupies chargers for an extended period, but this occupation is largely as-
sociated with substantial energy transfer. By contrast, the Long-stay Low-output cluster
is characterised by prolonged occupation, a high idle ratio, and low energy delivered
per occupied hour. This distinction suggests that charging operators should not manage
infrastructure efficiency using connection duration alone. Instead, operational monitoring
should distinguish between productive long-duration charging and inefficient Long-stay
Low-output occupation.

Second, the model-interpretation results highlight the importance of pricing design.
Pricing-related variables, particularly fee per kWh and fee per session, are the strongest
predictors of inefficient charging. The PDP results further suggest that higher session fees
are associated with lower inefficient charging risk, although the marginal effect becomes
weaker beyond a moderate fee level. This indicates that pricing mechanisms may help
improve charger turnover, but uniform price increases are unlikely to fully eliminate ineffi-
cient occupation. A more effective approach may involve differentiated pricing or targeted
idle-fee policies that respond to local congestion, the time of day, and station utilisation
conditions. This is consistent with previous evidence that charging and post-charging
parking fees can influence charging behaviour and reduce prolonged occupation [20,47].

Third, inefficient charging appears to be shaped by user routines. Historical visit
frequency contributes to model prediction and appears in the extracted high-risk rules,
suggesting that repeated users may develop habitual charging and parking behaviours.
For operators, this implies that inefficient occupation should not only be addressed
through station-level pricing, but also through user-level behavioural interventions. Ex-
amples include personalised reminders, repeated-overstay notifications, loyalty-based
incentives for timely unplugging, or differentiated warnings for users with a history of
prolonged idle occupation. Such interventions may be less disruptive than blanket penal-
ties and can help encourage behavioural change among users most likely to contribute to
inefficient occupation.

Fourth, the interaction effects indicate that inefficient charging risk is time-sensitive.
Low-to-moderate fees are most strongly associated with higher predicted risk during
morning and daytime periods, particularly around commuting and workplace-parking
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windows. Similarly, station hourly session count becomes more consequential during
early-in-the-day periods, suggesting that real-time station pressure does not translate into
inefficient charging uniformly throughout the day. Charging operators may therefore
benefit from time-sensitive management strategies, such as stronger idle reminders dur-
ing morning peak periods, dynamic turnover incentives during high-risk windows, or
temporary escalation of idle fees when local station pressure rises.

Fifth, the results suggest that infrastructure planning should not focus only on expand-
ing charger supply. If inefficient sessions are concentrated in specific behavioural profiles,
adding more chargers may not fully solve local access problems unless charger turnover is
also improved. Intelligent infrastructure management should therefore combine capacity
expansion with operational efficiency measures. These may include monitoring idle oc-
cupation, identifying stations with persistent Long-stay Low-output behaviour, adjusting
pricing rules by station context, and using predictive models to flag sessions or locations
with elevated inefficient-occupation risk.

To further translate the predictive results into deployable charging-management strate-
gies, Table 8 summarises how the model outputs and empirical findings can be opera-
tionalised by charging operators. The proposed strategies are not intended as universal
pricing rules, because appropriate fee levels depend on local tariffs, parking regulations,
charger types, and user acceptance. Instead, they provide a data-driven management
logic that can be calibrated by operators using local operational targets. In particular, the
empirical inefficient-session thresholds identified in this study, namely an idle ratio above
0.1296 and energy delivered per occupied hour below 2.9007 kWh/h, can be used as initial
monitoring thresholds for detecting Long-stay Low-output behaviour. The prediction
model can further be used to prioritise high-risk sessions, stations, or time windows before
inefficient occupation becomes persistent.

Table 8. Translating predictive analytics into charging-management strategies.

Empirical Finding

Deployable Management
Strategy

Suggested Operational Rule

Expected Operational
Improvement

Inefficient sessions are
characterised by a high idle ratio
and low energy productivity

Real-time inefficient-session
monitoring

Flag sessions when the idle ratio
exceeds 0.1296 and energy
delivered per occupied hour falls
below 2.9007 kWh/h

Earlier identification of Long-stay
Low-output occupation and
improved charger turnover

Pricing variables are strong
predictors of inefficient charging

Adaptive idle-fee design rather
than uniform price increases

Apply idle-fee escalation only
after active charging has ended
and a grace period has passed;
increase fee intensity during
high-risk periods or high
station-pressure conditions

Reduced post-charging
occupation without penalising
productive long-duration
charging

Higher session fees reduce
inefficient charging risk, but
marginal effects weaken beyond a
moderate level

Moderate differentiated pricing

Use moderate session-based or
idle-based charges rather than
blanket price increases; calibrate
fee levels using local PDP
response patterns

Improved turnover while
avoiding excessive user burden

Repeated users are associated
with inefficient-session risk

User-level behavioural
intervention

Send personalised reminders or
repeated-overstay notifications to
users with frequent long-idle
behaviour; offer incentives for
timely unplugging

Behavioural correction among
users most likely to contribute to
repeated inefficient occupation

Inefficient risk varies by the time
of day and station pressure

Time-sensitive station
management

Strengthen reminders, parking
enforcement, or idle-fee rules
during morning and
workplace-parking windows,
especially when station hourly
session count is high

Lower congestion during peak
operational windows and better
effective charger availability
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Table 8. Cont.
Empirical Finding Deployable Management Suggested Operational Rule Expected Operational
Strategy Improvement
Prioritise stations with persistent
Inefficient occupation is Long-stay Low-output patterns More efficient use of existing
concentrated in specific Targeted station-level intervention  for signage, pricing adjustment, infrastructure before costly
behavioural profiles user nudges, or parking-rule charger expansion

redesign

These strategies bridge the gap between predictive analytics and operational deploy-
ment. For example, the framework can be implemented as a two-stage management system.
In the first stage, real-time monitoring identifies sessions approaching the inefficient-
occupation profile based on idle ratio, energy productivity, station pressure, and predicted
risk. In the second stage, operators apply differentiated interventions, such as reminders,
targeted idle-fee escalation, or station-level turnover policies. The expected improvements
include reduced non-charging occupation, higher energy delivered per occupied hour,
increased effective charger availability, and fewer cases in which charger expansion is used
to compensate for inefficient use of existing infrastructure.

6. Conclusions

This study proposed a hybrid data-driven framework for identifying, predicting, and
explaining inefficient EV charging sessions. Using charging-session data from Califor-
nia, inefficient charging was defined based on the joint condition of a high idle ratio and
low energy delivered per occupied hour. The study then combined K-means clustering,
HDBSCAN robustness validation, supervised classification, and post hoc model interpreta-
tion to examine whether inefficient charging forms identifiable behavioural patterns and
whether it can be predicted using observable session-level, temporal, pricing, station-level,
connector-level, and user-level information.

The empirical results provide three main findings. First, inefficient charging is strongly
associated with a distinct long-stay, low-output charging profile. The K-means analysis
identified three charging-session typologies: Long-stay Low-output, High-energy Long-
duration, and Efficient Short Top-up. Importantly, the results show that long connection
duration alone is not a reliable indicator of inefficient infrastructure use. High-energy Long-
duration sessions may still represent productive charger occupation when the occupied
time is converted into substantial energy delivery. By contrast, inefficient sessions are
concentrated in the Long-stay Low-output cluster, where vehicles remain connected for
relatively long periods while delivering limited energy. The HDBSCAN robustness check
further confirms that this high-inefficiency behavioural pattern is not an artefact of a single
clustering method.

Second, inefficient charging sessions can be predicted effectively using observable
contextual and behavioural features. Among the four supervised models compared, XG-
Boost achieved the strongest overall performance. This indicates that inefficient charger
occupation is not purely random, but is shaped by systematic nonlinear relationships
among pricing conditions, user routines, temporal patterns, and station operating contexts.

Third, the interpretation results show that pricing-related variables are the dominant
predictors of inefficient charging risk. Fee per kWh and fee per session contribute most
strongly to the XGBoost prediction, while historical visit frequency, session start hour,
and station-utilisation indicators provide additional explanatory information. The partial
dependence results reveal nonlinear effects, suggesting that increasing session-level fees
is associated with lower inefficient charging risk, but with diminishing marginal effects
beyond a moderate fee level. The rule-extraction results further show that inefficient
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charging risk can arise under different behavioural pathways, including low-cost frequent-
user behaviour and charging contexts where occupation may be driven more by destination-
based dwell time than by energy demand alone.

These findings contribute to the literature on EV charging management in three
ways. First, the study shifts attention from aggregate charger utilisation and charging-
demand forecasting to session-level inefficient charger occupation. This provides a clearer
basis for distinguishing between occupied charging time and effective energy delivery.
Second, it demonstrates that inefficient charging should be separated from productive
long-duration charging, thereby avoiding the misleading assumption that all long sessions
are operationally inefficient. Third, it develops an interpretable prediction framework
that links machine learning outputs to actionable charging-management evidence. By
integrating typology identification, prediction, and model interpretation, the framework
supports a more intelligent and operationally meaningful understanding of how effective
charging capacity is lost within existing infrastructure networks.

Future research should further examine the transferability and external validity of the
proposed framework. This study is based on charging-session data from California, and
the results may be influenced by local travel behaviour, pricing rules, parking conditions,
and charging-network design. Additionally, the current dataset does not include detailed
charging-power variability, weather information, or vehicle-specific characteristics such
as battery capacity, state of charge, and vehicle model, which may further affect charging
duration and energy delivery. Future studies could integrate these additional variables and
test the framework using independent datasets from other regions, charging operators, and
pricing environments. Such extensions would help assess whether the inefficient-session
definition, prediction model, and operational interpretation remain robust across different
charging-network contexts.
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SSE Sum of Squared Errors
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