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Abstract: Reliable electric vehicle (EV) charging infrastructure is increasingly important as charging networks expand. The
study developed an explainable machine-learning framework to determine if a charger would document a maintenance-
relevant fault in the next three calendar days. A Chinese dataset of 441,077 charging sessions from 92 chargers was
transformed into a continuous charger-day panel with 16 operational, environmental, fault-history and rolling-workload
predictors. The performance of Logistic Regression, Random Forest, XGBoost and LightGBM was compared via leakage-
controlled temporal validation, operating-threshold selection on the independent validation period, and final evaluation on
a later temporal holdout. Logistic Regression achieved the highest cross-validated Average Precision (0.701) and ROC-AUC
(0.817). It had ROC-AUC 0.806 and Average Precision 0.750 on the temporal holdout comprised of 15,026 rows. For the
validation selected threshold 0.16, the recall value was 0.875 and the F2 value was 0.762. Ablation and correlation-aware
SHAP analysis highlighted the importance of recent fault history for short-horizon risk, explaining 67.77% of the total mean
absolute SHAP attribution. There was a significant domain shift observed in the UK and Swedish datasets; however, the
fault labels were not compatible and no direct external validation was possible. The framework offers a rigorous and
interpretable basis for prioritisation of maintenance and emphasizes the necessity for the local validation and setting of
thresholds dependent on costs before proceeding to new chargers and networks.

Keywords: Electric Vehicle Charging Infrastructure; Predictive Maintenance; Fault Prediction; Explainable Artificial Intelligence;
Logistic Regression; Temporal Validation.

How to Cite: Matthew Busayo Olanrewaju; Cornelius Chukwujekwu Okafor; Emmanuel Ayodeji Afolabi (2026) Al-Based
Predictive Maintenance for EV Chargers Using Real-World Operational and Fault-History Data. International Journal of
Innovative Science and Research Technology, 11(9), 50-65. https://doi.org/10.38124/ijisrt/26sep157

I INTRODUCTION EV chargers are power-electronic and electro-
mechanical equipment subject to repeated switching,

The increasing adoption of electric mobility is putting a
demand on charging infrastructure as a key component of
contemporary transport and energy systems. High charging
reliability is essential not only to facilitate the rise of EV use,
but also to guarantee user confidence and network
availability. The charging needs vary from place to place as
they are influenced by travel behaviour, access to charging
points, parking facilities and the local demand dynamics
(Funke et al., 2019). The deployment of EVs also has a global
boost, with focus on charging stations and service reliability
(International Energy Agency, 2023). The greater the usage
of public and semi-public chargers, the more of a operational
issue maintenance becomes as opposed to a secondary
engineering issue.
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variation in energy throughput, environmental variations and
disparate user behaviour. These conditions produce
transaction and operating records that can be used for
condition monitoring. Thermal and operational data have
already been applied to detect abnormal behaviour in
charging stations (lzquierdo Gomez et al., 2022), and
autoencoder-based techniques have shown good performance
in early fault detection when applied to EV supply equipment
(Sakwa et al., 2024). This provides a chance to shift from
reactive maintenance to methods which rely on past operating
data to predict failures before they disrupt services.

The wide basis for this transition is given by predictive
maintenance. Instead of using static schedules or engaging
post-event intervention, it predicts the risk associated with an
equipment for a given time in the future based on current and
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historical asset data (Carvalho et al., 2019; Zonta et al., 2020).
The reason for machine learning being helpful in this setting
is that fault occurrence may closely depend on complex
relationships between input utilisation, the environment and
previous behaviour of the equipment (Dalzochio et al., 2020).
In the area of machinery prognostics, it is shown that all
temporal information will be critical for future-state
prediction since previous operating states may contain
information about upcoming asset condition (Lei et al., 2018;
Zhao et al., 2019). As such, transaction histories can to
temporal indicators of recent workload at EV chargers and
degree of fault recurrence.

Several machine learning models are already developed
and optimised in EV charging analytics, especially for the
charging characteristic, demand prediction, load forecasting
and flexible charging (Shahriar et al., 2020; Almaghrebi et
al., 2020; Sun et al., 2020; Wang et al., 2020; Sadeghian et
al., 2021). Similar research in the area of electrified system
also used machine learning based on battery health
estimation, charging system supervisory control and
management of electrical assets (Ng et al., 2020; Nademi &
Zhang, 2020; Hoffmann et al., 2020). Later works expanded
EV analysis using feature-rich and interpretable
spatiotemporal models (Cao et al., 2024; Shang et al., 2025).
However, these studies mainly project the interaction of
vehicles and the charging infrastructure instead of detecting
if the very charging equipment is about to fail in maintenance.
This distinction matter significantly because a demand model
can reach high precision while offering little insight about the
short-term reliability of the charger delivering that service.

Charger utilisation is also extremely heterogeneous in
real-world charging studies. In the context of lower
availability and unequal uptake in public rapid-charging,
Olanrewaju & Aderinko (2026a) show congruence in arrival
state of charge, charging duration and partial replenishment
behaviour using UK public-charging telemetry. Their results
indicate that public chargers operate according to user
choices, as opposed to the theoretical cycles. Using high-
resolution data, Olanrewaju and Aderinko (2026b) assessed
interactions between EV charging, photovoltaic generation
and battery storage at the system level, revealing that peak
load and energy balance responds to changing charging
demand. These studies collectively show the benefit of real
operation data to shed light on charger adoption and energy-
system impacts. This study extends that data-driven
perspective into short-horizon infrastructure fault prediction.

Research specifically examining charging-equipment
condition is smaller, but also developing. Shuvo and Yilmaz
(2020) associated predictive maintenance based reasoning
with growing charging load of electric vehicle in distribution
networks. lzquierdo Gomez et al. (2022) used thermal
modelling for charger anomaly detection. Also, Sakwa et al.
(2024) researched early EVSE failure to diagnose based on
autoencoders. More recently, Wang et al. (2025) used an
adaptive dynamic thresholds-based fault prediction for EV
charging equipment. These studies demonstrate the viability
of data driven charger monitoring. Nonetheless, anomaly
detection is not the same as current fault detection and
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prospective fault prediction. Anomaly detection detects
deviations from expected behaviour and predictive
maintenance needs to estimate an event that has not
annonated prior to the predicted label instance (Pang et al.,
2021).

Three gaps are especially relevant. First, one of the
prerequisites for short-horizon maintenance prediction is that
it must be able to distinguish between information disclosed
or observable at prediction time and events taking place after
this point. This is necessary to prevent future information
from leaking into feature construction, model selection or
threshold tuning and inflating apparent performance. Second,
fault recurrence and accumulated workload need to be
analyzed together since they are different measures of charger
history collected from test data. Third, they have other
requirements than pure discrimination performance. The
predictions that they make should be interpretable, calibrated
and tested under proper temporal holdout conditions.
Explainable Al consists of methods that explain which
features are responsible for the model risk estimates (Arrieta
et al., 2020). This is particularly pertinent in predictive
maintenance where trust and operational actionability impact
deployment (Cummins et al., 2024). SHAP is a principled
method for model attribution (Lundberg et al. 2020), but true
interpretation of Shapley values requires all inputs as
correlational feature dependence must be controlled for (Aas
et al., 2021).

Accordingly, this study proposes an explainable
machine-learning approach that classifies the recorded
maintenance-related EV-charger faults in the next 3 calendar
days. The framework includes current operational and
environmental factors as well as fault and workload histories
of length 7, 14, and 30 days, and compares 4 machine learning
algorithms in an embargoed temporal validation, locks on a
separate temporal validation period, and evaluates the
selected model on a later temporal holdout. Other
assessments include robustness, calibration, and clustered
uncertainty and correlation-aware explainability. Operational
domain shift and limits to model transportability is explored
using UK and Swedish charging data.

» Aim, objectives and Research Question

The aim of the study was to develop and evaluate an
explainable short-horizon model for predicting recorded
maintenance-relevant faults in EV chargers using real-world
operational and fault-history data. Specific objectives were
to: (1) characterize charging activity and maintenance-
relevant fault patterns in the Chinese charging data set; (2)
develop leakage-safe temporal predictors and compare four
models for making three-day prospective fault predictions,
namely Logistic Regression, Random Forest, XGBoost and
LightGBM; (3) evaluate the selected model with respect to an
independently chosen operating threshold, temporal holdout
performance, calibration, robustness and explainability; and
(4) compare the operational differences between the Chinese,
UK and Swedish data sets and implications for model
transportability.
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The research question in this study is formulated as
follows: To what extent can historical operational and fault
information be used to explain the faults of the EV-charger,
which are relevant to maintenance, over the next three days?
The study was designed as a predictive study with
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prespecified objectives and a research question, instead of a
classical null-hypothesis test. Model choice and performance
claims were based on temporal validation and out-of-time
predictive evaluation.

MATERIALS AND METHODS

P
o DATA INPUTS

« China: 441,077 sessions
« 92 chargers, 2019-2021
* External data: UK and Sweden

AN

o PREPROCESSING

« Data-quality and timestamp checks
« Charger-day aggregation
* Maintenance-fault labeling

-
o FEATURE ENGINEERING

+ 16 predictors
+ Operation, weather and fault history

+ Rolling windows: 7, 14 and 30 days

AN

v

B
° MODEL SELECTION

« Logistic Regression, Random Forest
* XGBoost and LightGBM
* Expanding temporal cross-validation

A
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p
o TEMPORAL VALIDATION

Chronology preserved; no leakage

Model Threshold
[ selection H Embargo H validation H Test ]

B
o PREDICTION OUTCOME

= Fault occurrence in the next 3 days
+ Minimum 30-day history required
+ Complete future horizon retained

A

v

.
e EVALUATION

« Average Precision and ROC-AUC
« F2-based threshold selection

+ Final temporal holdout assessment

o ROBUSTNESS & EXPLAINABILITY

* Baseline, ablation and bootstrap
« Probability calibration

+ Correlation-aware SHAP analysis

p
o TRANSPORTABILITY

+ External operational benchmarking
+ Domain-shift assessment

+ No compatible external fault labels

v

Explainable 3-day
fault prediction

Maintenance
prioritization support

Transportability
insights

Fig 1 Methodological Framework for Explainable Short-Horizon Prediction of Maintenance-Relevant EV-Charger Faults and
External Transportability Assessment.
Source: Authors” Conceptualisation.

» Study Design and Data Sources

A retrospective predictive-modelling design was used.
Historical data from a charging network in China was used as
the development data set, while data from charging networks
in the UK and Sweden was used exclusively for external
operational benchmarking and for transportability
assessment. The prediction unit was the charger-day.
Information available through the end of day t was used to
estimate whether at least one maintenance-relevant fault
would be recorded during calendar days t+1 to t+3. The
analytical design maintained the sequence of the features
during construction, during selection of the model, during the
tuning of the thresholds, and during the final evaluation.

The Chinese dataset contained 441,077 charging
sessions involving 56,115 users and 92 charging posts across
13 location categories and three districts, covering 31
December 2019 to 31 December 2021. Available variables
included charger identifier, transaction energy, charging start
and end times, temperature, relative humidity, rainfall and
charging-termination cause. The external collection
comprised 49 CSV files from CPOs in the UK and Sweden.
These records contained charger and connector identifiers,
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session start time, delivered energy and duration. External
files spanned late 2025 to early 2026, and were analysed
separately due to the fact that they had different periods of
data, schema, and available outcomes.

» Data Preprocessing and Maintenance-Relevant Fault
Definition

The charging timestamps in Chinese text were
converted to standard datetime objects and invalid values
were checked. Assessment of missing values, duplicate
records, negative duration and zero-duration sessions were
conducted prior to modelling. The charging time was
determined from the start and end times recorded. Energy,
environmental and duration variables were converted to
numerical form where required. The source-provided broad
abnormal-event indicator was used for descriptive analysis
only because it included a variety of events and was not the
same as a charger specific maintenance outcome.

The recorded termination cause was used to create a
rule-based maintenance-relevance taxonomy. Severity 2
included DC Output Fault and System communications
failure. Severity 3 included Power conversion unit failure,
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DC switching device failure, AC switching device failure and
AC Input Failure. All sessions not falling into any of these six
categories were marked as zero with the maintenance-
relevance indicator. Severity 3 events were also kept as an
independent critical failure audit result. These categories
were study-specific proxies for maintenance relevance, not
manufacturer confirmed health states, direct physical
degradation measurements or confirmed maintenance work
orders.

» Charger-Day Construction, Temporal Predictors and
Outcome

The data from each session was collated by charger
identifier and calendar date. The following parameters were
measured every day: charging session count, total delivered
energy, mean energy/session, mean charging duration, mean
temperature, mean relative humidity, rainfall, and counts of
maintenance-relevant events. Each of these chargers was then
extended between its first and last date observed to form a
daily calendar. Dates that had no transactions recorded had
zero sessions, delivered energy and zero fault events
recorded. Mean session energy, duration and weather were
not imputed for inactive dates. These dates were not assumed
to be a healthy charger and no recorded transaction or fault
event occurred. Only days with at least one charging
transaction were used for prediction anchors.

All of the historical predictors were computed after
chronological sorting in each charger. All rolling variables
were shifted by one day prior to calculating otherwise
prediction-day or future information would be fed into the
past. Complete 7-, 14- and 30-day windows were used. For a
window of length w, historical fault burden was defined as:

w
Hé,vtV) = ZFc.t—j
j=1

Where F(c, t-j) is 1 if charger ¢ recorded at least one
fault that is relevant for maintenance in the corresponding
previous day, and O otherwise. Historical workload was
represented by 7-, 14- and 30-day mean daily energy and
mean daily session frequency. The final primary predictor set
contained 16 variables: current daily sessions, daily energy,
mean session energy, mean duration, temperature, humidity
and rainfall; previous 7-, 14- and 30-day fault days; and 7-,
14- and 30-day mean energy and session frequency. Only
charger-days with a complete 30-day historical window were
eligible for modelling. The main results were whether at least
one fault was found that needs maintenance within the three
calendar days following prediction day t. It was defined as:

3) _
Y.; = max {Fc,t+1: Feiva Fc,t+3}

The result was therefore 1 if any maintenance relevant
fault was entered between day t+1 and day t+3, and 0
otherwise. Explicit one-, two- and three-day leads were
generated before taking the maximum, and a target was
assigned only when the complete three-day future horizon
existed. The resulting analytical data set was 55,123 eligible
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charger day prediction anchors. Future charging sessions
were not retained as a predictor, but only for outcome-
observability sensitivity analysis.

> Leakage-Controlled Temporal Validation Design
Modelling dataset was partitioned chronologically, not
randomly. The last temporal holdout started on 1 July 2021.
Since the result was three days into the future, 28-30 June
2021 was also a final embargo period between development
and holdout data. The model development was then split into
a model-selection period (30 January 2020 to 13 March
2021), a three-day internal embargo period (14-16 March)
and a reserved threshold-validation period (17 March to 27
June 2021). This structure supported the latest outcome that
led to a model-selection label coming before the start of
threshold validation, and the latest threshold-validation
outcome occurring before the temporal holdout began.

Within the model-selection period, three expanding
calendar-based time-series folds were created. Each fold
completed training early enough that the entire outcome
window (t+1 to t+3) was complete before the end of the
validation window. Target window overlaps between training
and validation were avoided because this was prevented by
the horizon-specific embargo. Future-time generalisation in
the observed fleet was thus evaluated in the final holdout. It
was not meant to be a leave-charger-out test of entirely
unseen equipment.

» Model Development, Threshold Selection and
Performance Assessment

Four supervised classifiers were compared: Logistic
Regression, Random Forest, XGBoost and LightGBM. The
selected set was used to compare an interpretable regularised
linear model with nonlinear ensemble models which are
commonly employed in predictive maintenance (Carvalho et
al., 2019; Susto et al., 2015). Within the logistic regression
modelling pipeline, the scaling parameters were standardised
to ensure that they were only learned from the data used for
the training samples. Leakage-safe temporal search was used
to select hyperparameters. Twenty sampled configurations
were assessed for each of the tree-based models and all 18
Logistic Regression configurations were evaluated. The
primary model-selection criterion was Average Precision, as
the outcome was imbalanced, with Average ROC-AUC being
the secondary discrimination measure. Optimisation for
threshold and final holdout evaluation were performed after
the model family and hyperparameters were locked. Only the
threshold validation set was used to test classification
thresholds between 0.05 and 0.95 in steps of 0.01. The
operating threshold maximised the F2 score, which gives
greater weight to recall than precision:

_ 5PR
27 4P +R

Where P is precision and R is recall. If two thresholds
produced the same F2, recall and then precision were used as
tie-breakers. The traditional 0.50 was kept for comparison.
Final performance measures included accuracy, precision,
recall, specificity, F1, F2, ROC-AUC, Average Precision,
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confusion-matrix counts and alert rate. Probability calibration
was assessed using the Brier score, log loss, a ten-bin quantile
calibration curve and expected calibration error. No
calibration was done on the last final temporal holdout.

» Robustness and Uncertainty Analyses

Several prespecified sensitivity analyses were
conducted. The first was a comparison to a simple baseline
using seven days of fault history, where a fault in the past
seven days resulted in a positive alert. Second, there was a
limit on the number of days allowed to include outcome-
observability sensitivity analysis, limiting the number of
prediction anchors with at least one charging session on the
next three days. Future exposure was only used to identify
this evaluation set and was not included in the model training.
Third, a complete 16-feature model was compared with a
three-variable fault-history-only and 13-variable
operational/environmental model without fault history using
fixed-hyperparameter ablation. A reduced-collinearity
sensitivity model was used to select representative predictors
from highly overlapping families rolling windows. The
uncertainty of final holdout performance was estimated using
1,000 charger-cluster bootstrap replications. Charger
identifiers were sampled with replacement and all
observations for each sampled charger were kept together,
this maintained the dependence of observations within
charger. Percentile-based 95% confidence intervals were
obtained from the 2.5th and 97.5th percentiles of the
bootstrap distributions.

» Predictor Dependence and Explainability

The Spearman rank correlation was calculated for
pairwise predictor dependence, and significant correlations
(absolute values of 0.70 or greater) were considered to be
high. This audit was significant because 7-, 14- and 30-day
histories may overlap and share a large amount of
information. Model associations, in the form of standardised
coefficients and odds ratios per one-standard-deviation
increase, were reported, not causal effects for the selected
Logistic Regression model.

Global  explanation used SHapley Additive
exPlanations (Lundberg et al., 2020). To avoid assuming
feature independence, following the rationale of Aas et al.
(2021), several predictors were strongly correlated, so the
SHAP values were calculated using the conditional
correlation approach, which uses LinearExplainer and a
linear imputation masker. A reproducible sample of 3,000
temporal-holdout observations was explained using 1,000
development observations as background data. Numerical
reconstruction of the Logistic Regression decision function
was verified by an additivity audit. SHAP values were not
interpreted as causal estimates, but as model attributions.

» Operational Benchmarking and Reproduction Outside the
System
The UK and Swedish files were audited separately
before being compared. The session records needed to have
valid charger identifier, connector identifier, a parseable start
time, and a non-negative energy, and a non-negative duration.
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Duplicate sessions were detected by country, operator,
charger, connector, start time, delivered energy and duration
[rounded to 3 decimal places]. Only the first identical record
was retained. Then external fault-field availability was
evaluated prior to any attempt of model transfer. Direct
external predictive validation was not performed as the
external datasets were not compatible with the future
maintenance-fault outcome and some contained fewer
predictors than others.

The primary external comparison was on charger-day
observation; and the granularity sensitivity analysis was
performed using connector-day aggregation. To prevent
domination by the most frequent daily charger, the mean
daily session, mean daily energy, energy per session and
session-weighted mean duration were computed at the device
level and summarised in regions. Operational domain shift
was identified through standardised mean differences from
the Chinese development domain and through the percentage
of external charger-days below, within and above the 1st -
99th percentile range of the Chinese operational domain.
Uncertainty at the device level was calculated using 2,000
bootstrap replications. These comparisons were only
descriptive and did not assume the nature of a causal country
effect.

All analyses were performed in Python using a fixed
random seed of 42. The final fitted model, locked threshold,
predictions, analytical audit tables, software versions and
metadata were saved programmatically. The serialized model
was reloaded to ensure that all the original holdout
probabilities were reproduced exactly.

1. RESULTS

» Dataset Characteristics and Data Quality

The main Chinese charging dataset was 441,077
charging sessions containing 24 original variables. The
records represented 56,115 users, 92 charging posts, 13
location categories and three districts, spanning 31 December
2019 to 31 December 2021. Data-quality assessment showed
no missing values, duplicate records or invalid timestamps.
Following timestamp standardisation, charging duration was
calculated for all sessions. The mean charging duration was
54.70 minutes (SD = 94.68); median = 33.28 minutes and
interquartile range (IQR) = 13.32 to 59.65 minutes. There
were no negative durations noted, but five zero-duration
sessions were retained in the source data audit.

The source-provided broad abnormal-event indicator
determined 81,934 sessions (18.58%) for abnormal and
359,143 sessions (81.42%) for normal. The charging process
was completed normally in 203,201 sessions (46.07%), and
155,942 sessions (35.35%) were terminated by the user.
Other charging-pile faults (20,114; 4.56%), DC output faults
(14,813; 3.36%) and vehicle communication failures (13,936;
3.16%) were the most common among the equipment and
communication-related categories. The broad abnormal
indicator was used solely for descriptive exploration and was
not used as predictive-maintenance outcome.
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Distribution of EV Charging Termination Causes

Charging ends normally

User stops charging

Other faults of the charging pile

DC Output Fault

Vehicle communications failure

Faulty charging connection

BMS failure

Failure of non-system control loop components and assemblies

Vehicle charging faults

Termination Cause

Power conversion unit failure 1
DC switching device failure
System communications failure
AC Input Failure 4

Vehicle Stake Interaction Failure -

AC switching device failure -
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Fig 2 Distribution of EV Charging Termination Causes

Table 1 Dataset Characteristics and Data Quality

Characteristic Result
Charging sessions 441077
Unique users 56115
Charging posts 92
Location categories 13
Districts 3
Study period 31 Dec 2019-31 Dec 2021
Missing values 0
Duplicate records 0
Invalid timestamps 0
Mean charging energy, KWh 16.44
Median charging energy, KWh 15.15
Mean charging duration, min 54.7
SD charging duration, min 94.68
Median charging duration, min 33.28
Charging duration IQR, min 13.32-59.65
Negative-duration sessions 0
Zero-duration sessions 5
Broad abnormal-event sessions 81,934 (18.58%)

Note. The broad is_abnormal source variable was employed for descriptive exploratory analysis but was not the same with the
rule-based maintenance-relevant fault outcome that was modelled.

» Definition of Maintenance-Relevant Fault and
Construction of Predictive Dataset
The prespecified rule-based maintenance-relevance
taxonomy resulted in the identification of 17,790
maintenance-relevant fault events, of which 2,815 were
categorized as critical equipment-failure events. The

maintenance-relevant category consisted of the following
categories: DC output faults, system communication failures,
power conversion unit failures, DC switching-device failures,
AC input failures, and AC switching-device failures. The
largest category was DC output faults (14,813 events).
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There were 57,239 charger-days observed on 92
chargers, with aggregation of transactions. The expanded
table to a continuous charger-specific calendar contained
66,715 calendar rows, with 9,476 days of no charging
transactions. These zero-transaction dates were intentionally
provided to maintain continuity of the calendar and not
necessarily indicative of good charger states. The mean
percentage of days for which charging activity was observed
across chargers was 85.85%.
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1,842 observations were dropped after applying the
restriction on prediction anchors (observed charger-days)
with a full historical window of 30 days. Additional 274
observations were removed due to not having a full three-day
target horizon. The modelling dataset consisted of 55,123
observations of charger-day, with 16,538 (30.00%) having at
least one fault of interest during the calendar days t+1 to t+3
and 38,585 (70.00%) having no fault of interest during these
calendar days. There were only 638 prediction anchors
without any charging session recorded in the three days that
followed (1.16%).

Table 2 Maintenance-Relevant Fault Taxonomy and Construction of the Predictive Cohort

Panel / category |

Classification | N

A. Maintenance-relevant event taxonomy

DC Output Fault Maintenance severity 2 14813

System communications failure Maintenance severity 2 162
Power conversion unit failure Maintenance severity 3 1653
DC switching device failure Maintenance severity 3 1058

AC Input Failure Maintenance severity 3 99

AC switching device failure Maintenance severity 3 5

Total maintenance-relevant events Severity >2 17790
Critical failure events Severity 3 2815

B. Predictive dataset construction

Observed charger-days Initial daily aggregation 57239
Continuous charger-calendar rows Dense daily calendar 66715
No-transaction calendar days Within observed charger lifespan 9476
Rows with complete 30-day history After history restriction 55397
Final modelling rows Complete history + 3-day target 55123

Negative primary targets

No fault in (t+1:t+3) 38,585 (70.00%)

Positive primary targets

>1 fault in (t+1:t+3) 16,538 (30.00%)

Zero future-session windows

Sensitivity audit 638 (1.16%)

Note. Severity designations are a study specific, rule-based proxy for maintenance relevance, and should not be interpreted as a
formal manufacturer or industry severity designations.

» Temporal Model Selection and Predictive Performance
The leakage-controlled model-selection  period
consisted of 31,179 observations, during which temporal
model selection was carried out. Three calendar-based
validation folds were defined with horizon-specific
embargoes to ensure that outcomes used for training labels
were earlier than the validation intervals. Logistic Regression

achieved the highest mean cross-validated Average Precision
(AP =0.701, SD = 0.041) and mean ROC-AUC (0.817, SD =
0.012), compared with XGBoost (AP = 0.685), LightGBM
(AP = 0.684) and Random Forest (AP = 0.664). Logistic
Regression was therefore selected, and preceeded threshold
optimisation and temporal holdout evaluation.

Table 3 Leakage-Safe Temporal Model Selection and Descriptive Holdout Discrimination

Model CV AP, mean + SD CV ROC-AUC, mean + SD Holdout AP Holdout ROC-AUC
Logistic Regression 0.701 £ 0.041 0.817 £0.012 0.75 0.806
XGBoost 0.685 + 0.028 0.813 +0.009 0.749 0.804
LightGBM 0.684 + 0.027 0.812 +0.009 0.75 0.805
Random Forest 0.664 +0.043 0.798 + 0.019 0.745 0.801

Note. AP = Average Precision. Holdout results for non-selected models are descriptive only; they were not used to change the
model selected by development-period cross-validation.

A total of 8,444 observation values were recorded
during the reserved threshold-validation period, of which
27.40% were faulty. The selected model had a precision of
0.787, recall of 0.481, F2 of 0.522 at the conventional
threshold of 0.50. The operating threshold was set to 0.16 by

NISRT26SEP157

maximising F2 during the reserved validation period,
resulting in recall of 0.836, F2 of 0.714, precision of 0.450
and specificity of 0.615. The corresponding alert rate was
50.86%. Then the threshold was locked without any changes.
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Fig 4 Threshold Trade-off on Reserved Temporal Validation Set

The out-of-time temporal holdout contained 15,026
charger-days from 1 July to 28 December 2021 and had a
higher outcome prevalence of 37.41%. The 92 chargers in the
holdout were all present in the development data, so this
evaluation is actually a generalisation for future time and not
generalisation for unseen chargers. At the locked threshold of
0.16, Logistic Regression achieved ROC-AUC 0.806, AP
0.750, recall 0.875, precision 0.501, specificity 0.480 and F2

0.762. The confusion matrix comprised 4,510 true negatives,
4,895 false positives, 700 false negatives and 4,921 true
positives. Charger-level cluster bootstrap analysis using
1,000 replications produced a 95% CI of 0.769-0.836 for
ROC-AUC and 0.667—-0.805 for AP; the recall Cl was 0.835—
0.905 and the F2 CI was 0.712-0.804. The bootstrap was
successfully completed for all 1,000 replications.

Table 4 Performance of the Selected Logistic Regression Model Across Validation and Temporal Holdout Sets

Metric Validation, threshold Validation, threshold Holdout, threshold Holdout, threshold
0.50 0.16 0.50 0.16
Accuracy 0.822 0.675 0.767 0.628
Precision 0.787 0.45 0.787 0.501
Recall 0.481 0.836 0.516 0.875
Specificity 0.951 0.615 0.916 0.48
F1 0.597 0.585 0.623 0.638
F2 0.522 0.714 0.554 0.762
Alert rate 0.168 0.509 0.246 0.653
ROC-AUC 0.828 0.828 0.806 0.806
Average 0.719 0.719 0.75 0.75

Precision

Note. The 0.16 threshold was selected exclusively on the reserved temporal validation set by maximising F2 and remained fixed
for the temporal holdout. The threshold should be described as sensitivity-oriented, not as an economically optimal maintenance
threshold.
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Fig 6 Precision-Recall Curves on the Temporal Holdout Set

» Robustness, Calibration and Model Explainability

This selected model significantly outperformed a
simple seven-day persistence based on fault history. When
comparing to the full Logistic Regression model whose
performance was 0.806 ROC-AUC and 0.750 AP, the
persistence baseline performed at 0.769 ROC-AUC and 0.672
AP. Excluding the 66 temporal-holdout observations with no
charging session during the subsequent three days produced
almost unchanged performance: ROC-AUC increased from
0.806 to 0.806, AP from 0.750 to 0.752 and F2 from 0.762 to
0.763. This suggested that the main performance estimates
were not based on windows that would never be exposed to
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charging again in the future. Historical fault burden was
responsible for the majority of the predictive information
through feature-set ablation. The model using only the three
historical fault-day variables had an AP of 0.744 and ROC-
AUC of 0.804 while the 16-feature model had an AP of 0.750
and an ROC-AUC of 0.806. In contrast, the operational and
environmental variables without any fault history had an AP
of 0.506 and ROC-AUC of 0.617. A reduced-collinearity 7-
feature sensitivity model yielded similar AP (0.735) and
ROC-AUC (0.800), indicating that the main predictive signal
was robust even though there was significant correlation
between the rolling-window variables.
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Table 5 Baseline Comparison and Sensitivity Analyses

Analysis No. of features/ rows | ROC-AUC | Average Precision | Brier score | Log loss
Primary 16-feature model 16 0.806 0.75 0.167 0.51
Fault-history-only model 3 0.804 0.744 0.168 0.512
Operational/environmental only 13 0.617 0.506 0.229 0.658
Reduced-collinearity model 7 0.8 0.735 0.171 0.521
Seven-day persistence baseline Simple score 0.769 0.672 — —
Future-exposure sensitivity 14,960 rows 0.806 0.752 0.167 —

Calibration assessment yielded a Brier score of 0.167,
log loss of 0.510 and expected calibration error of 0.0397. For
several intermediate risk bins, the predicted risk was lower
than the observed risk, and in the highest predicted risk bins,
the predicted risk was slightly higher than the observed risk;
no recalibration was performed for the temporal holdout.

A predictor-correlation audit highlighted 31 feature
pairs with absolute Spearman correlation > 0.70, especially
those features which overlap 7-, 14- and 30-days workload.
Hence, the individual regression coefficients were considered
as the associations of the models and not as independent
causal effects. The strongest standardized coefficient was

observed for the previous 30-day fault-day burden
(standardised coefficient = 0.914; OR per 1 SD = 2.49),
followed by the previous seven-day fault burden (OR = 1.46)
and previous 14-day fault burden (OR = 1.22).

The correlation-aware SHAP analysis confirmed the
significance of the fault history. The historical fault-burden
domain accounted for 67.77% of the total mean absolute
SHAP attribution, while the current operational state,
historical energy workload, environment and historical
session workload made up 8.65%, 8.18%, 7.80% and 7.59%,
respectively. The three highest-ranking individual features
were previous 30-day, 14-day and seven-day fault days.
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Fig 7 SHAP Summary Plot of Feature Contributions to EV Charger Degradation Prediction

» External Operational Benchmarking and Transportability

The external UK/Swedish collection consisted of 49
CSV files with a total of 23,124 merged records. There were
22,854 session-like records, of which 18,261 were valid with
parsed non-negative energy and duration values. A total of
17,491 charging sessions were deduplicated, with 770

duplicate session keys being detected through cross-file
duplicate auditing. These comprised 16,494 UK sessions
from 26 chargers and 997 Swedish sessions from eight
chargers.
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The aggregation resulted in 2,060 UK charger-days and
426 Swedish charger-days. However, the available external
health tables contained no observations for the warning,
medium-impact-error or high-impact-error fields. Thus, it
was not possible to build a network with an outcome that fits
within the Chinese three-day maintenance-fault constraint.
Only four of the 16 model variables were directly available,
six workload features were constructible from session
histories and six variables, comprising the three fault-history
and three weather predictors, were unavailable. Predictive
validation by direct external was not conducted.

However, significant domain shift was found at the
device level, with operational profiles. In the Chinese model-
development domain, the mean number of daily sessions per
charger was 6.66, whereas in the UK it was 7.97 and in
Sweden 2.05. Mean daily energy was 108.99 kWh in China,
217.40 kWh in the UK and 174.89 kWh in Sweden. The mean
energy per session was also significantly different, in China
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at 15.97 kWh and in the UK at 27.42 kWh, and in Sweden at
81.93 kWh, whereas the mean session duration was lower for
the external: 30.11 minutes in the UK and 34.51 minutes in
Sweden, as compared to 52.26 minutes in China.

Relative to China, the standardized mean differences for
UK devices were 0.41 for daily session frequency, 1.40 for
daily energy, 4.23 for energy per session and —1.69 for
duration. Corresponding Swedish differences were —2.16,
0.82, 2.83 and —1.28. Range-coverage analysis was also
applied, revealing that 96.36% of charger-days for UK charge
and 30.05% of charger-days for Sweden fall within the range
of 1st — 99th percentile for average energy per session as
defined by the Chinese, and that 69.95% of the Swedish
sample exceeds the Chinese upper reference limit. The results
show significant covariate shift at the operational level, and
highlight the importance of locally labelled fault data to claim
predictive transportability.

Table 6 Device-Level Operational Benchmarking Across Chinese, UK and Swedish Charging Datasets

Operational | Devi Median Mean daily Mean daily energy, Energy/session, Mean duration,

domain ces | active days | sessions, 95% ClI kWh, 95% ClI kWh, 95% ClI min, 95% CI

China, State | 92 453 6.66 (6.04-7.26) 108.99 (96.96- 15.97 (15.26- 52.26 (48.51-
Grid 121.32) 16.71) 56.26)

United 26 86.5 7.97 (6.68-9.24) 217.40 (184.28— 27.42 (26.87— 30.11 (28.82—
Kingdom 251.49) 28.03) 31.39)

Sweden, 8 52.5 2.05 (1.63-2.55) 174.89 (114.79- 81.93 (59.86— 34.51 (30.06—
236.71) 102.61) 39.26)

Note. Confidence intervals were obtained using device-level bootstrap resampling. Comparisons describe operational domain shift
and must not be interpreted as causal country effects. The external data did not contain a compatible maintenance-fault outcome
and therefore were not used for direct predictive validation.

V. DISCUSSIONS

» Main Findings and Short-Horizon Fault-Prediction
Performance

This research aimed to build an interpretable machine-
learning model to forecast the occurrence of a maintenance-
relevant fault at an EV charger within the next three calendar
days. There are several important findings. First, a relatively
simple regularised Logistic Regression model performed
better during temporal model selection than Random Forest,
XGBoost and LightGBM. Second, the model maintained
good discrimination in the later temporal holdout with a
ROC-AUC of 0.806 and Average precision of 0.750. Third,
recent fault history accounted for most of the predictive
information. Finally, significant differences in the setups and
operation of the datasets between China, UK and Sweden
revealed that transportability of the model should not be taken
for granted without locally labeled fault data.

The predictive performance is consistent with the
general findings that operating data from the past can be
leveraged to predict equipment faults, not just identify
anomalies after they happen. Research in predictive
maintenance has become more focussed on data-driven
approaches, which gain patterns from past operating states
and failure events (Carvalho et al., 2019). The importance of
explicitly temporal prediction is also consistent with Zonta et
al. (2020), who identified time-based predictive-maintenance
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approaches as an important research challenge. In the present
study, this matter is addressed by providing a prediction
anchor that is separated from the next three-day outcome
window and by keeping chronological separation throughout
the model development process.

This is a significant difference in EV charging studies.
Izquierdo Gomez et al. (2022) employed thermal modelling
and machine learning to detect anomalous charger behavior,
and Sakwa et al. (2024) applied autoencoder and LSTM
models for early anomaly and fault estimation from charging-
unit power profiles. While these methods show the benefit of
data-driven condition monitoring, they also show that the
analytical tasks are different than prospective short horizon
classification. More recently, Wang et al. (2025) developed
an adaptive-threshold framework for charging-equipment
fault prediction using environmental, operating and fault-
related factors. In this regard, the present study joins the trend
of moving away from contemporaneous anomaly detection
toward predicting future events of interest for maintenance.

The selection of Logistic Regression is also noteworthy.
When equipment behaviour involves nonlinear interactions,
complex models are often supposed to perform better than
simpler algorithms. In this context, deep and ensemble
learning has been the subject of extensive studies on machine-
health monitoring (Zhao et al., 2019). But, greater model
complexity does not guarantee better temporal generalisation.
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In this study, XGBoost and LightGBM produced holdout
discrimination very close to Logistic Regression, but neither
improved the prespecified temporal model-selection
criterion. This result indicates that the predictive structure
was largely obtained from the engineered historical features.
It also demonstrates the importance of considering models
under the same leakage-controlled validation design, instead
of picking an algorithm for its complexity.

» Fault Recurrence was the Dominant Short-Horizon Risk
Signal

The ROC-AUC of the model using only the three fault-
history variables was 0.804, while the complete 16-feature
model had a ROC-AUC of 0.806 and an AP of 0.750. The
ROC-AUC and AP obtained by the operational and
environmental variables without any fault history were 0.617
and 0.506, respectively. These findings indicate that recent
recurrence of maintenance-relevant faults was much more
informative for three-day risk than charging volume, energy
throughput, duration or weather alone.

This outcome is in line with one of the core principles
of condition-based maintenance: that information about the
past condition of equipment can be stored in its recent history.
Historical condition data are usually converted to health
indicators prior to future-state prediction in machinery
prognostics (Lei et al., 2018). Predictive-maintenance
frameworks also rely on the present and past state of a system
to identify the existing patterns of normal operation from the
patterns of development of failure (Carvalho et al., 2019). For
EV infrastructure specifically, Hsu et al. (2023) identified
prognostics and health management as an important
component of intelligent charging-system maintenance and
highlighted the need for robust measurements and condition
indicators.

However, care must be taken when interpreting the
finding. Repeated termination codes could be indicative of
continuous or reoccurring failure processes, not necessarily
physical failure. The model thus forecasts maintenance
relevant fault events as opposed to component degradation
measured directly by sensors or maintenance inspections.
This distinction also helps to understand why investigators
shouldn't report previous fault-day counts as actual
measurements of degradation. They are not mechanistic and
their value is predictive.

The small improvement from the history only model to
the full model is also informative. The addition of operational
and environmental variables was not without value, but was
limited based on the fault history of the recent years. This
differs from studies of EV charging demand, where
operational, temporal and external features can play a major
role in predicting utilisation. For example, Cao et al. (2024)
improved charging-demand forecasts through enhanced
external-feature selection, while Shang et al. (2025) used
spatiotemporal information to predict charging occupancy,
volume and duration. The contrast shows that while
predictors can be useful in charging demand, they don't
necessarily provide the same information when it comes to
short-horizon charger fault risk.

NISRT26SEP157

International Journal of Innovative Science and Research Technology

https://doi.org/10.38124/ijisrt/26sep157

> Explainability and the Value of Model Transparency

Explainability is important because there is a practical
implication whenever the maintenance warning appears.
Depending on the type of charger, operators may have to
determine which charger to investigate, how quickly to act,
and if the alert is worth removing the equipment from service.
Thus, XAl has been suggested as a way to enhance
transparency and accountability in situations where machine-
learning outputs affect operational decisions (Arrieta et al.,
2020). Cummins et al. (2024) also highlighted trust and
interpretability as key aspects in the context of explainable
predictive maintenance.

The correlation-aware SHAP analysis gave a clear
explanation on the model level. The total mean absolute
SHAP attribution was 67.77% for historical fault burden. The
three most influential individual features were previous 30-
day, 14-day and seven-day fault days. This result is consistent
with the ablation analysis, and reinforces the interpretation
that most of the near-term predictive information comes from
fault recurrence.

Correlation-aware explanations were significant since
31 pairs of predictors had an absolute Spearman correlation
of 0.70 or higher. Standard SHAP procedures can be
misleading even for linear models when strongly dependent
predictors are used as independent predictors (Aas et al.,
2021). The SHAP results in this study are still considered
model attributions instead of cause. They explain the way the
fitted model shares the predictive information between the
observed variables. They do not prove that by increasing any
of the operational variables a charger fault would occur
directly. This separation is in line with the general XAl
literature, where this separation is made between explaining
the action of the model and inferring a cause (Arrieta et al.,
2020).

In EV charging research, apart from maintenance,
explainable machine learning is already applied. Ullah et al.
(2023), for instance, applied SHAP to interpret charging-
station choice predictions, and Shang et al. (2025) integrated
SHAP-based interpretation into spatiotemporal charging-
demand modelling. The present study is an extension of this
interpretability principle to the charger fault prediction.

» Operating Threshold, Calibration and Maintenance
Implications

Higher sensitivity was achieved in the temporal holdout
with the locked threshold of 0.16. Recall reached 0.875 and
F2 reached 0.762, but precision was 0.501 and the alert rate
was 65.3%. This is a trade-off that is important. The threshold
was deliberately chosen to help recall rather than be an
economically optimal maintenance policy.

Predictive-maintenance decisions involve competing
costs. An unobserved developing fault can result in downtime
or disruption of service, and too many alerts can make it hard
to inspect. Susto et al. (2015) demonstrated that the
maintenance classifiers and prediction horizons need to be
understood in the context of a practical situation regarding a
trade-off between unexpected failures and maintenance
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activities. The 0.16 threshold in the present study is therefore
best viewed as a screening threshold for prioritising
potentially high-risk charger-days. It would need an operator
specific cost model with consequences associated with a false
negative, consequences associated with a false positive,
consequences associated with inspection effort and
consequences associated with charger downtime.

There are also reasons for caution based on the results
of the calibration. The model achieved a Brier score of 0.167
and an expected calibration error of 0.0397, but there were
some intermediate ranges of probabilities  with
underestimation of the observed risk. There was also a higher
positive-event prevalence in the later temporal holdout
(37.4%), compared to the prevalence during threshold
validation (27.4%). This change in time implies that
discrimination can be of any value even if its chance
estimates are drifting. A deployed system would therefore
need regular checking of the system and re-calibration based
on new labelled operating data as appropriate.

» Transportability Across Charging Environments

The external analysis found significant differences in
operation between China, the United Kingdom and Sweden.
Mean energy per session was 15.97 kWh in the Chinese
reference domain, 27.42 kWh in the UK and 81.93 kWh in
Sweden. The mean charging time also varied significantly.
These differences illustrate that the distribution of input
resources for a maintenance model may vary significantly
between charging ecosystems.

Thisis in line with the global evidence that EV charging
conditions fluctuate by country and infrastructure context.
Funke et al. (2019) demonstrated that charging-infrastructure
needs are heavily influenced by the local framework
conditions, and that the results of a study in one country are
not necessarily reproducible in another country. The context-
dependent nature of charging data is also reflected in recent
charging-demand studies that focus heavily on the temporal,
spatial and operational patterns observed locally (Cao et al.,
2024; Shang et al., 2025).

The UK and Swedish data, however, did not include a
labelled maintenance-fault outcome. Six of the 16 Chinese
model predictors were also unavailable externally, including
fault-history and weather variables. Thus, external predictive
validation was not feasible. The external datasets were then
not used to determine that the model generalises
internationally, but rather used to show evidence of change in
the operational domain and transporting restrictions. This
distinction is particularly significant since all 92 chargers in
the Chinese holdout occurred during the development of the
model. The current evidence is therefore supportive of the
future time prediction of an observed fleet only and not
prediction of unseen chargers or networks.

» Strengths, Limitations and Future Research

The study has a number of strengths. An analysis was
conducted on over 441,000 real-world charging sessions and
transformed into a prospective charger-day prediction
problem. To prevent temporal leakage, there were horizon-
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specific embargoes, separate model selection and threshold
validation periods, and a later temporal holdout. Performance
was assessed using discrimination, calibration, cluster-
bootstrap confidence intervals, a persistence baseline, feature
ablation and exposure sensitivity. These steps give more
complete information than reporting accuracy or ROC-AUC.

There are also significant limitations with the study.
This results in a rule-based proxy that is based on historical
charging termination codes. Not a manufacturer specified
health index, physical degradation or a maintenance work
order. Repeat events can then be interpreted as either fault
episodes that have not been resolved or periods of repeated
fault events. The analysis also lacks component-level
measurements such as voltage, current waveforms, insulation
condition and internal temperature. These are among the most
common measurements used in condition monitoring and
prognostics (CM&P) (Lei et al., 2018; Zhao et al., 2019).

Another limitation is that of generalisation. The
temporal holdout assesses subsequent observations from a set
of chargers already developed. The UK and Swedish datasets
are helpful for the operational shift but do not provide
evidence of predictive performance due to the lack of
compatible fault labels. The framework should therefore be
tested prospectively in future studies using unseen chargers,
sites and operators. They should be correlated with charging
logs and maintenance work orders and confirmed fault
episodes. The external recalibration should also be
considered prior to deployment in a new operating
environment.

However, maintenance decisions should also be
assessed in future work and not just prediction. A cost
sensitive operating threshold may include inspection cost,
missed fault cost, downtime and service availability. Other
electrical and thermal measurements may be used to increase
fault specificity. Lastly, a prospective deployment would
enable investigators to find out if alerts for short time duration
really lower unplanned downtime or enhance the
effectiveness of maintenance work. The shift from predictive
to proven maintenance benefits is a significant step forward
for smart Electric Vehicle charging infrastructure.

V. CONCLUSIONS

This study introduces and tests an explainable machine-
learning framework that uses real-world operational data for
short-horizon forecasting of maintenance-relevant faults in
EV charging infrastructure. The analysis introduced current
operating conditions, environmental variables, recent fault
history and historical workload and converted transaction
level charging records into a charging day, thus maintaining
the chronological order for prospecting prediction.

Regularised Logistic Regression had the highest
performance in leakage-controlled temporal model selection
of the four evaluated algorithms. The model's ROC-AUC on
the later temporal holdout was 0.806 and Average Precision
was 0.750. The recall of the validation-selected threshold of
0.16 was 0.875 and the F2 was 0.762 which showed good
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sensitivity to short-horizon fault risk. The alert rate associated
with this, however, is about 65%, meaning the operational
deployment would require threshold adjustment according to
the relative costs of missed fault and inspection and
unnecessary maintenance action.

One important conclusion was that most of the
predictive information was in the recent fault history. The
fault-history-only model performed near the complete 16-
feature model, and the correlation-aware SHAP analysis
revealed that the model's attribution was primarily to fault
history burden. This indicates that the fault codes related to
maintenance are a significant short term warning and could
form a practical basis for prioritising the inspection of
chargers.

The study also showed how important it is to be careful
with the transportability of the model. Marked differences in
operational performance were identified between the
Chinese, UK and Swedish charging datasets, and the external
datasets contained no common maintenance-fault outcome
and some predictors that were required for the final model
were unavailable. The external analysis, therefore, confirms
evidence of domain shift of operation, but is not an external
predictive validation.
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APPENDIX
Calibration of the Locked Model on the Temporal Holdout Set
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Appendix 1 Calibration of the Locked Model on the Temporal Holdout Set

Monthly EV Charger Abnormal Event Rate
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