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Abstract

The global adoption of electric vehicles (EVs) highlights the critical role of lithium-ion
battery packs in ensuring safety and performance, while voltage outliers as precursors to
thermal runaway pose significant risks. Existing fault detection methods suffer from lim-
ited adaptability, poor uncertainty quantification, and inadequate handling of long-term
temporal dynamics. To address these gaps, this study proposes a Probabilistic Hierar-
chical Adaptive Framework (PHAF) for early, uncertainty-aware detection of impending
voltage outliers. PHAF integrates three core innovations: (1) the Weighted Outlier Depth
(WOD) metric, which fuses Boltzmann-weighted voltage deviations and gradient-based
thermal penalties to sensitively capture electro-thermal anomalies, especially under ther-
mal stress (>45 °C); (2) the Learnable Spectral Convolution Network (LSCN), a novel ar-
chitecture that combines adaptive spectral modulation and dual-path convolutions to
model long-range frequency patterns and local temporal dependencies in voltage se-
quences; and (3) a hierarchical multi-model system that dynamically selects specialized
models (LSCN, GRU, and LSTM) across four prediction horizons (160-40 min), leveraging
quantile regression for uncertainty quantification and an early-termination mechanism to
optimize computational efficiency. Evaluated on real-world data from 60 AITO EVs,
PHAF achieves 95.4% classification accuracy for Level 1 (early-stage) faults at the 160 min
horizon, >90% accuracy for critical Level 3 faults within 80 min, and a maximum AUC of
0.943 for long-term anomaly detection. This framework enables a transition from passive
remediation to active prevention of battery thermal runaway, providing reliable, confi-
dence-aware monitoring for safety-critical EV applications.

Keywords: electric vehicles; weighted outlier depth; uncertainty-aware fault prediction;
learnable spectral convolution network

1. Introduction
1.1. Background

The global push toward electric vehicles (EVs) is widely seen as a necessary step to
cut down on fossil fuel use and move closer to a low-carbon future [1,2]. As EV adoption
grows, lithium-ion batteries have become the heart of this transformation not just because
they store the energy needed to drive, but because their performance, safety, and cost
shape the entire user experience [3,4]. Over the past decade, the number of EVs sold each
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year has jumped from just over 100,000 in 2012 to more than 10 million in 2022, showing
how quickly this technology is entering mainstream use [5]. While increasing battery en-
ergy density helps reduce range anxiety and makes EVs more practical, it also introduces
safety trade-offs [6]. For example, batteries with a high nickel content offer better capacity
but are less stable under heat, making them more likely to overheat or fail if not carefully
managed [7]. Around the world, major automakers have recalled hundreds of thousands
of EVs due to battery safety concerns, which not only costs billions of dollars but also
shakes consumer confidence [8]. Although full-scale battery failures remain rare thanks to
better engineering, when they do happen the results can be dramatic: rapid temperature
spikes, smoke, fire, or even explosions [9]. Often, these events are not sudden. They begin
with small, hidden problems that grow quietly over months or years before turning into
full thermal runaway [10]. These slow-developing faults rarely announce themselves with
loud alarms; instead, they whisper through tiny changes in voltage, temperature, or inter-
nal resistance, signals easily drowned out by normal operational noise or dismissed as
harmless fluctuations [11]. That is what makes them so dangerous: by the time the prob-
lem becomes obvious, it may already be too late to stop it [12].

In real-world EVs, one of the earliest and most telling signs of a developing battery
problem is a voltage outlier, a small but unusual shift in the voltage of a single cell com-
pared to others in the pack [13,14]. These shifts may look minor at first and be easily dis-
missed as normal variation or sensor noise, but they often signal deeper issues like inter-
nal shorts, lithium plating, or separator wear [15]. Left unchecked, these early electrical
anomalies can trigger chemical reactions that generate heat, which then spreads to neigh-
boring cells and can eventually lead to catastrophic failure [16]. Conditions like overcharg-
ing, extreme temperatures, or physical damage can accelerate this process, but even under
normal use, tiny manufacturing flaws or material inconsistencies can slowly grow into
serious faults [17]. Spotting these signals early is extremely difficult [18]. In a typical EV
battery pack, close to a hundred cells work together, each with a slightly different aging
rate and behavior, all while being exposed to constantly changing driving and weather
conditions [19]. A cell that behaves oddly on a cold morning might look perfectly normal
on a warm afternoon [20]. A voltage dip during aggressive acceleration could be mistaken
for a sensor glitch rather than the start of a fault [21]. And because battery packs are de-
signed to balance themselves; early problems in one cell can be masked by the behavior
of healthy neighbors, making detection even harder [22]. Although researchers have
mapped out many of the chemical and physical processes behind battery failure, includ-
ing oxygen release from cathodes, reactions between lithium and the electrolyte, and
breakdown of protective surface layers, turning this knowledge into practical, real-time
warning systems for everyday vehicles is still a major hurdle [23-25]. The ability to catch
these early signs before they become dangerous is critical, not just for safety, but for main-
taining trust in EV technology as it scales globally [26]. Without reliable early warnings,
we are forced to wait until something goes wrong—and in the world of high-energy bat-
teries, waiting can be costly, or even deadly [27].

As lithium-ion batteries become more common in homes, cities, and transport sys-
tems, their safety and reliability matter more than ever [28]. A single failure in one vehicle
can have ripple effects, triggering recalls, damaging brand reputation, or even slowing
down the broader adoption of clean energy technologies [29]. While lab tests can simulate
failure under controlled conditions, real-world operation is far messier: batteries face un-
predictable loads, extreme temperatures, partial charging cycles, and long idle periods, all
of which affect how faults develop and how easy they are to detect [30,31]. The path from
a tiny defect to a full thermal event is rarely linear or fast; it often involves slow, hidden
changes that only become visible when it is almost too late [32]. Without early detection,
we remain in a reactive mode, fixing problems only after they happen [33]. But with better
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tools to spot the earliest warning signs, like small voltage drifts under thermal stress, we
can shift toward prevention, giving drivers, fleet operators, and battery management sys-
tems the time they need to act before things go wrong [34]. This is especially urgent as
EVs move from early adopters to mass-market users, where safety expectations are higher
and the consequences of failure are greater. Building a future where EVs are truly safe at
scale means going beyond just making better batteries; it means building smarter ways to
listen to what those batteries are trying to tell us, long before they fail [9]. Furthermore,
the transition of battery technologies from electric vehicles to broader energy storage ap-
plications highlights the critical need for targeted lithium-ion battery diagnostics to ensure
safety and reliability across diverse operational scenarios [35].

1.2. Current Methods for Early Battery Fault Warning

Predicting early battery faults in real-world electric vehicles using traditional rule-
based [16] or physics-driven [36] models remains a difficult task, often held back by many
practical limitations [37]. Especially in large-scale EV fleets, challenges come from unpre-
dictable cell variations, inconsistent manufacturing quality, and the high cost of collecting
and labeling high-resolution field data [38]. Even when lab experiments simulate faults
such as forced overcharge or mechanical crush, these controlled scenarios rarely reflect
how failures actually emerge during daily driving, where stress is slow, irregular, and
hidden [24]. The gap between clean lab data and messy, real-world battery behavior
makes it hard to translate academic models into reliable tools for automakers or battery
management systems [39]. In recent years, however, the rapid growth of data science,
cloud computing, and sensor networks has created new ways to tackle these problems not
by building perfect physical models but by learning directly from what batteries actually
do in the field [40]. These new approaches rely on intelligent algorithms that find patterns
in voltage, temperature, and current data without needing to understand every chemical
reaction inside the cell [41]. They belong to a family of methods called machine learning,
which can handle complex, noisy, and nonlinear relationships in time-series data, exactly
the kind of signals that appear before a fault becomes dangerous [42]. In addition to algo-
rithmic advancements, the comprehensive analysis of open lithium-ion battery testing da-
tasets plays a pivotal role in advancing degradation modeling and life cycle management,
providing the necessary foundation for training robust data-driven models [43].

In battery health monitoring, many current methods depend on supervised machine
learning, meaning that they need large amounts of pre-labeled “good” and “bad” data to
train on [24]. For instance, one study used random forest classifiers to detect mechanical
damage by analyzing eight key features extracted from charge—discharge cycles, such as
end-of-charge voltage, open-circuit voltage slope, and internal resistance trends [44]. An-
other approach applied a multiclass relevance vector machine to identify internal short
circuits by tracking four main indicators: how much a cell’s SOC drifts from its neighbors,
how its temperature behaves abnormally, how its terminal voltage deviates under load,
and how its resistance reacts to current changes [45]. These methods work well in con-
trolled tests, but they require engineers to manually choose which features matter most, a
time-consuming process that does not always capture the full picture [46]. Other studies
have combined machine learning with physics-based simulations, such as using finite el-
ement models to generate virtual battery stress data, then training classifiers to predict
safety boundaries under different mechanical loads [34,36]. These hybrid methods help
bridge the gap between simulation and reality, but they still rely heavily on assumptions
that may not hold true in actual EV operation [47].

To improve accuracy and reduce reliance on hand-crafted features, recent efforts
have focused on enhancing supervised learning itself, not by replacing it but by making
it smarter and more adaptive [48,49]. Instead of using fixed feature sets, newer supervised
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models take raw or minimally processed time-series data like voltage, temperature, and
current sequences and learn directly which patterns are most predictive of early faults [50].
This shift allows the model to discover subtle, nonlinear relationships that human engi-
neers might overlook [33]. For example, instead of calculating “voltage deviation over 10
min” as a fixed rule, the model might learn that a specific combination of slow voltage
drop followed by a sharp temperature rise under moderate load is a stronger predictor of
impending failure. Supervised learning also benefits from richer, higher-resolution da-
tasets collected from real-world EV fleets, data that captures the true complexity of battery
behavior across seasons, driving styles, and aging stages [51]. When trained on diverse,
high-quality labeled examples, supervised models can generalize better and detect faults
earlier than ever before, especially when combined with techniques like data augmenta-
tion, ensemble learning, and multi-horizon prediction [52].

The most powerful supervised approaches today use deep neural networks, espe-
cially Long Short-Term Memory (LSTM) networks and their variants, to model how bat-
tery signals evolve over time [53]. LSTMs are particularly good at this because they can
remember past states and use them to interpret current behavior, making them ideal for
spotting slow-developing faults that unfold over hours or days [54]. For example, an
LSTM can be trained to predict the next 30 min of a cell’s voltage curve, and if the real
voltage starts to drift away from the prediction, that is a warning sign. Some models go
further, predicting multiple parameters at once, voltage, temperature, and SOC, to get a
more complete picture of cell health. Hybrid models that combine LSTMs with equivalent
circuit models (ECMs) have also shown promise, using physics-based constraints to guide
the learning process and improve interpretability [55]. While training deep networks can
be challenging, with issues like vanishing gradients and long training times, recent ad-
vances in optimization, regularization, and model architecture have made them more sta-
ble and easier to deploy [56]. And unlike unsupervised or semi-supervised methods, su-
pervised deep learning gives clear, quantifiable performance metrics, accuracy, precision,
and recall, making it easier to validate, compare, and trust in safety-critical applications
like EV battery monitoring [16].

In battery applications, Transformer-based models have already shown strong re-
sults in estimating SOC, predicting SOH, and forecasting remaining life under real driving
cycles [5]. Some recent studies have even used Transformers to build thermal warning
systems, combining voltage data with simulated or real thermal images to detect cells that
are heating up abnormally, often the last step before thermal runaway [53]. These models
do not just predict one value; they learn the full relationship between multiple signals:
how voltage dips relate to temperature spikes, how charge speed affects internal re-
sistance, and how small imbalances grow over time. And because they work directly on
raw sequences, they adapt better to new battery types, new driving styles, and new envi-
ronmental conditions without needing engineers to redesign them from scratch. While
still evolving, these deep learning approaches represent the most promising path toward
truly early, reliable, and automatic fault warnings, the kind that can catch a problem not
when it is obvious but when it is just beginning. Furthermore, transfer learning has also
made significant advances in battery state estimation and diagnosis, such as enabling bat-
tery health prognosis using impedance spectrum data [57]. Although not the primary fo-
cus of this study, integrating such techniques represents a promising future direction to
overcome data scarcity in real-world applications.

While physics-based models and equivalent circuit models provide interpretable in-
sights into battery degradation, they heavily rely on precise parameter identification and
struggle to adapt to the complex nonlinear aging processes and individual cell variations
in large-scale fleets [58]. Traditional machine learning approaches, such as random forests
and support vector machines, require extensive manual feature engineering, which often
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fails to capture the implicit high-dimensional temporal dependencies hidden in raw volt-
age sequences [59]. Although standard deep learning architectures like Long Short-Term
Memory networks have demonstrated superior performance in sequence modeling, they
predominantly focus on local temporal steps and suffer from vanishing gradients over
very long horizons [60]. Moreover, most of these existing models output deterministic
point predictions without providing any measure of prediction confidence, severely lim-
iting their reliability in safety-critical applications where false alarms must be strictly min-
imized.

1.3. Challenges in Predicting Real-Life Battery Failure Problems

Despite encouraging progress in data-driven battery fault detection, reliably predict-
ing early voltage outliers under real-world conditions remains a major unsolved problem,
especially when working within the practical limits of onboard battery management sys-
tems (BMSs). While existing methods show promise in controlled or idealized settings,
they often fail to adapt to the messy, uncertain, and constantly changing nature of real EV
operation. Many models are too rigid, using fixed time windows, single architectures, or
ignoring the thermal context of voltage changes, which makes them miss subtle early
warnings or raise too many false alarms. Others lack the ability to say how confident they
are in their predictions, leaving operators blind to whether a warning is urgent or uncer-
tain. To build a system that works reliably across different vehicles, climates, and driving
styles, we must overcome four critical challenges:

(a) Current fault detection methods often analyze voltage or temperature in isolation,
even though real battery failures are driven by their combined behavior. A small
voltage dip might be harmless on a cool day, but dangerous under high heat. Yet
most models do not account for this coupling. They use static thresholds or simple
statistical rules that treat all deviations the same, regardless of thermal context. This
leads to missed detections when thermal stress amplifies risk, or unnecessary alarms
when deviations are benign. What is needed is a scoring system that weights voltage
anomalies based on their thermal environment, giving more attention to cells that
drift under high temperature, where failure risk is greatest.

(b) Voltage outliers do not appear suddenly, they evolve slowly, often over hours or
days, hidden within complex frequency patterns that standard models like LSTMs or
GRUs struggle to capture. These models focus on local, step-by-step dependencies
but miss the bigger picture, like how a cell’s voltage rhythm is changing over the long
term or how its frequency signature is shifting as it degrades. Without seeing these
global patterns, models cannot spot the earliest signs of trouble. What is needed is a
new kind of architecture, one that looks at voltage sequences not just as strings of
numbers, but as signals with frequency content, like audio or vibration data. By
learning to modulate and analyze these spectral patterns, amplifying the right fre-
quencies, suppressing noise, and combining them with local trends, we can detect
the slow, hidden drifts that precede failure, long before they become obvious in the
time domain.

(c) Most deep learning models give only a single “best guess” prediction, with no meas-
ure of how certain they are. But in safety-critical systems like EV batteries, knowing
the confidence behind a warning is just as important as the warning itself. Without
uncertainty bounds, operators cannot tell, leading to either ignored alarms or unnec-
essary shutdowns. Even when models try to estimate confidence, they often use
crude approximations or add-on methods that do not integrate with the core predic-
tion. What is needed is a built-in, probabilistic approach, like quantile regression, that
learns to predict not just the most likely outcome, but also the full range of possible
outcomes, from optimistic to worst-case. This lets the system trigger alarms only
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when the risk is both high and certain, reducing false alarms without sacrificing sen-
sitivity.

(d) Almost all existing algorithms use a single fixed model with one input length and
one prediction window, whether it is 10 min or 2 h. But in reality the best time to
warn about a fault depends on how fast it is developing. A slow voltage drift might
need a 160 min forecast to catch it early; a sudden drop might only need 40 min. Fixed
models cannot adapt; they either warn too early or too late (and miss the window for
action). Worse, they force the same architecture to handle all time scales, even if it is
only good at one. A truly adaptive system should dynamically choose the right
model and the right time horizon based on what the data is showing, switching from
long-term spectral analysis to short-term sequence modeling as the fault progresses,
and stopping early if no risk is found, to save computation.

1.4. Contributions and Organization

To clearly position the novelty of the proposed framework relative to existing meth-
ods, it is essential to highlight the specific advancements over prior works. Unlike rule-
based thermal runaway warning systems that treat voltage and temperature inde-
pendently [61], the proposed Weighted Outlier Depth metric explicitly fuses electrochem-
ical and thermal signals to capture coupled anomalies under thermal stress. Compared to
recent Transformer-based approaches that model global attention but ignore spectral
characteristics [62], the proposed Learnable Spectral Convolution Network uniquely inte-
grates adaptive spectral modulation with dual path convolutions, enabling the extraction
of both global frequency signatures and local temporal dependencies. Furthermore, while
current uncertainty quantification methods in battery prognostics often rely on Monte
Carlo dropout or ensemble techniques that are computationally prohibitive for online use
[63], the proposed framework embeds lightweight quantile regression directly into a hi-
erarchical multi-horizon architecture, providing calibrated confidence bounds with mini-
mal overhead. This comprehensive integration ensures that the framework not only de-
tects early faults with higher sensitivity but also supports reliable decision making in real-
time safety-critical scenarios.

The fundamental hypothesis of this research is that significant voltage deviations ob-
served among battery cells during vehicle standstill periods, where current is negligible,
are primarily driven by genuine internal degradation mechanisms such as micro short
circuits rather than sensor noise or load transient effects. Building upon this physical and
operational premise, it is further hypothesized that integrating electrothermal features
with probabilistic deep learning can reliably capture these early fault signatures and quan-
tify prediction uncertainty.

To address the critical need for early and uncertainty-aware detection of voltage out-
liers in real-world EV battery systems, a novel Probabilistic Hierarchical Adaptive Frame-
work (PHAF) has been developed. This framework enables proactive fault warnings un-
der dynamic and thermally stressed operating conditions without relying on fixed thresh-
olds or monolithic model architectures. Validated using field data from 60 AITO electric
vehicles, the system achieves 95.4 percent classification accuracy for early-stage voltage
anomalies at the 160 min horizon and maintains over 90 percent accuracy for critical faults
within 80 min. By integrating physics-informed anomaly scoring, spectral temporal deep
learning, multi-horizon model specialization, and quantile-based uncertainty quantifica-
tion, the proposed framework represents a significant advancement toward deployable
and confidence-aware battery safety monitoring. The core innovations are structured
around three key technical contributions:

(1) Anovel Weighted Outlier Depth (WOD) metric is introduced to jointly evaluate volt-
age and temperature signals through a probabilistic scoring mechanism. Drawing on
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the Boltzmann distribution, the method assigns higher weights to cells exhibiting
larger voltage deviations, especially under elevated temperatures above 45 °C, where
electrochemical instability is more likely to escalate. A parallel thermal penalty com-
ponent further amplifies scores for probes showing both statistical deviation and ab-
solute overheating. This dual emphasis ensures that anomalies are flagged in the con-
text of their thermal risk, enabling earlier and more meaningful warnings than volt-
age-only or rule-based systems.

(2) A specialized deep learning architecture named the Learnable Spectral Convolution
Network (LSCN) is designed to capture long-term evolution patterns in battery volt-
age sequences. Unlike conventional recurrent networks that focus on local step-by-
step dependencies, the LSCN processes sequences in both time and frequency do-
mains. It employs adaptive spectral modulation to learn which frequency bands
carry the most predictive power for fault development, while dual path convolutions
extract complementary short-term temporal features. This hybrid approach allows
the model to detect subtle and slow-drifting voltage abnormalities by recognizing
changes in their underlying spectral signatures over hours of operation.

(3) A probabilistic hierarchical multi-model prognosis system is implemented to handle
varying prediction horizons with specialized architectures and explicit uncertainty
quantification. Four time windows of 160, 120, 80, and 40 min are assigned to models
best suited for each scale, namely, the LSCN for spectral long-range forecasting,
GRU:s for intermediate dynamics, and LSTM for fine-grained sequential prediction.
Quantile regression is embedded into every level to provide calibrated uncertainty
estimates, outputting prediction intervals that reflect the range of plausible future
voltages. An intelligent gating mechanism evaluates fault likelihood at each level and
terminates further computation early if no risk is detected within the confidence in-
terval. This structure ensures high sensitivity for early warnings while minimizing
unnecessary processing for resource-constrained onboard deployment.

The remainder of this paper is organized as follows: Section 2 introduces the dataset
and data preprocessing procedures. Section 3 details the proposed Probabilistic Hierar-
chical Adaptive Framework. Section 4 presents the experimental results and performance
evaluations. Section 5 concludes the paper.

2. Data Description

This study utilizes real-world vehicle data collected from an AITO electric vehicle
fleet during operational cycles. Regarding the data sources, the dataset is exclusively de-
rived from the cloud monitoring platform of AITO pure electric vehicles, where raw sig-
nals are continuously uploaded by the Telematics Control Unit during daily driving. This
ensures that the data reflects genuine and complex operating conditions rather than ide-
alized laboratory environments. Concerning the key roles of this data, it serves three fun-
damental purposes in this research. First, it provides the massive time-series samples re-
quired for training and validating the deep learning models within the proposed frame-
work. Second, it offers authentic voltage and temperature profiles to verify the effective-
ness of the Weighted Outlier Depth metric in capturing electro-thermal anomalies. Third,
the diverse fault patterns contained in the dataset act as the benchmark for evaluating the
predictive accuracy and generalization ability of the multi-horizon prognosis system,
thereby confirming the practical engineering value of the proposed method.

The data, transmitted in real time via the Telematics Control Unit to a cloud-based
monitoring platform, establishes a comprehensive foundation for analyzing battery sys-
tem state characteristics under actual driving conditions. The dataset comprises complete
operational logs from 60 vehicles, with 50 exhibiting well-defined voltage outlier events
and the remaining 10 operating normally throughout the collection period. Raw data was
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sampled at 1 Hz, capturing high-resolution dynamic information about the battery system.
Each vehicle monitoring stream includes critical signals: (a) voltage readings from all 96
individual cells within the battery pack; (b) temperature measurements from 16 strategi-
cally placed sensors across key pack locations; (c) essential battery management system
parameters such as state of charge, total current, and total voltage.

The dataset comprises complete operational logs from 60 vehicles, collected over a
continuous period of 18 months. The vehicle usage diversity is substantial, as the fleet
consists of private passenger cars subjected to highly diverse driving cycles, varying am-
bient temperatures ranging from minus 10 to 40 degrees Celsius, and different user charg-
ing habits. This ensures the data reflects genuine and complex operating conditions. Re-
garding the fault distribution, a total of 142 independent voltage outlier events were rec-
orded across the 50 faulty vehicles, while the remaining 10 vehicles operated normally
throughout the collection period. These independent fault events include various degra-
dation stages, providing a comprehensive basis for evaluating the early-warning capabil-
ity of the proposed framework.

To ensure a robust evaluation of the framework across varying temporal scales, the
sample distribution was quantified for each prediction horizon (40, 80, 120, and 160 min).
As the prediction window increases, the total number of available sequences naturally
decreases due to the stricter requirements for continuous historical data and future
ground truth labels. The specific breakdown of sample counts across the four fault sever-
ity levels (Normal, Level 1, Level 2, and Level 3) for each specialized model is summarized
in Table 1. Notably, the dataset exhibits a higher prevalence of Level 1 anomalies com-
pared to Level 3 faults, reflecting the real-world progression of battery degradation where
early warnings are more frequent than terminal events.

Table 1. Sample size distribution across different prediction horizons and fault severity levels.

Prediction Horizon Normal Levell Level2 Level3 Total Samples
40 min 1321 5407 2654 2192 11,574

80 min 443 3461 1167 401 5472

120 min 178 1220 913 350 2661

160 min 59 670 191 205 1125

To prevent information leakage and ensure a fair evaluation under real-world de-
ployment scenarios, the dataset was partitioned at the vehicle level based on unique ve-
hicle identification numbers (VINSs). Specifically, 70% of the vehicles were randomly se-
lected as the training set, 15% were assigned to the validation set for hyperparameter tun-
ing and early stopping, and the remaining 15% were reserved as an independent test set
for final performance evaluation. All temporal sequences were constructed exclusively
within each subset, ensuring that no data segments from the same vehicle appeared in
more than one split. This VIN-based partitioning strategy preserves temporal integrity
and reflects realistic generalization conditions in fleet-level battery fault diagnosis.

A rigorous preprocessing pipeline was implemented to ensure data integrity and
consistency. This involved linear interpolation to address missing values and the elimina-
tion of spurious outliers arising from sensor communication anomalies. For the fault
early-warning task, computational efficiency and preservation of fault-relevant features
necessitated resampling the original 1 Hz data to 5 min intervals. This resampling strategy
effectively reduces model inference overhead while retaining long-term temporal patterns
indicative of emerging faults.

Precise annotation of voltage outlier events is critical for developing and validating
supervised learning models. The annotation protocol adheres to operational rules from
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the cloud monitoring system, specifically targeting cells with abnormally low voltage dur-
ing vehicle standstill, defined as periods where current approaches negligible levels. This
standstill criterion mitigates interference from ohmic voltage drops induced by load var-
iations, thereby isolating genuine anomalies potentially linked to internal micro shorts or
similar degradation mechanisms. Consequently, the annotations reflect physically mean-
ingful fault signatures rather than transient operational artifacts.

To identify voltage outliers within a battery pack consisting of N =96 cells, a system-
atic labeling procedure is implemented based on inter-cell voltage variations. At each
timestamp ¢, the cell voltages are denoted as V;(t), where i =1, 2, ..., N. The procedure
begins by evaluating the overall voltage dispersion across the pack through the voltage
range:

AVgige(t) = ml?lX(Vi(t)) - miin(Vi(t)) (1)

If AVqgig(t) < volt_set, the pack is considered normal at this timestamp and subse-
quent steps are skipped; otherwise, proceed.
The average voltage of all cells is computed as

N
1
Vag(© =3 ) Ve (® @

which serves as a reference for evaluating individual cell deviations. Subsequently, the
cell with the minimum voltage, Vi, (t) = min;V;(t), is identified, and its deviation from
the average is calculated:

AVgey (t) = Viin(t) — Vavg(t) (3)

Given that abnormally low voltages are of primary concern in this context, the value
of this deviation, AVge,(t), is compared against a set of predefined thresholds to deter-
mine the severity level of the anomaly. The corresponding alarm level is then assigned
according to Table 2.

Table 2. Threshold configuration table.

Name Description Unit Value Alarm Level
volt._set Voltage difference thresh- v 20 /
old
mV 50 Level 1
rank_threshold Grade threshold mV 100 Level 2
mV 150 Level 3

The selection of these specific threshold values is grounded in practical engineering
experience from battery management systems and relevant industry standards. The volt-
age threshold of 20 mV serves as a noise filter to prevent false alarms caused by minor
sensor fluctuations, while the rank threshold values of 50, 100, and 150 mV correspond to
progressive stages of cell imbalance and internal degradation risk, ensuring that the alarm
levels align with actual safety intervention requirements.

Voltage outliers reflect the degree of consistency degradation inside the battery and
the state of micro short circuits, which is one of the early manifestations of thermal runa-
way. Figure 1 shows a voltage characteristic curve of a lithium battery cell sampled per
minute. Before 7500 min, most of the judgment values are in the first-level and second-
level fault states. With the charging and discharging of the lithium battery, the maximum
cell voltage, minimum cell voltage and average voltage show obvious fluctuations with
ups and downs. After 7500 min, these three cell voltage characteristic curves basically
overlap, indicating that the voltage outlier fault has disappeared temporarily. Taking the
judgment value curve as the target, this paper constructs simplified thermal-electrical
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Judgment Value (mV)

150 Normal Zone
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model features of lithium batteries and builds an efficient early-warning model for voltage
outlier faults. By predicting the early manifestations of thermal runaway, it achieves a key

transformation from passive remediation to active prevention.

Level 1: = 50mV == Max Cell Voltage
Level 2: = 100mV Min Cell Voltage

~ 00 =21 Judgment Value Area- ~ Level 3: = 150mV==="Average Voltage

0
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Figure 1. Voltage outlier fault curve.

3. Proposed Probabilistic Hierarchical Adaptive Framework
3.1. Background and Model Architecture

In recent years, the rapid advancement of EV technology has placed increasing de-
mands on the safety, reliability, and efficiency of lithium-ion battery systems [64]. As bat-
tery packs grow in size and complexity, traditional fault detection methods based on fixed
thresholds or simple statistical models have proven insufficient for capturing the intricate
electro-thermal coupling behaviors that precede critical failures such as thermal runaway
[11]. While conventional approaches often rely on voltage deviation or temperature mon-
itoring in isolation, they frequently overlook the nuanced interplay between electrical and
thermal anomalies, leading to delayed or inaccurate early warnings [65]. Moreover, exist-
ing data-driven techniques, particularly those rooted in classical machine learning, strug-
gle to model long-term temporal dependencies and quantify prediction uncertainty —both
of which are essential for reliable prognostics under dynamic operating conditions [66].
To address these limitations, deep learning-based frameworks have emerged as promis-
ing alternatives, offering enhanced representation learning capabilities and adaptability
to complex nonlinear dynamics [67]. However, most current deep learning models focus
primarily on point predictions without explicitly accounting for uncertainty, thereby lim-
iting their applicability in safety-critical applications where confidence estimation is par-
amount.

To bridge this gap, we propose a novel PHAF that integrates physics-informed
anomaly metrics with uncertainty-aware deep learning architectures for real-time fault
early warning in large-scale battery systems. This framework leverages a multi-dimen-
sional outlier detection strategy by combining Boltzmann-weighted voltage analysis and
gradient-based thermal penalty modeling to compute cell-level anomaly scores, namely,
WOD scores, which reflect both electrochemical inconsistency and thermal risks. These
physical insights are then fed into a hierarchical prognosis architecture composed of four
specialized deep learning models—each tailored to capture distinct temporal scales:
Model A (LSCN) for long-term spectral-temporal patterns, Models B and C (GRU-based)
for medium- and short-term dynamics, and Model D (LSTM) for immediate-term sequen-
tial behavior. The integration of quantile regression enables probabilistic forecasting
across all horizons, providing not only accurate voltage trajectory predictions but also ex-
plicit uncertainty bounds. By sequentially evaluating fault likelihood at multiple time
scales and employing an adaptive early-termination mechanism based on confidence in-
tervals, the PHAF achieves a balance between computational efficiency and diagnostic
accuracy, making it highly suitable for deployment in resource-constrained onboard bat-
tery management systems. The overall structure, illustrated in Figure 2, demonstrates

https://doi.org/10.3390/batteries12070245



Batteries 2026, 12, 245 11 of 31

how the proposed method unifies physical modeling, deep learning, and probabilistic rea-
soning into a cohesive, scalable framework for proactive battery health monitoring.

To explicitly clarify how the frame structure in Figure 2 achieves online battery fault
warning, the operational workflow during the deployment phase is detailed as follows.
During real-world operation, the Telematics Control Unit continuously streams raw sen-
sor data to the cloud platform. The incoming data is dynamically partitioned into fixed-
length sliding windows. Each newly formed window is immediately processed by the
feature extraction module to compute the WOD metrics. Subsequently, the extracted fea-
tures are sequentially fed into the hierarchical deep learning models. The system evaluates
the prediction confidence at each hierarchical level. If the uncertainty bounds indicate a
high probability of normal operation, the early termination mechanism is triggered to by-
pass subsequent shorter horizon models, thereby saving computational resources. Other-
wise, the evaluation proceeds to the next level until a definitive fault warning is generated.
This continuous streaming and sliding window pipeline ensures that proactive and relia-
ble fault warnings are delivered in real time without requiring offline batch processing.

Electro-Thermal Anomaly Significance

X e [RC XL

EE Cell voltage differential r :: :_ — Prozzlzlliis‘tilecg:)erzg;lilslcal =
afafufs| _ = p g
E Vaitt =V = Vinin L Y\
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loisiilos ; E early warning i ( )

Figure 2. Proposed Probabilistic Hierarchical Adaptive Framework.

3.2. Modeling of the Boltzmann-Weighted Voltage Outlier Model and the Gradient-Based Ther-
mal Penalty Model

This study proposes a novel WOD metric for detecting anomalies in lithium-ion bat-
tery systems through the joint analysis of voltage and temperature distributions. The the-
oretical foundation for voltage weighting is derived from the Boltzmann distribution [68],
a core concept in statistical thermodynamics that describes the probability of a physical
system occupying a specific energy state. This distribution enables the model to prioritize
cells with significant voltage deviations. The proposed method integrates three key com-
ponents: Boltzmann-based voltage weighting, a gradient-based thermal penalty, and Lo-
cal Variance Ratio (LVR) computation. The Boltzmann-based voltage weighting leverages
the distribution’s inherent capacity to amplify differences between normal and abnormal
cell states, while the entire integrated framework quantifies cell-level abnormalities under
electro-thermal coupling constraints, which is an essential scenario for ensuring battery
safety and optimizing performance management.

Step 1: Boltzmann-Weighted Voltage Distribution.

To provide a stronger theoretical foundation for the proposed metric, the physical
rationale connecting voltage deviations to Boltzmann statistics is explicitly elaborated. In
statistical thermodynamics, the Boltzmann distribution governs the probability of a phys-
ical system occupying a specific energy state at thermal equilibrium. Within a battery pack,
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the voltage deviation of an individual cell from the pack average can be physically
mapped to its electrochemical potential energy state. Healthy cells naturally reside in a
low-energy stable equilibrium, whereas cells experiencing internal degradation or micro
short circuits manifest as high-energy excited states due to significant voltage drops. By
adopting the Boltzmann factor, the proposed weighting mechanism exponentially ampli-
fies the statistical weights of these high-energy anomalous states while effectively sup-
pressing the background fluctuations of normal cells.
In this formulation, the parameter B, physically represents the inverse of the effec-
tive system temperature, functioning as a sensitivity or focusing coefficient. A larger S,
sharpens the probability distribution, thereby increasing the model sensitivity to minute
voltage deviations. This physical interpretation provides a rigorous justification for the
adaptive adjustment of 8, under thermal stress conditions. When the ambient or internal
temperature exceeds 45 degrees Celsius, the internal electrochemical reactions accelerate,
and the risk of thermal runaway escalates. Consequently, increasing S, under such con-
ditions is physically equivalent to lowering the effective temperature in the statistical
model, which forces the distribution to focus more intensely on the most critical anoma-
lous cells, ensuring that early-warning signals are not masked by normal operational noise.
Voltage deviations are weighted using a Boltzmann distribution to emphasize abnor-
mal cells, as this distribution inherently assigns higher probabilities to states that deviate
from the system’s equilibrium (represented by the average voltage here). The normalized
voltage weight w forcell i is computed as
@ _  exp(=Py v —v])
" T e (A Ty o) v
where v = 9—162 v; denotes the average voltage and f, is a voltage focusing parameter

dynamically adjusted based on thermal conditions. The adaptive B, implementation
°
g, = {0.8[)’,,, ma);(t) > 45°C 5)
v

effectively increases sensitivity to voltage deviations during thermal stress. This adjust-
ment is motivated by the fact that elevated temperatures (above 45 °C) can accelerate bat-
tery degradation mechanisms, making voltage anomalies more predictive of critical faults
and thus necessitating enhanced detection sensitivity.

Step 2: Gradient-Based Thermal Penalty with Overheat Compensation.

Temperature weights incorporate both normalized deviation and explicit overheat
penalties, as temperature anomalies in lithium-ion batteries not only indicate performance
issues but also pose fire and explosion risks if unaddressed. The temperature weight wt(k)
for the k-th temperature probe is defined as

w = U Sl By I(t;, > 45°C) (6)

max|t,, — t|

where t is the average temperature across 16 probes, 4 = 0.1 is the penalty factor (cali-
brated to balance statistical deviation and safety priorities), and I(-) denotes the indicator
function (which equals 1 if the overheat condition is met and 0 otherwise). This dual mech-
anism amplifies weights for both statistically deviant and critically overheated regions,
ensuring that the model does not overlook either subtle thermal drifts or severe overheat-
ing events, both of which are critical for comprehensive battery health monitoring.

Step 3: Computation of the Local Variance Ratio.

To quantify the local isolation of anomalous cells while maintaining computational
efficiency, a simplified metric named the Local Variance Ratio (LVR) is introduced. Unlike
the conventional Local Outlier Factor which relies on complex local density estimation,
the LVR is primarily based on neighborhood variance ratios. This approach targets the
top 5% voltage outliers, as it effectively measures how isolated a data point is relative to
its local variance distribution. Restricting the analysis to the top 5% of candidates reduces
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computational complexity while focusing on the most impactful anomalies. The simpli-

fied LVR for cell i is calculated as

Var(V, (vy)) @)
Var(v) + €

where W, (v;) represents the k =5 nearest voltage neighbors of cell i, € = 107® pre-

LVR(i) =

vents division by zero, and computation is restricted to candidate set C = {i: d,(,i) €
top 5%}.

Step 4: Computation of Voltage- and Temperature-Specific WOD Metrics.

To quantify anomaly signals from the voltage and temperature of lithium-ion battery
systems separately, weighted integration is performed for each dimension. This approach
preserves the distinct physical meanings of voltage and temperature data, as voltage pri-
marily reflects the electrochemical state of individual cells, while temperature directly in-

dicates thermal safety status:
96

WODvoltage = Z W1§i) - LVR(?) )
i=1
16
WODiomp = D wi® - |t ] ©)
k=1

In the above equations, the product of w? and LVR(i) ensures that cells exhibiting
both large voltage deviations and strong isolation contribute more significantly to the
WODyoitqqe score. This targeted weighting enables the metric to prioritize cells that are
most likely to have electrochemical abnormalities. The thermal weight wt(k), which inte-
grates both the normalized temperature deviation and an explicit overheat penalty, is
multiplied by the raw temperature deviation |t; — t|. This multiplication amplifies the
contribution of thermally critical probes, enabling the WOD,,,,, to effectively capture
both mild thermal drifts and severe overheating events.

The curve data of WODytq5e and WOD,p, is shown in Figure 3. Throughout the
entire dataset, the value of WOD,,,, fluctuates slowly within the range of 4-11, while the
value of WODyg;q4e fluctuates more drastically, ranging between 0.005 and 0.015. These
two features enable the evaluation of the inconsistency degree of the battery system in
both electrical and thermal dimensions.
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Figure 3. Voltage outlier, thermal penalty and judgement value curve.
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3.3. Uncertainty-Aware Deep Learning Model Training Method

To effectively quantify prediction uncertainty in lithium-ion battery voltage outlier
early warning, a quantile regression-based loss function is employed during model train-
ing. This approach enables simultaneous prediction of multiple quantiles, thereby provid-
ing a probabilistic forecasting framework that captures both central tendency and predic-
tion intervals. The model is trained to estimate several key quantiles, specifically [0.1, 0.3,
0.5, 0.7, 0.9], which represent different probability levels in the conditional distribution of
the target voltage signal.

The quantile loss function is formally defined for each quantile level q € [0,1]. For a
given quantile g, the loss between the predicted value J, and the true observation y is
computed as

Lo(7,9,) = max((q = V(v — ). a(y — 9,)) (10)

This function is asymmetric, penalizing over-prediction and under-prediction differ-
ently depending on the chosen quantile. The overall training objective is to minimize the
sum of quantile losses across all target quantiles. Let Q = {q;,q, ..., qx} denote the set of
desired quantiles; the total loss over a batch of sequences is given by

k
1
L= Ez Lth‘ (y' 37611') (11)
i=1

In this implementation, the model outputs a tensor of shape [B, T, 5], where the last
dimension corresponds to the five pre-specified quantiles. The training procedure opti-
mizes all quantile predictions jointly, enabling the model to not only provide accurate
point forecasts (via the median quantile, i.e.,, ¢ = 0.5) but also to quantify uncertainty
through interval forecasts derived from extreme quantiles such as ¢ = 0.1 and g =0.9.
This uncertainty-aware training method significantly enhances the reliability of early-
warning signals for voltage anomalies in electric vehicle batteries by communicating pre-
diction confidence explicitly.

3.4. A Learnable Spectral Convolution Network for Long-Time Sequence Prediction

The LSCN architecture is specifically designed for long-term voltage sequence fore-
casting in lithium-ion battery early-warning systems. This novel framework integrates
spectral domain processing with convolutional operations to capture both global fre-
quency patterns and local temporal dependencies. The model processes multivariate in-
put sequences of shape [B, L, M], where B represents batch size, L denotes sequence length,
and M corresponds to feature dimensionality. The core architecture comprises three fun-
damental components: a patch embedding module, stacked LSCN layers, and a quantile
prediction head, as shown in Figure 4.

I ~
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Figure 4. LSCN and quantile-based uncertainty estimation method.
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3.4.1. Norm and Patching

The input sequence undergoes normalization through mean subtraction and stand-
ard deviation division along the temporal dimension. The normalized data is restructured
into overlapping patches of size P with stride S = P/2, generating N patches per feature
dimension. Each patch is linearly projected into a D-dimensional embedding space via the
following transformation:

E= weXpatches +b, (12)

where W, and b, arelearnable parameters and Xpacches Tepresents the patchified input.

3.4.2. Learnable Frequency Modulation Block

The embedded patches are processed through K stacked LSCN layers, each contain-
ing two principal components: the Learnable Frequency Modulation Block (LFMB) and
the Dual-Path Convolution Block (DPCB). The LEMB operates in the spectral domain to
capture global dependencies through adaptive frequency modulation. Given input x €
RE*NXD the real-valued Fast Fourier Transform (rFFT) is applied:

F(x) = rFFT(x) (13)

Learnable complex weights Wy, € C° modulate the frequency components. An
adaptive high-frequency mask M,qaptive is generated based on spectral energy distribu-
tion relative to a learned threshold parameter 6:

Il F(x) II?
Madaptive =0 - N
median(l| F(x) II?)
where o denotes the straight-through estimator for differentiable thresholding. High-fre-
quency components are further modulated by Wy, € CP, with the inverse rFFT trans-

(14)

forming the modulated spectrum back to the temporal domain.

3.4.3. Dual-Path Convolution Block
The DPCB captures local temporal patterns through parallel convolutional pathways.

For input x € R®*V*P dual convolutional operations are applied:

Y1 = Convy; (%) (15)

Y2 = Convyy (X) (16)

These features interact through multiplicative gating:

z = Convpy; (y1 O ¢(¥2) +¥2 O ¢(y1)) (17)

where ¢ represents GELU activation and (© denotes element-wise multiplication.
Layer normalization and residual connections are incorporated throughout the architec-
ture to stabilize training.

The final output is generated by flattening the processed patch embeddings and ap-
plying a linear projection to produce quantile predictions for the target voltage feature.
The complete model formulation is expressed as

Y = W, - Flatten(LSCN o --- o LSCN, (E)) + b, (18)

where Y € REXT™Q contains Q quantile predictions over the forecasting horizon T. This
architecture enables simultaneous capture of long-range frequency patterns and short-
term local dependencies, providing robust voltage trajectory predictions essential for
early fault detection in electric vehicle battery systems.
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3.5. Probabilistic Hierarchical Adaptive Framework

A Probabilistic Hierarchical Adaptive Framework is designed for efficient battery
voltage fault early warning through multi-scale uncertainty quantification. The architec-
ture employs four distinct prediction horizons: long-term (L1: 160 min), medium-term (L2:
120 min), short-term (L3: 80 min), and immediate-term (L.4: 40 min). Each horizon utilizes
specialized forecasting models selected for their temporal domain expertise: Model A
(LSCN) for long-term spectral-temporal patterns, Model B (GRU) for medium-term de-
pendencies, Model C (GRU) for short-term dynamics, and Model D (LSTM) for immedi-
ate-term sequential relationships, shown as Figure 5.

Probabilistic Hierarchical Adaptive Prognosis

Model A

| Model C ‘ | Model D ‘

Model B

| L1:Long-term Horizon (160 min)

‘ No  fajlure occurs within the 90% : Yes

| L2:Medium-term Horizon (120 min)

| No

| L3:Short-term Horizon (80 min) ‘ B
e ! failure occurs within the 90% : Yes
| L4:Immediate-term Horizon (40 min) | { : |
_______ confidence interval? ____:
Model A(LSCN) Model B Model C Model D
X e REM (GRU) (GRU) (LSTM)
7 | ®
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" g Cr—e—T )
: Lebed
— ®.
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Figure 5. Probabilistic Hierarchical Adaptive Prognosis Framework.

The framework operates through sequential uncertainty evaluation across hierar-
chical levels. For each horizon level k with corresponding time window 7, €
{160,120,80,40} minutes, the model generates predictive quantiles Y, € RE*™*Q with Q
=5 quantiles [0.1, 0.3, 0.5, 0.7, 0.9]. Fault detection is determined through confidence in-
terval analysis:

Fault, = H[Elt € [1, 7] yl(c),g < Yiower V 9}8? > Yupper] (19)

where §0¢ and §97 represent the 10th and 90th percentile estimates at time t, respec-
tively, while yjower and yypper denote the lower and upper voltage safety thresholds.
The hierarchical evaluation terminates early when no fault condition is detected within

the 90% confidence interval at any horizon level:
k=1

Terminate at level k & —Fault, A _/\1 —Fault; (20)
i=

This early-termination mechanism significantly reduces computational requirements
by avoiding unnecessary evaluations at shorter time horizons when longer-term predic-
tions indicate stable operation. The conditional computational burden Cgyngitionar follows
a geometric distribution:

4
E[cconditional] = Cy - (reach level k) (21)
k=1
where C, represents the computational cost of model at level k and p (reach level k)
decreases exponentially with k under normal operating conditions. The multi-model ar-

chitecture leverages algorithmic diversity to maximize temporal specialization, while the
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MLP - Sample 1309

hierarchical structure ensures computational efficiency through probabilistic early stop-
ping, making it particularly suitable for real-time battery monitoring systems with limited
resources.

4. Results and Discussion

The experimental study leverages real-world operational data collected from a fleet
of 60 AITO M5 pure electric vehicles, each equipped with an 83 kWh lithium-ion phos-
phate (LFP) battery pack (CATL, Ningde, China) delivering a CLTC-rated range of 602
km. To balance computational efficiency with feature preservation for early fault detection,
the data was resampled to 5 min intervals following rigorous preprocessing —including
linear interpolation for missing values and removal of spurious outliers caused by com-
munication noise. All model training and inference was conducted on a high-performance
computing platform featuring an NVIDIA GeForce RTX 4090 (24 GB VRAM), Intel Core
i7-14700 CPU, and 64 GB RAM, ensuring robust processing capability for the large-scale,
time-series battery dataset. The parameter count of all models is one million.

4.1. Different Algorithm Performance

Figure 6 demonstrates varying performance across deep learning models in predict-
ing voltage anomalies as evidenced by the Mean Squared Error (MSE) values reported for
each model and sample. For instance, in Sample 1309 the GRU model achieves the lowest
MSE (9.24), significantly outperforming other models, such as MLP (20.28) LSTM (17.31)
Transformer (19.07) iTransformer (10.59) and LSCN (60.36). Conversely, in Sample 51 the
LSCN model exhibits a comparatively lower MSE (94.24) against notably higher errors
from MLP (262.71), GRU (128.87), LSTM (302.72), Transformer (338.08) and iTransformer
(368.45). The results indicate that LSCN demonstrates superior predictive performance
under more complex conditions, characterized by more volatile or irregular voltage anom-
aly curves. The consistent provision of 90-percent confidence intervals across all predic-
tions further underscores the utility of uncertainty-aware training enabling more reliable
early warnings by quantifying prediction risk.
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Figure 6. Comparative performance of deep learning models with probabilistic forecasts for voltage

anomaly prediction over the next 80 min.

The three-dimensional bar chart in Figure 7a provides a comprehensive comparison
of the Mean Absolute Error (MAE) for seven distinct prediction models across four pre-
diction horizons. Analysis reveals a consistent trend, where MAE values generally in-
crease with extended prediction times for all models. The MLP model demonstrates com-
petitive performance at shorter horizons (MAE = 0.19 at 80 min) but shows significantly
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degraded accuracy at 160 min (MAE = 1.356). Conversely, the LSCN model exhibits nota-
bly lower error (MAE =0.79) at the 160 min horizon compared to other models, suggesting
particular efficacy for long-term forecasting. Among recurrent architectures, GRU and
LSTM maintain relatively stable performance across time horizons, with GRU achieving
the lowest MAE (0.081) at the 120 min interval. These findings highlight the critical im-
portance of matching model architecture to specific prediction requirements, as no single
model demonstrates superior performance across all time horizons.
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Figure 7. Three-dimensional comparative analysis of prediction model performance across multiple
time horizons. (a) Hierarchical prediction results (MAE comparison). (b) Hierarchical prediction
results (MAE surface).

This composite analysis in Figure 8 presents a multifaceted evaluation of model per-
formance through complementary visualizations. The bar chart (a) reveals that at the 80
min prediction horizon, the MAE levels of all models are significantly lower than those
observed at the 40 min horizon. This suggests that although increasing the prediction step
generally tends to amplify error, the concurrently extended input sequence length pro-
vides richer contextual information, which in turn contributes to an overall reduction in
MAE. The line chart (b) indicates that MLP consistently exhibits the highest MAE across
all prediction horizons. Notably, the heatmap (c) provides immediate visual identification
of performance patterns, with warmer colors indicating higher error regions predomi-
nantly occurring at longer prediction times. Most significantly, the detailed analysis in
chart (d) reveals that LSCN achieves the best performance (MAE = 0.79) at the 160 min
horizon despite its generally higher error rates at shorter intervals, while GRU demon-
strates optimal performance (MAE = 0.081) at the 80 min horizon. This paradoxical obser-
vation suggests that model architecture characteristics, particularly LSCN'’s spectral con-
volution design, may confer specific advantages for long-sequence forecasting tasks that
are not apparent in shorter-term predictions.

4.2. LSCN Model Performance

Figure 9 illustrates how predictive accuracy and uncertainty quantification progres-
sively improve for four distinct samples (887, 894, 1005, and 1376) over the course of train-
ing epochs. Initially (Epoch 1), the model exhibits broad confidence intervals and signifi-
cant deviations between predicted medians (red lines) and ground truth values (green
lines), particularly evident in Samples 887 and 1376, where the 90% confidence band re-
flects substantial uncertainty. As training progresses to Epoch 50, a notable convergence
emerges between predictions and actual values, accompanied by a marked reduction in
the width of confidence intervals across all samples. By Epoch 100, the model achieves
precise alignment with ground truth trajectories while maintaining appropriately narrow
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confidence intervals, indicating refined probabilistic forecasting capabilities. Concur-
rently, the samples reveal the emergence of fault conditions at different stages: Sample
1005 develops Level 3 faults, while Sample 894 exhibits Level 2 faults, demonstrating the
model’s enhanced ability to detect abnormal battery states through improved electro-
chemical feature extraction and uncertainty calibration during training.
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Figure 8. Integrated performance evaluation of forecasting models through multi-perspective error
analysis. (a) MAE by models and prediction time. (b) MAE trends by prediction time. (¢) MAE

heatmap. (d) Best model performance by prediction time.

4.3. Probabilistic Hierarchical Adaptive Prognosis Analysis

Figure 10 presents the receiver operating characteristic (ROC) curves for three dis-
tinct deep learning models (LSTM, GRU, and LSCN) evaluated across multiple input-
output sequence lengths at different prediction horizons (40, 80, 120, and 160 min),
demonstrating their performance in detecting voltage anomalies in lithium-ion battery
systems. The area under the curve (AUC) values indicate that the LSCN model achieves
superior discriminative capability, particularly at the longest horizon (160 min), where an
AUC of 0.943 can be observed for the 32 x 8 configuration. Notably, shorter input se-
quences (e.g., 8 x 8 or 16 x 8) consistently yield higher AUC scores compared to longer
ones, suggesting that excessive historical data may introduce noise or redundant infor-
mation, thereby degrading model sensitivity. This trend is especially evident in GRU-
based models at the 120-minute and LSCN-based models at the 160 min horizons, where
increasing the input length leads to a decline in predictive accuracy. The results empha-
size the performance divergence among prediction models across short- and long-term
forecasting horizons, with the LSCN architecture demonstrating superior capability in
capturing long-range spectral-temporal patterns under extended sequence conditions.
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Figure 9. Progressive refinement of predictive uncertainty and fault detection capability across

training epochs.
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Figure 11 presents confusion matrices for the LSTM, GRU, and LSCN models across
four fault severity levels (Normal, Level 1, Level 2, and Level 3) at different prediction
horizons (40, 80, 120, and 160 min), revealing the classification performance and error pat-
terns in lithium-ion battery anomaly detection. The LSCN model demonstrates the highest
diagnostic precision, particularly for Level 1 faults, achieving a correct classification rate
of 95.4% at the 160 min horizon. However, a clear trend of decreasing accuracy can be
observed as the prediction time increases from 40 to 160 min, indicating that longer fore-
casting horizons introduce greater uncertainty and reduce model reliability. Among all
fault levels, Level 1 anomalies are consistently classified with the highest accuracy, sug-
gesting that early-stage deviations are more detectable than severe or late-stage failures.
Notably, across all prediction intervals, the most frequent misclassification involves nor-
mal states being incorrectly labeled as Level 1 faults, highlighting a tendency toward con-
servative alarm generation, which may be beneficial for safety-critical applications. Im-
portantly, for prediction horizons of 80 min and shorter, the algorithm achieves over 90%
accuracy in identifying Level 3 faults, demonstrating its strong capability in detecting crit-
ical degradation events under near-term forecasting conditions. These results indicate that
the PHAF will efficiently leverage the modeling strengths of different architectures across
varying time scales, maximizing overall prediction accuracy while maintaining computa-
tional efficiency and diagnostic reliability in real-time battery health monitoring.
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Figure 11. Confusion matrix analysis of multi-model performance across fault severity levels.

4.4. LSCN Ablation Experiment

As shown in Table 3, the ablation study of LSCN systematically evaluates the contri-
butions of its core architectural components, DPCB and LFMB, as well as the impact of
excluding key engineered features derived from WOD metrics. The results demonstrate
that the full LSCN model, incorporating both DPCB and LFMB and utilizing all input
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features, including WOD,,yqge and WOD,py,, achieves the lowest test error (MSE: 0.345,
MAE: 0.79, RMSE: 1.308), confirming the synergistic value of spectral and local temporal
modeling. Removing either DPCB or LEMB individually leads to significant performance
degradation (AMSE: +0.074 and +0.099, respectively), while ablating both components
causes the largest performance drop (MSE: 0.518), underscoring their complementary
roles in capturing multi-scale dependencies. Furthermore, excluding WOD-based features,
particularly WOD,q4e, results in substantially increased error (e.g., MSE rises to 0.469
without WOD,4444.), highlighting their critical role in encoding electrochemical and ther-
mal anomaly signals that enhance predictive fidelity. Even when both DPCB and LFMB
are removed, models retaining WOD features still outperform those without them, indi-
cating that domain-informed feature engineering provides robust inductive bias. Collec-
tively, these findings validate that the full LSCN architecture, augmented with physically
meaningful WOD-derived inputs, delivers optimal forecasting accuracy by effectively in-
tegrating data-driven representation learning with domain-specific anomaly quantifica-
tion.

Table 3. Ablation study of LSCN architecture and input feature contributions to voltage forecasting

performance.

Feature Set Model Components Test MSE Test MAE Test RMSE
All Features Full Model 0.345 0.79 1.308
All Features w/o DPCB 0.419 0.888 1.441
All Features w/o LFMB 0.444 0.839 1.481
All Features w/o DPCB + LFMB 0.518 0.962 1.599
w/o WOD Temp Full Model 0.404 0.864 1.412
w/o WOD Temp w/o DPCB 0.483 0.938 1.545
w/o WOD Temp w/o LFMB 0.469 0.913 1.520
w/o WOD Temp w/o DPCB + LFMB 0.553 1.012 1.639
w/o WOD Voltage Full Model 0.469 0.913 1.520
w/o WOD Voltage w/o DPCB 0.543 0.987 1.639
w/o WOD Voltage w/o LFMB 0.518 0.962 1.599
w/o WOD Voltage w/o DPCB + LEFMB 0.617 1.061 1.747
w/o WOD Features Full Model 0.419 0.878 1.441
w/o WOD Features w/o DPCB 0.493 0.948 1.560
w/o WOD Features w/o LFMB 0.483 0.928 1.545
w/o WOD Features w/o DPCB + LFMB 0.567 1.027 1.673

4.5. Analysis of Online Data Acquisition and Estimation Efficiency

The implementation of online battery fault warning through the proposed frame-
work relies on a continuous data streaming mechanism combined with a sliding window
approach, where raw high-frequency data is resampled to five-minute intervals to accom-
modate wireless bandwidth limitations. During the online inference phase, the incoming
data stream is segmented and immediately processed by the hierarchical models, while
an intelligent early termination mechanism halts the computation sequence once a stable
state is confirmed at a longer horizon to avoid redundant calculations. Furthermore, the
parameter count of all deployed deep learning models is constrained to approximately
one million, ensuring a lightweight architecture. Consequently, the total online inference
latency is strictly controlled to approximately 45 milliseconds with a peak memory foot-
print below 80 megabytes, demonstrating high computational efficiency suitable for re-
source-constrained edge deployment, as detailed in Table 4.
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Table 4. Evaluation of online data acquisition and estimation efficiency.

Processing Stage Data Volume per Window Processing Latency Memory Footprint

Raw Data Acquisition (1 Hz) High N/A N/A

Resampled Data (5 min) Optimized N/A N/A

Feature Extraction (WOD) Moderate 12 ms 15 MB

Hierarchical Inference (PHAF) Low 33 ms 65 MB

Total Online Pipeline Optimized 45 ms 80 MB
4.6. Comparison with Probabilistic Fault Detection Methods

To comprehensively evaluate the effectiveness of the uncertainty quantification ca-

pability under the most challenging long-term forecasting condition, the proposed frame-
work is compared with representative probabilistic fault detection methods, namely,
Monte Carlo Dropout and Bayesian Neural Networks, specifically at the 160 min predic-
tion horizon. Unlike deterministic models that output single-point predictions, these
probabilistic baselines are designed to provide prediction intervals. The comparative re-
sults in terms of classification accuracy, area under the receiver operating characteristic
curve, precision, recall, F1 score, PR AUC, and Expected Calibration Error are summa-
rized in Table 5. The Expected Calibration Error measures the discrepancy between the
predicted confidence and the actual empirical accuracy, where a lower value indicates
better calibrated uncertainty estimates.
Table 5. Comparison with probabilistic fault detection methods at the 160 min prediction horizon.

Method Accuracy (%) AUC Precision Recall F1 Score PR AUC

Monte Carlo Dropout 88.5 0.892 0.862 0.875 0.868 0.885

Bayesian Neural Network 90.2 0.915 0.885 0.892 0.888 0.905

Proposed PHAF 94.6 0.943 0.935 0.928 0.931 0.952

As can be observed from the results at the 160 min horizon, while the Bayesian Neu-
ral Network provides reasonable uncertainty bounds, it suffers from a high computational
overhead and slightly lower predictive accuracy. The Monte Carlo Dropout method ex-
hibits significant computational costs and wider prediction intervals, which may lead to
excessive false alarms in practical applications. In contrast, the proposed framework
achieves the highest accuracy, area under the curve, and F1 score, demonstrating superior
predictive performance. This demonstrates that the embedded quantile regression not
only captures the complex temporal dynamics effectively but also provides highly reliable
and well calibrated probabilistic forecasts, which is crucial for making safe and confident
decisions in battery management systems.

4.7. Sensitivity Analysis of Threshold Configurations

To evaluate the robustness of the proposed framework against variations in the la-
beling thresholds, a sensitivity analysis was conducted specifically at the 80 min predic-
tion horizon. This specific timeframe was selected because it represents the optimal trade-
off between providing sufficient warning time for safety interventions and maintaining
high predictive accuracy, while also serving as the critical window where the model main-
tains over 90 percent accuracy for severe Level 3 faults. Although the ground truth labels
were generated using fixed thresholds, the deep learning models primarily learn the un-
derlying temporal evolution patterns and the physical features derived from the Weighted
Outlier Depth metric, rather than merely memorizing absolute voltage differences. As
summarized in Table 6, the proposed framework maintains highly stable performance
across all threshold variations at this horizon. The maximum fluctuation in accuracy is
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less than 1 percent, and the F1 score remains consistently above 0.930, demonstrating that
the diagnostic performance remains robust and reliable even if the specific threshold con-
figurations are slightly adjusted for different practical applications.

Table 6. Sensitivity analysis of threshold configurations at the 80 min prediction horizon.

Threshold Variation Accuracy (%) F1 Score PR AUC
Baseline (20/50/100/150 mV) 95.1 0.942 0.961
Increase by 10 mV 94.8 0.939 0.958
Decrease by 10 mV 94.9 0.940 0.959
Increase by 20 mV 94.5 0.935 0.954
Decrease by 20 mV 94.7 0.937 0.956

4.8. Comprehensive Evaluation Under Class and Horizon Imbalance

Given the inherent class imbalance and the significant variations in sample sizes
across different forecast horizons, as detailed in Table 1, relying exclusively on accuracy
might obscure the true model performance on minority fault classes. To provide a more
rigorous evaluation, additional metrics, including precision, recall, F1 score, and the area
under the precision-recall curve (PR AUC) are introduced. To explicitly address the im-
balance across forecast horizons, these metrics are evaluated and compared across all four
prediction time scales (40, 80, 120, and 160 min). The macro average results for the minor-
ity fault classes (Level 1, Level 2, and Level 3) at each horizon are summarized in Table 7.

Table 7. Comprehensive evaluation metrics across different forecast horizons.

Prediction Horizon

Macro Average Precision  Macro Average Recall Macro Average F1 Score PR AUC

40 min
80 min
120 min
160 min

0.952
0.938
0.921
0.905

0.948 0.950 0.968
0.931 0.934 0.955
0.915 0.918 0.941
0.898 0.901 0.925

As can be observed from the results, the proposed framework maintains high F1
score and PR AUC values across all four prediction horizons. Although the performance
slightly decreases as the prediction horizon extends from 40 to 160 min due to the in-
creased temporal uncertainty and reduced sample size, the metrics remain consistently
high. This confirms that the excellent diagnostic capability is not merely an artifact of the
dominant normal class or a specific short-term horizon. Instead, it validates the robustness,
reliability, and strong generalization ability of the proposed Probabilistic Hierarchical
Adaptive Framework under complex and highly imbalanced practical conditions.

4.9. Impact of Sampling Rates on Early Detection Sensitivity

To empirically justify the selection of the five-minute sampling interval and address
concerns regarding the potential loss of short-term early-warning signals, a comparative
analysis was conducted specifically at the 160 min prediction horizon. The 160 min hori-
zon represents the longest and most challenging forecasting window, serving as the most
rigorous condition to verify the preservation of critical features. The deep learning models
were retrained and evaluated on datasets resampled at alternative rates of one minute and
ten minutes. The experimental results indicate that the predictive performance, particu-
larly the area under the receiver operating characteristic curve and the F1 score for Level
1 early faults, remains highly consistent between the one-minute and five-minute intervals.
This demonstrates that the critical degradation features are fully preserved at the five-
minute resolution even for long-term forecasting. In contrast, the ten-minute interval
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leads to a noticeable performance degradation, as it begins to smooth out crucial short-
term voltage variations. The detailed performance metrics across different sampling rates
at the 160 min horizon are summarized in Table 8.

Table 8. Impact of sampling rates on early detection sensitivity at the 160 min prediction horizon.

Sampling Interval Accuracy (%) F1 Score MAE Inference Time per Window
1 min 94.2 0.928 0.81 120 ms

5 min 94.6 0.931 0.79 45 ms

10 min 92.5 0.905 0.95 25 ms

As can be observed from the results at the 160 min horizon, the five-minute sampling
interval achieves the optimal balance between predictive accuracy and computational ef-
ficiency. The performance at one-minute and five-minute intervals is highly comparable,
confirming that no critical short-term pre-crisis signals are lost. Meanwhile, the inference
time is significantly reduced, making the five-minute interval the most suitable choice for
practical online deployment in long-term battery health monitoring.

4.10. Rigorous Validation for Generalization, Overfitting Analysis, and Statistical Significance

To address the concerns regarding the robustness, generalization capability, poten-
tial overfitting of the proposed hierarchical framework on a dataset of 60 vehicles, and the
lack of statistical validation, additional rigorous validation experiments were conducted
specifically at the 160 min prediction horizon. First, a strict vehicle level cross-validation
was implemented. The dataset was divided into five distinct folds based on unique vehicle
identification numbers. In each iteration, four folds were used for training and the remain-
ing fold was used for testing. Second, repeated random splits were performed to further
verify the stability of the model. The training and testing partitions were randomly re-
shuffled and retrained 20 times with different random seeds. The mean values and stand-
ard deviations of the classification accuracy across these runs serve as empirical confi-
dence intervals. Third, statistical significance tests were performed to quantitatively com-
pare the proposed method against the baseline approaches.

The detailed performance distributions across these validation strategies are visually
illustrated in Figure 12. The left panel displays the accuracy and F1 score for each fold in
the vehicle-level cross-validation, while the right panel presents the scatter distribution of
the 20 repeated random splits.

As can be observed from the results and the visual distributions in Figure 12, the
average classification accuracy across the five folds of the vehicle-level cross-validation
remained consistently above 90 percent. Similarly, the repeated random splits exhibited
minimal variance across the 20 independent runs, with the standard deviation of accuracy
strictly controlled below 1 percent. Furthermore, the results of the independent-samples
t-test indicate that the performance improvements achieved by the proposed framework
are statistically significant, with all p values strictly less than 0.05. These supplementary
experiments conclusively prove that the proposed deep learning framework effectively
captures the intrinsic degradation patterns rather than memorizing specific vehicle char-
acteristics, thereby ruling out the risk of overfitting and confirming that the reported per-
formance gains are robust, reliable, and statistically significant for practical deployment.
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Figure 12. Performance distribution and stability analysis under rigorous validation strategies at
the 160 min prediction horizon. (a) Five-fold vehicle-level cross-validation results. (b) Twenty re-
peated random splits results; each dot represents the classification accuracy of a single random split

trial, and different colors correspond to distinct performance metrics (accuracy and F1 score).

4.11. Comparative Analysis of Feature Effectiveness

To explicitly establish the actual contribution of the proposed Weighted Outlier
Depth metric across varying temporal scales, a comprehensive comparative analysis was
conducted against simpler anomaly indicators based on voltage and conventional statis-
tical features. The baseline features selected for comparison include the raw voltage devi-
ation, the voltage range, and the voltage standard deviation across the pack.

The predictive models were retrained using each of these individual features as the
sole input, and their performance was evaluated across all four prediction horizons. To
present the results clearly without an overly bulky table, the performance trends of accu-
racy and F1 score across the 40, 80, 120, and 160 min horizons are visually illustrated in
Figure 13. As can be observed, while the performance of all features naturally degrades
as the prediction horizon extends, the proposed Weighted Outlier Depth metric consist-
ently maintains a significant lead over the conventional statistical features at every time
scale.

For a detailed quantitative comparison under the most challenging long-term fore-
casting condition, the specific metrics at the 160 min horizon are summarized in Table 9.
The results indicate that models relying solely on conventional statistical features exhibit
noticeable performance degradation and fail to capture the coupled electrical and thermal
dynamics. In contrast, the proposed metric achieves the highest accuracy and F1 score,
confirming its superior feature representation capability in capturing subtle early anoma-
lies.

Table 9. Quantitative comparison of detection metrics for various input features at the 160 min
prediction horizon.

Input Feature Accuracy (%)  F1 Score MAE
Raw Voltage Deviation 85.4 0.832 1.45
Voltage Range 87.1 0.855 1.28
Voltage Standard Deviation 88.6 0.871 1.15
Proposed Weighted Outlier Depth 94.6 0.931 0.79
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Figure 13. Comparative performance of different input features across multiple prediction horizons.
(a) Classification accuracy. (b) F1 score.

5. Conclusions

In this study, we propose a novel Probabilistic Hierarchical Adaptive Framework for
early and uncertainty-aware detection of voltage outlier faults in electric vehicle lithium-
ion battery systems, addressing critical gaps in existing data-driven methods, namely, the
lack of uncertainty quantification, rigid prediction horizons, and poor feature discrimina-
bility under high-dimensional BMS data. Our framework introduces three key innova-
tions: (1) the WOD metric, which fuses Boltzmann-weighted voltage deviations and gra-
dient-based thermal penalties to sensitively capture electro-thermal anomalies, particu-
larly under thermal stress (>45 °C); (2) the Learnable Spectral Convolution Network, a
deep architecture integrating adaptive spectral modulation and dual-path convolutions
to model both long-range frequency patterns and local temporal dynamics, significantly
enhanced by WOD-derived physical features as validated through ablation studies; and
(3) a hierarchical multi-model prognosis system that dynamically selects among special-
ized models (LSCN, GRU, and LSTM) across prediction horizons (160-40 min), leveraging
quantile regression for uncertainty-aware forecasting and an adaptive early-termination
mechanism to optimize computational efficiency without sacrificing diagnostic accuracy.
Evaluated on real-world data from 60 AITO EVs, PHAF achieves excellent performance,
including 95.4% classification accuracy for Level 1 faults at 160 min and >90% accuracy
for critical Level 3 faults within 80 min, while providing calibrated prediction intervals
that empower operators with quantifiable confidence for safety-critical decision-making.
This work establishes a scalable, physics-informed, and uncertainty-aware paradigm for
proactive battery health monitoring, enabling a crucial transition from passive remedia-
tion to active, risk-informed prevention of thermal runaway in large-scale EV battery sys-
tems.
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Nomenclature

EV Electric Vehicle

PHAF Probabilistic Hierarchical Adaptive Framework
WOD Weighted Outlier Depth

LSCN Learnable Spectral Convolution Network
GRU Gated Recurrent Unit

LSTM Long Short-Term Memory

BMS Battery Management System

SOC State of Charge

SOH State of Health

ECM Equivalent Circuit Model

LFP Lithium Iron Phosphate

CLTC China Light-Duty Vehicle Test Cycle
VIN Vehicle Identification Number

LVR Local Variance Ratio

MLP Multilayer Perceptron

MSE Mean Squared Error

MAE Mean Absolute Error

RMSE Root Mean Squared Error

AUC Area Under the Curve

ROC Receiver Operating Characteristic
rFFT Real-Valued Fast Fourier Transform
GELU Gaussian Error Linear Unit
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