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Abstract

Thermal runaway can develop quickly and create severe hazards in electric vehicle battery systems. Early warning
is difficult because public fault records are scarce and sensor sets differ across experiments. This study evaluates
a multisensor self-supervised anomaly detector using three public cell-level datasets. Healthy fast-charge records
supplied unlabeled normal data from six lithium iron phosphate cells. Five target records covered dynamic
operation, local heating, uniform heating, and two prismatic NMC abuse tests. A masked denoising autoencoder
learned 42 thermal, electrical, pressure, and availability features. We compared it with a conventional autoencoder,
Isolation Forest, PCA, one-class SVM, and temperature features. Evaluation used physical-cell splits, leakage-safe
prefix calibration, real-time persistence, and block-bootstrap confidence intervals. The masked model detected all
three runaway events. Corrected warning leads were 43.77, 34.52, and 1.25 minutes. However, its pooled AUROC
was 0.744, and its AUPRC was 0.492. The temperature score performed better, reaching 0.924 AUROC and 0.812
AUPRC. The masked model's negative-window false-positive rate was 0.546. It also produced one persistent
warning during the healthy dynamic-load record. Masked training did not improve the conventional autoencoder
significantly. The paired AUROC difference was -0.001, with p =.294. These findings show that event detection
alone can hide severe calibration problems. Simple thermal features remained more portable under strong domain
shift. Multisensor self-supervision still offers useful representations, but it needs better domain adaptation and
event labeling. The study provides a reproducible benchmark for safer future validation.

Keywords: Thermal Runaway; Electric Vehicle Battery; Self-Supervised Learning; Anomaly Detection;
Multisensor Fusion; Early Warning; Domain Shift.

edlall

DSaall )Y aad g Al eSS jall @il jlay dadail o dapn i IS5 s e ol all cOY) sk o oSay
Aalia g_l)l;ﬂ\ O FORERIA|] k_l\):uﬁuud\ Gle gana A 4 Al dalial) dU:s‘)!\ Iy P 5y ) S Baas alad 0dgs
e iy e s G Alaatly Gl a1 1A Al e ainy )yl aaie 3 5280 CRBIS api ) Al ol o3 Cangs
O DA G (g B g ge e Al by 5 sl Aalad) s puall il s Caandind 28y il jladl LA (5 gise o
LA.LI.LI.ALLIM} ‘\.\M}A\.\.\;.uuj c@bAMuYBMWuMWML«S(LFP) e).\.\.\m J.m;t_a\su)a&_\\.ul.k;
‘d\‘)\)! ‘;Iljm‘ M\ CJ).AA e.LUJ (NMC) ;J\_\}SS\} )AA!—\AMJ JS.\.\S\ &_\L\‘)LLU %) MJ)M.LA L\)\A ‘559 JL@.;)J u.i‘)l..ua\}
A5 g dadall iy ) Adla) il 1S 5 4 ) s Aans 42 IS e(Masked Denoising Autoencoder) eiall ¢lia sl
o )l il Sl Jalas g e[ solation Forest 4 ) s g ¢ suldill S jakiall (ja JS aa zd gail) 138 gl ¢ ) 58 5 ) jadiisall
ey a3 ) jall lend) Lo adiay £35a3 ) &ls) ¢ (One-Class SVM)aidll dalal daclall cilgaiall &l «(PCA)
‘_g DA A ) il ol e 3 claall ?‘ 212100 bl Gyl farY e Byl g Al adll LYAN Aldiiie Cilapadi e ?ﬂfﬂ\
.Block Bootstrap 4 sk 4 suae 45 Jual g8 5 ¢ sl (e )

43.77 Gl Sl SISV Sl il B (B 5 al EBEYT Sl gpen LS gg 508 i) 73 pall )&m
c\A\ MJ\);.“ &_Ihu.d\ 519 Aaizall CJ)AJ\ TN ‘d.ﬂ.sd\ ‘_g (AUPRC) 0.492. ;LCJMY\—:&EA” e &L.u ua.h BTN ‘_g
Laglud) ol il 3 L3S ol Y] Jane iy LS €0.812 <ails AUPRC e s 0.924 il AUROC dad Jaas 3 «(Juai
13 Ut il oyl sl oy o) Sealial) il Jas £ 13n) 5 1 inn 15100 Uindf ol 5 0,546 @il 3 sl
p= 0.294 Lu§¢40001 ‘)\mAUROCw@C}{)A‘ d‘)ﬂ\é.u_u; s&ﬁ.\hﬂ\ LS.MU\ ML\‘\_\JL&A‘L\.\LAA\ aya
ilend) & yelal WS Al B plaa (A4 8 sa COKGG 840 8 saa laal) Galas) Je slaie ) of ) ol sda i

(LOUJAS) Copyright: © 2026 by the authors. Submitted for possible open access publication under the terms and
72 .conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/)


mailto:abdussalam.a.ahmed@gmail.com

Libyan Open University Journal of Applied Sciences (LOUJAS)

Volume 2 - Issue 2 - 2026 - Pages 72-86

Sl alaill Jhy c@lld a2 5 (Domain Shift). CY¥lsall cu 5aSll COAY) O 3 avexdll g Jaill Juadl 2306 ) 4, ) jall
s Y el CadUiA e CaSill il Gpu bty 5 ) (ililal] Base O b 63 e 1508 ol jaiisall aaie Lol ,5Y)
Aadaif Aadlas (a5 Agliiasal) sl Cllee acal LY sale Y SUE Una ye ) 5he Gl yall 038 5555 Cilaal) Capa 5353 50

Sad) Jlsy)

5aaxie Ol patiosall zrad €3 505 (oS 6 Y 1A alasl 6l s Sl LS jall iy Uy sl pall Y s dalital) cilalsl)
el Caal ¢ Saall 1Y) ¢ paladl)

Introduction

Lithium-ion cells provide high energy and power for modern electric vehicles. Their safety remains a central
engineering concern. Thermal runaway can follow electrical, mechanical, or thermal abuse. Heat then activates
linked exothermic reactions inside the cell. The reaction rate can exceed heat removal. Temperature, pressure, and
gas generation may then rise very quickly (Finegan et al., 2015).

Fast charging adds another challenge for battery monitoring. High current changes voltage, temperature, and
internal resistance during normal operation. These changes may resemble early fault signals. Fast-charge records
therefore offer valuable normal examples for anomaly learning. Severson et al. (2019) released a large dataset
from commercial lithium iron phosphate cells. Attia et al. (2020) later used related data for closed-loop charging
optimization.

Early warning must occur before uncontrollable reactions develop. A practical system must also avoid frequent
false alarms. An alert that always activates during normal heating has little operational value. Event detection
alone is therefore an incomplete measure. Warning lead, false-alert burden, calibration stability, and domain
transfer require joint assessment.

Many experimental warning methods use temperature, voltage, impedance, pressure, gas, strain, or acoustic
signals. Klink et al. (2021) detected simulated thermal faults through temperature-sensitive electrical behavior.
Appleberry et al. (2022) identified overcharge failure through ultrasound changes. Zhang et al. (2023) combined
voltage, temperature, and gas stages during overcharge. These studies show that several sensor types can provide
useful evidence.

Public thermal-runaway datasets remain small and heterogeneous. Cell formats, chemistries, triggers, sample rates,
and sensors often differ. A model trained on one source may fail on another source. This domain shift is especially
important for self-supervised learning. The model may learn the source identity instead of transferable safety
behavior.

Self-supervised anomaly detection offers a possible response to scarce fault labels. The model learns normal
relationships from unlabeled data. Unexpected reconstruction errors then become anomaly scores. Audibert et al.
(2020) used adversarial autoencoders for multivariate monitoring. Fu and Xue (2022) showed that random masking
can improve normal representation learning. Transformer models also capture wider temporal relations (Tuli et
al., 2022; Xu et al., 2022).

This study tests whether masked multisensor learning transfers across public battery experiments. The work uses
healthy fast-charge data and five target records. Three target records end in confirmed thermal runaway. One
record contains a non-runaway local fault. Another record provides healthy dynamic-load validation.

The contribution is a strict real-data evaluation framework. It uses leakage-safe preprocessing, physical-cell splits,
real-time alarm timing, and conservative negative labels. It also reports block-bootstrap intervals and threshold
sensitivity. The results do not assume that model complexity guarantees better safety performance.

The final evidence is mixed but informative. The masked model detects every runaway event. However,
temperature features achieve better discrimination. The masked model also raises substantial negative-window
alarms. These findings define the limits of the present approach and guide stronger future systems.

Scientific Background and Related Work

Thermal-runaway development

Thermal runaway describes uncontrolled self-heating inside an electrochemical cell. The process involves several
coupled reactions. Solid-electrolyte interphase decomposition can begin at elevated temperature. Anode,
electrolyte, separator, and cathode reactions then add heat and gas. The exact sequence depends on chemistry, state
of charge, aging, and cell design.

Golubkov et al. (2014) compared commercial cells with different cathode materials. Their experiments reached
cell temperatures near 850 °C. Gas production also varied with chemistry. Finegan et al. (2015) later observed gas
pockets, delamination, collapse, and venting through high-speed tomography. These internal changes may occur
before surface measurements show catastrophic failure.

Pressure provides another view of degradation. Ayayda et al. (2024b) measured pressure and temperature in
prismatic NMC111 and NMC811 cells. Their NMC111 cell vented at 152 °C. Thermal runaway followed 35
minutes later. The NMC811 cell vented at 185 °C. Runaway followed after only 104 seconds. This difference
shows why one fixed warning delay cannot describe every chemistry.
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Early-warning signals

Surface temperature is simple, cheap, and common in battery management systems. Yet surface sensors can lag
internal reactions. Sensor position also affects observed peaks. Temperature remains valuable because heat is a
direct failure outcome. The present results confirm its strong cross-dataset value.

Electrical signals can respond before extreme temperature appears. Klink et al. (2021) linked heating with
impedance-related voltage changes under dynamic load. Their method detected faults before venting or voltage
collapse. Voltage and current are already available in vehicle battery systems. Their use can reduce added
hardware.

Pressure and gas measurements can identify internal decomposition or venting. Ayayda et al. (2024b) showed clear
pressure growth before rupture-disc opening. Zhang et al. (2023) used gas, voltage, and temperature for staged
warning. Acoustic monitoring can reveal mechanical changes during overcharge (Appleberry et al., 2022). These
modalities offer different warning times and integration costs.

Multisensor fusion should combine complementary evidence. However, missing modalities create practical
difficulties. The public records used here do not share one sensor layout. Pressure is absent from Kokam records.
Current is absent from both NMC records. NMC111 also lacks voltage. Explicit availability masks are therefore
necessary.

Self-supervised anomaly detection

Anomaly labels are rare because destructive battery testing is expensive. Self-supervision creates a learning task
from normal data. A model may reconstruct masked inputs or predict future samples. Large errors suggest that the
new sample differs from learned normal behavior.

Autoencoders provide a compact normal representation. USAD uses related autoencoders with adversarial training
(Audibert et al., 2020). MAD masks random time-series values during training (Fu & Xue, 2022). TranAD and
the Anomaly Transformer use attention for wider temporal structure (Tuli et al., 2022; Xu et al., 2022). These
methods perform strongly on common industrial benchmarks.

Benchmark success does not guarantee battery transfer. Battery signals depend strongly on chemistry, format,
trigger, and test protocol. A reconstruction model may react to harmless source differences. It may also reconstruct
faults too well. Careful baselines and false-alert reporting are therefore essential.

Research gap and questions

Published battery studies often test one chemistry or one abuse method. Machine-learning studies often use
benchmark labels that are already aligned. Few studies combine fast-charge normal data with independent thermal-
abuse experiments. Fewer still report operational persistence and source-specific false alerts.

This study addresses three questions. Can masked multisensor learning detect runaway across different public
datasets? Does masking improve a matched conventional autoencoder? Does the complex model outperform
simple thermal features under domain shift?

Healthy pretraining Event evaluation
TRI fast-charge cells \ / Lead time and detection
Robust normalization Masked multisensor
and 60-point windows self-supervision
Target calibration / \ Healthy evaluation
Early benign prefixes False alerts and AUROC

Figure 1 Leakage-safe cross-dataset experimental workflow.
Materials and Methods
Public datasets
Three public sources supported the experiment. Checksums verified every small downloaded file. Six structured
TRI files were extracted through remote ZIP ranges. This avoided downloading the complete 27.9 GB archive.
The selected files contained 480 charge cycles.
The TRI records describe commercial LFP/graphite cells under fast-charge protocols (Severson et al., 2019). Their
trajectories contain voltage, current, and casing temperature. They do not contain physical seconds. We therefore
used normalized charge-phase position only for learning. No lead time was calculated from TRI records.
The Kokam source contains a 46 Ah pouch cell under dynamic vehicle load (Klink, 2024). Uniform heating
eventually caused thermal runaway. Local heating produced a fault without runaway. A separate WLTC record
remained healthy. Heater sensors supported annotation but never entered model features.
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The third source contains NMC111 and NMC811 prismatic abuse experiments (Ayayda, 2024a). Temperature and
internal pressure were available for both cells. NMC811 also provided voltage. Constant external heating triggered
each event under different rates and starting conditions.

Table 1 Public datasets and experimental roles

Dataset Cells or tests Available signals Study role
TRI fast- 6 cells Current, voltage, casing Healthy training, validation, and
charge temperature held-out testing
Current, voltage, surface Uniform runaway, local fault, and
Kokam 46 Ah 3 tests g y
temperatures healthy WLTC
NMC 2 tests Temperature, pressure, NMC811 External abuse validation across two

prismatic voltage chemistries
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Figure 2 Representative healthy fast-charge trajectory from the TRI source.

Event definitions

Event definitions were frozen before model scoring. Kokam uniform runaway began at 5,255 seconds. This rule
required two surface sensors above 100 °C. Their heating rates also exceeded 1 °C per second for three seconds.
The excluded heater channel marked a fault proxy at 2,411 seconds.
The local Kokam record used 2,460 seconds as its fault reference. No thermal runaway occurred in that experiment.
The healthy Kokam record had no fault reference. Its post-calibration period measured false-alert behavior.

The NMC event times came directly from the source article. NMC111 first vented at 10,260 seconds. Thermal
runaway began at 12,360 seconds. NMC811 first vented at 1,350 seconds. Its runaway began at 1,454 seconds

(Ayayda et al., 2024b).

Table 2 Frozen target-event definitions

Experiment Outcome Calibration end | Precursor or vent | Runaway onset
Kokam Uniform Runaway 2,200 s 2,411s 5,255
Kokam Local Non-runaway fault 2,200 s 2,460 s Not observed
Kokam Validation Healthy load 800 s Not applicable Not observed
NMC111 Runaway 3,600 s 10,260 s 12,360 s
NMC811 Runaway 300s 1,350 s 1,454 s
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Leakage-safe preprocessing

All physical-time target records were aligned to one-second samples. Short internal gaps were interpolated for at
most three seconds. Temperature represented the maximum allowed surface sensor. Temperature spread
represented the difference between allowed surface sensors.

Each target record supplied an early benign calibration prefix. The first 70% fitted its robust scaler and supported
training. The remaining 30% calibrated thresholds. Future target samples never entered preprocessing or training.
Robust scaling used the median and median absolute deviation. A lower scale bound prevented unstable division.
The normalized signal was calculated as follows.

3 [x — median(xirain)] 1)
2 = hax[1.4826 MAD (Xera), Smin]

Target windows covered 60 seconds with a ten-second stride. TRI windows covered 128 interpolated charge points
with a 64-point stride. Each modality produced nine summary statistics. They covered mean, spread, bounds,
change, slope, and local differences.
The final vector contained 42 features. Thirty-eight features were numeric. Four binary fields described modality
availability. Missing numeric modalities were zeroed after standardization. Their presence masks prevented loss
or score contributions.

Table 3 Window allocation and model inputs

Source Split Windows Purpose
TRI Training 2,724 Healthy representation learning
TRI Validation 640 Global validation
TRI Healthy test 640 Held-out fast-charge testing
Targets | Calibration training 617 Prefix adaptation
Targets | Calibration validation 268 Threshold calibration
Targets Evaluation 2,411 Future event and healthy evaluation

Masked multisensor autoencoder

The proposed network used a fully connected encoder and decoder. The encoder widths were 128, 64, and 16. The
decoder reversed those widths. GELU activations, layer normalization, and 10% dropout supported stable training.
During training, 20% of observed numeric features were randomly masked. Small Gaussian noise was also added.
The model reconstructed the original observed features. The loss combined masked and total observed errors.

L = 0.80 MSE (masked) + 0.20 MSE (observed) 2)

Three masked models used seeds 17, 41, and 73. Three conventional autoencoders used the same seeds. Their
architecture and data were identical. Only masked corruption changed. Three more masked models used TRI
training data alone.

AdamW used a learning rate of 0.001 and weight decay of 0.0001. Batch size was 256. Training allowed 100
epochs. Early stopping used twelve stale epochs. The final anomaly score averaged reconstruction errors across
three seeds.

“= (l) 2 [(Ol,) % € 0 Gy = Fipd? &)

K

10°

Validation reconstruction loss

o} 10 20 30 40 50 60 70 80
Epoch

Figure 6 Validation reconstruction loss across adaptive and TRI-only models.
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Baselines

Five baselines tested whether model complexity added value. The conventional autoencoder measured the effect
of masking. PCA measured linear reconstruction error. Isolation Forest isolated rare feature patterns (Liu et al.,
2008). One-class SVM estimated the normal support boundary (Schélkopf et al., 2001).

The temperature-feature score used only standardized temperature statistics. It was not a fixed temperature
threshold. The score was the mean squared magnitude across available thermal features. This baseline represented
a simple, low-cost detector.

Alert rule and evaluation
Each method used the 99.5th validation-score percentile. Three consecutive windows were required for an alert.
The alert time was the third window's end. Earlier versions backdated this time. The final code corrected that
problem.
Positive windows began at the frozen precursor. They ended at runaway onset. Negative windows included healthy
records and post-calibration pre-reference windows. The latter NMC windows occurred during continued external
heating. Their negative status is deliberately conservative.
The pooled evaluation contained 1,711 negative windows and 504 positive windows. Overlapping windows were
not treated as independent for uncertainty. Six adjacent stride windows formed each bootstrap block. One thousand
resamples produced 95% intervals (Politis & Romano, 1994).
AUROC measured ranking across both labels (Hanley & McNeil, 1982). AUPRC emphasized the positive class.
We also measured event detection, lead time, alert episodes, and alerts per hour. Paired bootstrap differences
compared masked and conventional autoencoders.

Table 4 Primary model and evaluation settings

Parameter Value Interpretation
Target window 60 s One-minute physical context
Target stride 10s Sixfold overlap
Latent width 16 Compressed normal representation
Mask probability 0.20 Self-supervised corruption
Threshold 99.5th percentile Validation anomaly cutoff
Persistence 3 windows Real-time alarm confirmation
Training seeds 17,41,73 Matched stability assessment
Bootstrap 1,000 blocks Conditional uncertainty interval

Results
Corrected event detection
The masked ensemble detected all three runaway events after the frozen precursors. Its corrected Kokam lead was
43.77 minutes. NMC111 produced 34.52 minutes. NMC811 produced 1.25 minutes. The median was 34.52
minutes.
The temperature score also detected all three events. Its leads were 43.93, 34.52, and 1.25 minutes. PCA produced
44.93, 34.52, and 1.25 minutes. Isolation Forest missed every runaway event.
The first operational alert requires separate interpretation. Masked scoring raised no earlier alert in Kokam
Uniform. It raised alerts before first venting in both NMC tests. Those alerts occurred during continuing external
heating. The frozen protocol counted them as pre-reference false alerts.
The local Kokam fault did not reach runaway. The masked model alerted 10.15 minutes after its fault reference.
The temperature score alerted after 8.15 minutes. These results show sensitivity to heating that remained below
runaway.

Table 5 Event-level warning results

Method Kokam lead NMC111 lead NMCB811 lead Events detected
Masked AE 43.77 min 34.52 min 1.25 min 3/3
Vanilla AE 43.77 min 34.52 min 1.25 min 3/3

Temperature features 43.93 min 34.52 min 1.25 min 3/3
PCA 44.93 min 34.52 min 1.25 min 3/3
One-class SVM 43.93 min 34.52 min 1.25 min 3/3
Isolation Forest Not detected Not detected Not detected 0/3
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Window discrimination
The temperature-feature score achieved the best pooled discrimination. Its AUROC was 0.924. Its AUPRC was
0.812. The masked ensemble reached 0.744 AUROC and 0.492 AUPRC. The conventional ensemble produced
nearly identical values.
PCA reached 0.713 AUROC and 0.499 AUPRC. Its negative-window false-positive rate was 0.131. Isolation
Forest had the lowest rate at 0.059. However, it missed every runaway event. This result shows the tradeoff
between sensitivity and alert burden.
Per-event performance was uneven. The masked AUROC was 0.888 for Kokam Uniform. It fell to 0.545 for
NMC111. It reached 0.847 for NMC811. Sensor patterns and heating profiles therefore changed ranking quality
strongly.

Table 6 Corrected aggregate model results

Method AUROC AUPRC Macro AUROC Negative FPR Detected
Temperature features 0.924 0.812 0.929 0.272 3/3
Vanilla AE 0.745 0.493 0.760 0.543 3/3
Masked AE 0.744 0.492 0.760 0.546 3/3
PCA 0.713 0.499 0.753 0.131 3/3
One-class SVM 0.652 0.291 0.659 0.557 3/3
Isolation Forest 0.444 0.189 0.575 0.059 0/3
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Figure 10 Aggregate discrimination, event detection, and negative-window alarms.

Bootstrap uncertainty and seed stability

Block bootstrap intervals confirmed the performance gap against temperature features. The masked AUROC
interval was 0.688 to 0.797. Its AUPRC interval was 0.405 to 0.596. Temperature intervals were 0.894 to 0.950
and 0.748 to 0.869.

Masking did not improve the matched conventional autoencoder. The paired AUROC difference was -0.001. Its
95% interval ranged from -0.003 to 0.001. The two-sided bootstrap p-value was .294. AUPRC and false-positive
differences were also not significant.
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Seed variation was small. Masked AUROC averaged 0.744 with a 0.002 standard deviation. AUPRC averaged
0.492 with a 0.001 standard deviation. All six neural models detected all three events. Training randomness was
therefore not the main weakness.

Table 7 Block-bootstrap intervals for selected methods

Method AUROC estimate | AUROC 95% interval | AUPRC estimate | AUPRC 95% interval
Masked AE 0.744 0.688-0.797 0.492 0.405-0.596
Vanilla AE 0.745 0.687-0.798 0.493 0.406-0.596

PCA 0.713 0.644-0.779 0.499 0.408-0.610
Temperature 0.924 0.894-0.950 0.812 0.748-0.869
features
AUROC with block-bootstrap 95% intervals AUPRC with block-bootstrap 95% intervals
1.0 1.0
0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2

0.0 0.0

v,%
\‘_e,b ;

Figure 11 Block-bootstrap 95% intervals for AUROC and AUPRC.

False-alert burden

The masked model performed well on held-out TRI fast-charge cycles. Only one of 640 windows crossed the raw
threshold. No charge cycle produced a persistent alert. This result shows strong within-source specificity.

The healthy Kokam WLTC record exposed a transfer problem. About 70.4% of its evaluation windows exceeded
the threshold. These windows formed one persistent episode over 0.703 hours. The episode began at 1,579 seconds.
Conservative pre-reference labeling produced one episode in NMC111 and one in NMC811. The combined
physical-time rate was 1.008 episodes per hour. These periods were externally heated. They should not be
interpreted as confirmed healthy operation.

A high window rate can represent one long warning rather than many alarms. Episode counts therefore complement
window metrics. Both measures remain important for battery-management design.

Table 8 Masked-model false-alert burden by source

Source Negative-window rate | Persistent episodes | Observation basis | Episode rate
TRI healthy test 0.002 0 cycles 80 charge cycles O'ggglger
Kokam Validation 0.704 1 0.703 h 1.423 per hour
Kokam Uniform 0.000 0 0.059 h 0.000 per hour
pre-reference
Kokam Local pre- 0.000 0 0.072 h 0.000 per hour
reference
NMC111 pre-vent 0.977 1 1.850 h 0.541 per hour
NMCB811 pre-vent 1.000 1 0.292 h 3.429 per hour
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Figure 12 Source-specific persistent alert episodes before frozen references.

Sensitivity, sensors, and deployment
All twenty threshold and persistence settings detected all three runaway events. Higher persistence shortened the
minimum NMC811 lead. It fell from 1.58 minutes to 0.75 minutes. False episodes varied because higher thresholds
split long score runs.
Thermal-only scoring detected every event. Pressure-only scoring detected both NMC events. Electrical-only
scoring detected only Kokam Uniform. This pattern matches sensor availability. It also shows that useful
modalities depend on the target experiment.
Removing pressure did not reduce event detection. Full multisensor scoring produced median lead of 34.52
minutes. Thermal-only scoring produced the same median. Pressure remained valuable for NMC111 because its
temperature changed gradually before venting.
The TRI-only ensemble reached 0.764 AUROC and 0.622 AUPRC. Those values exceeded the adaptive masked
ensemble. Its negative-window rate also rose to 0.629. Prefix adaptation reduced alarms but weakened overall
ranking.

Table 9 Sensor ablation and deployment comparison

Available score modalities

Electrical only

Full multisensor

Configuration Kokam lead | NMC111 lead | NMC811 lead Main finding
Full multisensor 43.77 min 34.52 min 1.25 min Detected all events

No pressure 43.93 min 34.52 min 1.25 min No event loss
Thermal only 43.93 min 34.52 min 1.25 min Detected all events

Electrical only 28.43 min Not detected Not detected Kokam only
Pressure only Not detected 34.52 min 1.25 min NMC events only
TRI-only ensemble | 43.77 min* 34.52 min* 1.25 min* Higher FPR: 0.629

No pressure

ey —

Thermal only

43.9

43.9

Kokam_Uniform

Figure 13 Event lead under sensor-modality ablation.
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Figure 14 Detection, false-alert, and lead-time sensitivity across alert settings.
Discussion
Main interpretation
The masked model achieved the most visible goal. It detected all three runaway events before frozen onset. Yet
this result alone overstates practical quality. The model also showed weak ranking and substantial negative-
window activation.
The temperature-feature score was the strongest overall detector. It used far fewer inputs than the masked model.
Its AUROC exceeded the masked result by 0.180. Its AUPRC exceeded the masked result by 0.320. The simple
baseline therefore remained more portable.
Masked learning also failed to beat conventional reconstruction. Their paired intervals covered zero. Their event
leads were identical. The masked objective learned stable representations, but those representations did not
improve this transfer task.
The result is not evidence against self-supervised learning generally. It is evidence against uncritical deployment
across unmatched battery sources. Strong source differences can dominate reconstruction scores. A model may
detect chemistry, heating rate, or sensor layout instead of fault progression.

Why the temperature score performed well

Thermal runaway is defined by accelerating heat generation. Temperature features therefore remain close to the
physical outcome. Their slopes, ranges, and local differences changed strongly near the events. Standardized
thermal magnitude also avoided pressure and electrical missingness.

The temperature score did not require cross-modal reconstruction. Missing pressure could not distort it. Missing
current could not distort it. This simplicity reduced sensitivity to source-specific availability masks.

However, temperature features also raised one alert in the healthy Kokam record. Their window-level rate reached
0.842 there. Temperature alone is therefore not deployment-ready. Better thresholds, spatial confirmation, and
operating-state context remain necessary.

Domain shift and label ambiguity

The three sources differ sharply. TRI uses LFP cells and normalized charge trajectories. Kokam uses a pouch cell
under dynamic load. NMC records use prismatic cells under continuous external heating. Their sensors and sample
structures also differ.

These differences complicate the negative label. NMC pre-vent periods contain sustained heating and pressure
growth. Calling every pre-vent window healthy would be incorrect. The study instead calls them conservative
negative windows. Early alerts in those periods may reflect real abuse progression.

Exact early-warning claims therefore require stronger onset labels. Venting is clear and reproducible. It is not
necessarily the first hazardous change. Future experiments should record internal temperature, gas, pressure,
impedance, and intervention points together.

Relation to earlier experiments

Klink et al. (2021) reported electrical fault detection before runaway. Our electrical-only result also detected
Kokam Uniform. It failed on NMC records because current was unavailable. This confirms that modality
conclusions depend on sensor coverage.

Ayayda et al. (2024b) showed that pressure drops sharply at venting. Our pressure-only score detected both NMC
events. The NMC111 lead matched the 35-minute interval between venting and runaway. The NMC811 interval
was much shorter.

Appleberry et al. (2022) showed that ultrasound can identify overcharge before failure. Zhang et al. (2023)
supported staged fusion of electrical, thermal, and gas evidence. These approaches use signals tied to specific
failure mechanisms. The present generic reconstruction model lacked that physical structure.

Industrial anomaly studies often report gains on aligned benchmarks (Audibert et al., 2020; Fu & Xue, 2022).
Battery deployment introduces harder domain changes. Our findings show why source-aware validation must
accompany benchmark performance.
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Practical implications

A vehicle warning system should not rely on one anomaly score. A layered design is more suitable. The first layer
can monitor robust temperature change. A second layer can confirm spatial spread, voltage response, pressure, or
gas evidence. A final layer can trigger intervention.

Calibration should also follow operating state. Fast charging, rest, driving load, and cold operation create different
normal patterns. One global threshold cannot cover every state reliably. Conformal or state-conditioned thresholds
may reduce false alarms.

Real-time timing must remain strict. Persistence should never be backdated. Every reported lead must use the
confirmation time available to the controller. This correction reduced each three-window lead by twenty seconds.
False-alert episodes should accompany window rates. A long threshold crossing may create one operator warning.
Many short crossings may create repeated alarms. Both patterns require different mitigation.

Limitations

The study includes only three confirmed runaway events. This count cannot support population-level safety claims.
The bootstrap intervals describe dependent windows within observed records. They do not describe all cells, packs,
or abuse causes.

The target experiments use thermal triggers. They do not reproduce runaway caused directly by fast charging.
Fast-charge data support normal representation learning only. The paper title therefore avoids claiming fast-
charge-induced runaway detection.

Cell formats and chemistries are not balanced. LFP supplies healthy fast-charge records. Kokam and NMC supply
faults. Chemistry and label are partly confounded. More matched normal and abuse records are needed.
Precursor labels have different meanings. Kokam uses a heater-related fault proxy. NMC uses first venting. These
labels support reproducibility, but they do not share one physical onset definition.

The model uses engineered window statistics. It does not learn directly from raw sequences. A larger transformer
or recurrent model might capture wider temporal context. Such models would require more independent events.
The healthy Kokam test contains less than one hour after calibration. False alerts need much longer fleet-like
evaluation. Temperature, load, aging, and seasonal conditions should be represented.

Future Work

Future experiments should pair normal and abuse records within each chemistry. They should use shared sensor
layouts and synchronized physical time. Repeated cells should support event-level confidence intervals.

The next model should combine physics and self-supervision. Temperature-rate limits can constrain anomaly
scores. Pressure and gas changes can confirm internal decomposition. Electrical residuals can provide low-cost
context.

Domain adaptation should be evaluated without future leakage. Leave-one-chemistry-out testing would measure
transfer. Online conformal calibration could control false-warning probability. It should use only past benign
observations.

Event labeling also needs improvement. Researchers should mark heating start, self-heating onset, gas onset,
venting, separator failure, and runaway. Intervention studies should identify the last actionable time.

Pack-level validation is essential. Cell spacing, cooling, compression, and neighboring heat change warning
signals. A pack controller must also consider propagation risk and evacuation time.

Conclusion

This study provides a reproducible cross-dataset test of multisensor self-supervised warning. The masked model
detected all three public runaway events. Corrected leads ranged from 1.25 to 43.77 minutes.

The broader results were less favorable. Masked AUROC was 0.744, and AUPRC was 0.492. Temperature features
reached 0.924 and 0.812. Masking did not improve a matched conventional autoencoder.

False alerts remained the main barrier. The masked detector formed one warning during the healthy Kokam record.
Conservative NMC labeling also exposed strong pre-vent activation. Event detection alone would have hidden
these weaknesses.

The main contribution is therefore methodological and diagnostic. Real-time timing, source-specific alerts,
dependent-window uncertainty, and strong simple baselines change the conclusion. Complex models should earn
their added cost through independent transfer tests.

Multisensor self-supervision remains promising, but the current design is not deployment-ready. Future systems
need physics-aware fusion, better labels, and broader normal testing. These steps can turn early detection into
reliable safety action.
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