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A B S T R A C T

Distributed temperature profiling of lithium-ion batteries provides valuable insights, aiding thermal management
and minimising risk of battery failures. Highlighted by Batteries Europe as crucial for battery safety, advances in
thermal monitoring are imperative to continuous safe adoption of battery technology. Deep Learning techniques
have recently emerged as powerful tools for anomaly detection (AD) in many thermal mapping applications.
These data-driven methods can handle common challenges like data unavailability or environment variations.
Our study devises a methodology to leverage Deep Learning with thermal data from commercially available
pouch cells and an infrared camera. We explain the building blocks of FAUAD (Feature-Adapted Unsupervised
Anomaly Detection), which models the normality of the input data and synthesizes anomalies in its feature space.
The resulting model is benchmarked against some of the latest state-of-the-art methods and achieves high
anomaly detection capability; Area Under the ROC Curve (AUROC) score of 0.971 on simulated data, 0.990 on
contaminated real data, and a perfect score of 1.0 on real clean data. While maintaining a compact size of 15 MB.
FAUAD offers a notable advancement in unsupervised anomaly detection for battery thermal monitoring. The
proposed method is cell chemistry agnostic and open to usage scenarios beyond this works’ scope.

1. Introduction

Lithium-ion cells have solidified themselves as the dominant energy
storage solution within the realm of portable electronics [1], electric
vehicles [2] and grid storage [3]. Amidst pressing global environmental
concerns, the pursuit of a more sustainable future further accelerated the
adoption of energy storage systems in all aspects of life. Nevertheless,
the high energy density and thermal instability inherent to Li-ion bat-
teries introduce significant challenges to ensuring safety, necessitating
robust thermal management systems [4]. This is especially challenging

in high performance systems [5], due to significant internal Joule
heating [6]. Furthermore, the phenomenon of battery thermal runaway,
a potential catastrophic failure mechanism, became one of the greatest
challenges for battery safety often exacerbated through a cascading
domino effect [7,8]. Recognised by Batteries Europe as one of the key
areas of battery safety [9], advances in thermal monitoring of battery
cells are imperative to continuous safe adoption of this technology
across the wider market.

At present, to monitor cells operating parameters and estimate their
State of Health, they are fitted with sensors that monitor voltage, current
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flow and surface temperature. However, the common practice of single-
point surface temperature measurements does not accurately represent a
true condition due to its limited spatial resolution [10]. Consequently,
this method overlooks critical occurrences like thermal hotspots, uneven
heat distribution, or atypical events, which can lead to permanent
damage to the electrochemical system in use. Additionally, various
thermal-management strategies used, e.g. air flow cooling [11], can
cause point-based instrumentation to produce inaccurate data. Distrib-
uted temperature profiling [12] produces significantly more insightful
data, which could offer an insight into the events preceding cell failure,
support the optimisation of thermal management and minimise battery
degradation [13,14]. Certain diagnostic techniques, e.g. Differential
Thermal Voltammetry [15] or recent Artificial Intelligence powered
State-of-Charge models [16], require high fidelity thermal data for
robustness and long-term operation [17].

Deep learning techniques have emerged as powerful tools for ther-
mal anomaly detection (AD) [18,19]. These techniques are particularly
important due to their ability to identify unusual patterns. Advanced
deep learning models facilitate accurate and efficient fault detection,
contributing to the reliability, longevity, and safety of battery cells. The
use of these techniques is critical in improving performance and
ensuring safety, as early detection and tracing of anomalous operations
in batteries are essential [20]. Furthermore, these data-driven methods
can handle common challenges like data unavailability, environment
variations, and battery aging [19]. Therefore, the application of ma-
chine and deep learning techniques for AD in thermal images of batteries
is not only a promising research direction but also a crucial step towards
safer and more efficient energy systems.

In this work we aim to leverage Deep Learning combined with cell
thermal data acquisition. Learning normal battery thermal propagation
patterns, a system can be trained to spot anomalous thermal patterns
that deviate from the learned normality. The methodology described
results in a system capable of identifying thermal anomalies, while
coping with limitations like computational constraints, limited training
data, noise, and dynamic operating conditions. Our approach offers a
way to increase battery safety through early anomaly detection,
leveraging AI tools to analyse thermal maps, capturing the interplay
between temperature measurements, rather than relying solely on
localised readings.

2. Methodology

The main objective is to build a model capable of detecting

anomalies in the thermal patterns of battery cells with high accuracy.
Our approach firstly uses a pretrained deep neural network model to
extract features [21]. Given that the extracted features are generic, it
subsequently adapts these features to represent input thermal images of
the batteries [22]. As the anomalies are very rare, we follow the ideology
of One Class Classification (OCC) anomaly detection algorithms where a
model is trained on what is considered “normal” data and then using
that model to detect whether new data is normal or not [23]. Therefore,
pseudo anomalies are generated to properly train the deep neural
network model to recognize normal features and reject pseudo anoma-
lies [24]. Finally, the model learns to discriminate the normality pat-
terns from others (i.e. anomalies).

2.1. Proposed model

Herein we propose FAUAD (Feature-Adapted Unsupervised Anomaly
Detection). It models the normality of the input data and synthesizes
anomalies in its feature space. Fig. 1 a) shows the training process where
only normal images are given as an input to the deep neural network,
while Fig. 1 b) shows that the network is tested using normal and
anomalous images (see Section 2.5) (see Fig. 2).

Following are the building blocks of FAUAD:
Features extractor: Similarly, as in Ref. [25], we leverage a light-

weight pretrained resnet18 model in PyTorch [26] to obtain local fea-
tures from the first three layers of the network to ensure compatibility
with edge devices and real-time applications as required in Electric
Vehicles.

Features adaptor: To bridge the gap between the captured thermal
images and the extracted generic features, a feature adaptor is
employed. This adaptor, consisting of a single fully connected layer
without a bias term [22], transfers the training features to the batteries
in the thermal domain.

Pseudo anomalies generator: To provide a tractable way to simu-
late real-world thermal anomalies, Poisson noise is added to normal
features [27] to create pseudo anomalies. Gaussian noise has bee also
tested akin to Ref. [22] but its performance is slightly behind FAUAD
using Poisson noise. This is discussed in Section 4.2.

Features classifier: Finally, a two-layer multi-layer perceptron
(MLP) classifier [28] is trained to distinguish between normal and
anomalous features, acting as a normality scorer and outputting high
values for genuine data and low values for anomalies.

The following figure gives a simplified explanation of these building
blocks. For a detailed definition of the layers please refer to Ref. [29].

Fig. 1. A simplified illustration of FAUAD for unsupervised anomaly detection in thermal images of batteries, schematically representing a) training process and b)
testing and verification steps.
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2.2. Anomaly detection

Anomaly Detection (AD) can be either supervised, where anomalous
examples are provided, or unsupervised, where only normal examples
are available. Hence, unsupervised AD offers a compelling alternative to
supervised methods for identifying anomalies [30]. This approach
eliminates the significant effort required to collect and label anomalous
samples, which are often rare in real-world applications. Furthermore, it
bypasses the time-consuming and expensive process of labelling training
data altogether. Finally, unsupervised methods are immune to labelling
bias, a common issue in supervised learning where human error during
annotation can skew the model. In essence, unsupervised AD leverages
readily available normal data to learn the characteristics of healthy
images, allowing it to effectively flag deviations from this norm as po-
tential defects. This technique, also known as outlier detection or
one-class classification [23], focuses on identifying individual anoma-
lous images within a larger pool of normal ones.

The field of AD has been extensively explored, with numerous sur-
veys available to delve deeper. This plethora of resources reflects the
ongoing advancements and diverse approaches within the field. To
provide a concise overview, we will highlight some of these surveys.
While Ehret et al. [31] focused on classical approaches, omitting recent
deep learning advancements, Chalapathy et al. [32] explored deep AD
across supervised, semi-supervised, and unsupervised domains. Simi-
larly, Tao et al. [30] offers a recent review on unsupervised AD
specifically.

Bridging the gap between traditional and deep learning methods,

Ruff et al. [33] provides a comprehensive analysis of their connections.
Mohammadi et al. [34] dives deeper into image/video deep learning for
AD, classifying methods into self-supervised learning, generative net-
works, and anomaly generation. Building upon this, Pang et al. [35]
proposes a thorough taxonomy for deep AD, encompassing advance-
ments in these three categories alongside other refinement categories.

Our approach aims to be simple yet effective. It is based on pipelining
a series of simple steps starting from feature extraction, passing by
domain adaptation and finally learning the normality patterns by
exposing the discriminator to normal features and pseudo anomalies.
Hence, the proposed model (FAUAD) has been compared with some of
the latest state-of-the-art methods that follow similar strategies. These
approaches can be broadly classified into Normalization Flows [36,37]
based methods where features are mapped into a lower dimension and
Deep feature embedding based methods where features are learned
through knowledge distillation [38–44].

These methods excel at finding anomalies. They achieve this by first
extracting features from the data, then condensing those features into a
lower-dimensional space. This compression makes it simpler to identify
anomalies, as they typically deviate significantly from the clusters
formed by the compressed normal features. However, these techniques
have some drawbacks. Real-world data can differ visually from the
training data used for pre-training models; this domain mismatch may
lead to inaccurate anomaly detection. Additionally, some methods
involve computationally expensive steps like calculating covariance
inverses or searching large memory banks, limiting their use on
resource-constrained devices or for real-time applications. Furthermore,
techniques that rely on normalizing flows can be memory-intensive due
to the need for processing full-sized features and utilizing memory-
hungry layers.

Our approach addresses the limitations of the above methods by
tackling them through three key strategies. Firstly, it creates synthetic
features within a specialized feature space for battery data, leading to
more accurate anomaly representation. Secondly, it incorporates a
“feature adapter” to bridge the gap between pre-trained models and
battery images, improving effectiveness. Finally, a simplified yet effi-
cient architecture facilitates faster training, inference, and deployment.
These innovations unlock significant advantages. By leveraging unsu-
pervised learning, the model can learn from normal data and identify
deviations without needing pre-defined anomaly examples, making it
adaptable to unforeseen scenarios. Furthermore, the approach can
identify diverse and unexpected anomaly types, offering crucial benefits
for early detection of potential battery failures and preventing cata-
strophic events.

2.3. Cell simulation

Prior to capturing real-world thermal images of lithium-ion cells, we
conducted the first stage of our experiments using simulated pouch cell
images [45] generated with COMSOL Multiphysics® software in com-
bination with Matlab [46]. The major toolboxes used are “Battery
Design Module” toolbox for battery thermal propagation and “LiveLink
for MATLAB” for communication between MATLAB and COMSOL. This
initial phase served a critical purpose: validating the effectiveness of our
proposed algorithm for anomaly detection in thermal data.

The COMSOL-generated images encompassed three key scenarios:

• Normal Thermal Patterns: These images represented batteries
functioning within their expected temperature ranges.

• Overheating Thermal Patterns: Simulated high-temperature
events were depicted with reddish colour progressions, signifying
potential overheating situations.

• Non-Homogeneous Thermal Patterns: Simulated abnormal heat
propagation on the battery surface that created distinct thermal re-
gions, characterized by bluish, gradual cold spots.

Fig. 2. A schematic illustration of the Feature-Adapted Unsupervised Anomaly
Detection system building blocks.
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There were several compelling reasons for employing simulated ex-
periments at this initial stage:

1. Controlled Environment: COMSOL allowed us to create a precisely
controlled environment for testing. We could tailor the simulated
images to include a wide range of thermal conditions, encompassing
both normal and dangerous scenarios. This level of control would not
be reasonably executed with real-world battery experiments.

2. Cost-Effectiveness: Simulations are significantly less resource and
time-intensive than real-world tests. This initial validation phase
allowed us to refine our algorithm efficiently before moving on to
real-world testing.

3. Safety Considerations: Lithium-ion batteries pose a safety hazard
during thermal anomaly events. By using simulated data, we could
explore a broader range of dangerous scenarios without risking
damage to the surrounding environment.

The simulated thermal images have been structured to extend the
MVTec [38] industrial AD dataset for the classification task. The
“simulated battery AD dataset” folder contains “train” and “test” folders.
The train folder contains normal data only in a folder called “good”. The
“test” folder contains the “good” folder for normal data and remaining
folders (“overheat” and “non-homogeneous”). The overheat folder
contains simulations with reddish propagation patterns. The
non-homogeneous folder contains simulated images with bluish gradual
circular shaped regions that introduce non-homogeneous heat propa-
gation patterns. We have manipulated the original model [45] to assign
different thermal conductivity to random circular regions on the battery

surface to produce the non-homogenous heat propagation anomalies.
Fig. 3 shows examples of the simulated images introduced to FAUAD to
learn and test normal patterns and examples for testing anomalies of
overheat and non-homogenous distribution.

The simulated experiments provided a safe, cost-effective, and
controlled environment to validate our anomaly detection algorithm.
This initial validation stage ensured a higher likelihood of success when
we transitioned to capturing real-world thermal images of lithium-ion
batteries.

2.4. Cell testing

Experiments were performed using commercially available
SPIM11309102-GL40 Li-ion NMC pouch cells from MGL, intended for
Plug-in Hybrid Electric Vehicle application, with a rated capacity of
40Ah. The cells are 309 mm × 102 mm with opposing tabs, with an
average weight of 730g, resulting in 200 Wh/kg gravimetric energy
density at nominal voltage of 3.65V. The cell schematics are shown in
Fig. 4. The cells were connected via brass block terminals, mounted to an
acrylic baseplate, to ensure mechanical stability and good connection to
the high current test leads fastened via lug bolts.

Standard test cycles consisting of constant-current (CC) followed by
constant-voltage (CV) charge and constant-current (CC) discharge were
performed. Cells were cycled between 2.5V (0 % SoC) and 4.2V (100 %
SoC) with a BTS9000 multi-channel potentiostat (NEWARE) capable of
providing a maximum continuous current of 200A per cell. Specific
cycling regimes are detailed in Table 1. All tests were conducted under
25 ◦C ambient temperature in a LabEvent environmental chamber
(Weiss Technik GmbH).

2.5. Image acquisition

For AI thermal image analysis model training, real thermal images
had to be obtained. This has been performed using FLIR T640 infrared
camera (FLIR Systems). This system is rated at ± 2% of reading accu-
racy, capturing 640 x 480 pixel images at 24bit depth using sRGB colour
representation. Focal length of 13 mm and exposure time of 1/46s are
pre-set. Thermal Images were obtained in a time-lapse mode with 15s
intervals, resulting in thousands of images per test. The camera was
suspended above the cell being evaluated, as shown in Fig. 5 a). To avoid

Fig. 3. Simulated images showing a) & b) normal behaviour, c) localised
overheating and d) abnormal distribution. Fig. 4. Tested pouch cell a) dimensions and b) mounted in the test jig.
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light reflections overlapping the thermal image, the surface of the cell
was sprayed with a matte black paint (Ambersil) as advised by the
thermal camera manufacturer, and the test chamber was blacked out for
the duration of the test. Cell cycling performance data was collected
alongside. The combined data obtained was used as training material for
the AI model. To replicate non-homogeneity, while coating some of the
cell with matte black paint, an area was masked, leaving a reflective
patch, as shown in Fig. 5 b). That patch resulted in spatial anomaly
(Fig. 5 c), leaving areas of sharp temperature gradient, which would
indicate abnormal cell operation and areas of potential cell failure.
Similar to the simulated dataset, the captured thermal images have been
structured to extend the MVTec [38]. The “battery AD dataset” folder
contains “train” and “test” folders. The train folder contains normal data
only in a folder called “good”. The “test” folder contains the “good”
folder for normal data and remaining folders (“overheat” and “reflec-
tion”) to represent anomalies. Examples of normal and anomalous data
are shown in Section 2.6.

To ensure high data quality, a professional thermal image acquisition
camera was employed. However, this approach poses a significant bar-
rier to the widespread application of the solution. While high-quality
training data is crucial for achieving high model accuracy, the deploy-
ment of such systems in compact devices remains impractical. Never-
theless, ongoing advancements in microelectronics have led to the

development of micron-sized photodetectors in the infrared range,
which present a potential solution to the challenges posed by con-
strained environments. This article focuses on the AI model proposition -
future work includes focus on the miniaturization of the anomaly
detection capable hardware.

2.6. Normal vs. abnormal propagation patterns

Thermal cameras typically offer two colormap scale settings: fixed
and variable. Fixed scales present a predefined temperature range with
consistent colour associations. Variable scales, on the other hand,
dynamically adjust the colormap based on the minimum and maximum
temperatures captured in the current image.

In the context of electric vehicles (EVs), using a fixed colormap scale
is crucial for accurate anomaly detection. This ensures that heat prop-
agation patterns are consistently represented, allowing the algorithm to
effectively differentiate between normal thermal behaviour (repre-
sented by cooler colours) and dangerous situations (represented by
hotter colours).

While simulating these thermal patterns with a fixed scale in COM-
SOL is straightforward, replicating overheating scenarios in real-world
EV batteries poses a significant safety risk. Reaching such extreme
temperatures can trigger thermal runaway, a potentially catastrophic
event.

Therefore, for our algorithm validation, we can leverage real thermal
images captured with a variable scale for testing, using images with
reddish colour regions (anomalies) that typically represent high tem-
peratures. These regions, even though displayed at a different absolute
temperature value due to the variable scale, still exhibit the same
fundamental thermal propagation patterns that would be observed at a
fixed scale. Our anomaly detection algorithm doesn’t rely on absolute
temperature values, but rather learns the normal propagation patterns of
heat across the image. Any deviations from this learned norm, which
would be represented by colours at the high end of the variable scale,
will be flagged as potential anomalies by the algorithm. This approach
allows us to effectively test our algorithm using real-world data while
maintaining safety during the validation stage.

Hence, under normal operation, a thermal image of a battery should
display a consistent pattern of heat dissipation with cooler colours. This
is shown in Fig. 6 a) & b). In case of overheat (hotter colours), while the
thermal distribution appears uniform, the shades of red colour indicate
the presence of dangerously high temperatures. This is shown in Fig. 6 c)
& d).

Finally, to replicate non-homogenous heat propagation anomalies,

Table 1
Cell characterisation test profiles.

Test Steps Current/Voltage
input

Limit

Static
capacity

Constant Current (CC)
Charge

40A (1C) 4.2V (100 %
SoC)

Constant Voltage (CV)
Charge

4.2V/Variable
current

2A (C/20)

Rest Open circuit 1h
Constant Current (CC)
Discharge

280 mA (C/5) 2.5V (0 %
SoC)

Rest Open circuit 1h
Repeat above (5 cycles)

Waterfall
test

Constant Current (CC)
Charge

40A–180A
(1C–4.5C)

4.2V (100 %
SoC)

Constant Voltage (CV)
Charge

4.2V/Variable
current

2A (C/20)

Rest Open circuit 2h
Constant Current (CC)
Discharge

280 mA (C/5) 2.5V (0 %
SoC)

Rest Open circuit 2h
Repeat above (5 cycles total) in 0.5C increments from 1C to 4.5C

Fig. 5. a) Cell thermal camera set-up, b) painted cell and c) the resulting thermal image. Coating the cell with matte black paint, an area was masked and then
uncovered, leaving a reflective patch resulting in anomalous data.
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we can leverage reflections in thermal images to simulate non-uniform
heat patterns. These reflections may cause thermal readings colours in
the image to deviate from the expected homogenous distribution on the
battery surface which resembles discontinuous propagation anomalies.
This is shown in Fig. 6 e) & f).

3. Results & discussion

3.1. Cell testing

Prior to thermal testing and images acquisition, the cells were tested
on receipt. At 1C cycling rate, the real capacity was measured at 42.5Ah,
exceeding the minimum manufacturer’s rating of 40Ah, as shown in
Fig. 7, indicating the cells are in good health. Subsequent waterfall tests
of increasing C-rate were conducted to assess the safe operating pa-
rameters of the cells under evaluation, with the results shown in Fig. 8.

Stable thermal behaviour, with temperatures within manufacturer-
specified operating window, were maintained under ambient cooling
as specified in the methodology section (see Fig. 9).

3.2. Deep learning-based anomaly detection

To evaluate FAUAD’s effectiveness, we initially conducted tests
using the simulated pouch cell images generated with COMSOL, see
Section 2.3. These simulations encompassed a wide range of scenarios,
including both normal thermal behaviour and dangerous anomalous
events (overheating and non-homogenous thermal patterns). Gratify-
ingly, the algorithm achieved a 0.971 AUROC in anomaly detection
within the simulated data. This performance on controlled test data
provided strong basis for us to proceed with empirical tests.

FAUAD had also been tested using Poisson [27] and Gaussian [22]
noise. Although Poisson noise is simple, it is chosen to simulate rare
(anomalous) events in thermal images of the pouch cell that are beyond
its normal thermal distribution. It is important to note that this noise was
added to the feature space rather than the image space. Given the
thermal images homogeneous distribution pattern, Poisson noise was a
better candidate to generate pseudo anomalies that are closer to the
normal feature space. This in turn enabled the discriminator to learn a
boundary that properly encloses the normal data features. An ablation
study to compare Poisson and Gaussian noises is given in Table 2. It is
noticed that using Poisson noise is slightly better than using Gaussian
noise in the contaminated data scenario. Gaussian noise is expected to
achieve better performance with more complex distributions possibly
observing multiple cells within a battery pack, which is beyond this
study. Gaussian noise is a better candidate when a larger diversity in the
pseudo-anomalies’ generation is required to handle more complex types
of images like industrial images [22].

We compared FAUAD’s performance on real captured images, see
Sections 2.5 and 2.6, to recent state-of-the-art algorithms (detailed in
Section 2.2) using two controlled scenarios designed to reflect real-
world data acquisition challenges:

• Simulating Real-World Anomalies (10 %): This scenario injects a
small percentage of anomalies (10 %) into the data, mimicking po-
tential issues that might arise during data collection. While this
controlled setting may not perfectly mirror real-world battery data
(where environments are typically well-controlled for safety), it al-
lows us to evaluate FAUAD’s effectiveness in learning normal data
patterns compared to existing methods.

• Clean Data Training (Control): The second experiment serves as a
control, training all models on clean, anomaly-free data.

This two-part evaluation approach allows us to assess the robustness
of all models under both realistic (potentially noisy data) and ideal
(clean data) data collection conditions.

Performance comparison of various anomaly detection methods
using the Area Under the ROC Curve (AUROC) metric is shown in
Table 3, and visually represented in Fig. 9. AUROC has been used as it is
the standard measure used for Anomaly Detection applications in the
compared state of the art. It is the default measure used in the “anom-
alib” library [25] by Intel®. The evaluation considers both clean and
contaminated data to assess the models’ ability to distinguish anomalies
under different conditions. It’s important to note that all compared
models leverage a pre-trained ResNet-18 network for feature extraction,
following the protocol established by Akcay et al. [25]. Specifically, the
first three layers of the pre-trained network are used to extract features
for all methods in this comparison.

FAUAD seems to stand out for its anomaly detection capability. It
achieves an impressive Area Under the ROC Curve (commonly called
AUROC or AUC in literature) score of 0.990 on data that has been
manipulated to include anomalies (contaminated data). This indicates a
strong ability to distinguish anomalies from normal data in these

Fig. 6. Heat propagation pattern examples of a-b) ‘normal’ operation, c-d)
‘overheat’ scenario and e-f) ‘non-homogeneous’ propagation anomaly.

Fig. 7. Baseline static capacity (CC-CV) test at 1C cycling rate.
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challenging scenarios. Furthermore, FAUAD achieves an AUROC score
of 1.0 on clean data, signifying its flawless detection of anomalies when
presented with uncorrupted data. At the same time, it is the smallest of
the evaluated models, a modest 15MB. This combination makes it a very
attractive option for edge devices deployment.

We can observe that the performance on the real data (0.99 and 1.0
AUROC) is better than the simulated one (0.971 AUROC). This is
probably due to having more challenging (gradient variation) non-
homogenous thermal patterns in the simulated scenario, see Fig. 3 d),
while having clearly distinguished regions in the real non-homogeneous

Fig. 8. Cycling rate test results of the evaluated 40Ah pouch cells. Within the tested range, the cells showed stable behaviour and maintained temperatures within
specification.

Fig. 9. a) AUROC curves resulting from testing the (<20 MB) models on normal data contaminated with 10 % anomalies, and b) resulting from testing the (<20 MB)
models on clean normal data. X-axis denotes False Positive Rate and the Y-axis denotes The Positive Rate.

Table 2
Comparison of FAUAD performance using Poisson and Gaussian noises.

Technique AUROC (normal data contaminated
with 10 % anomalies)

AUROC (clean
normal data)

FAUAD (Poisson
noise)

0.99 1

FAUAD (Gaussian
noise)

0.98 1
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images acquired, see Fig. 6 e) & f).
While not quite reaching the same heights as FAUAD, SimpleNet still

delivers a very good performance. Its AUROC score on contaminated
data is 0.977, indicating a significant ability to differentiate anomalies
from normal data even when the data has been tampered with. Like
FAUAD, SimpleNet achieves a score (AUROC of 1.0) on clean data,
showing its accuracy in detecting anomalies in uncompromised datasets.
It also shares the same 15 MB model size as FAUAD.

Some techniques, such as EfficientAD (81 MB) and FastFlow (64.7
MB), prioritise perfect detection of normal data, achieving an AUROC
score of 1.0 on clean data. This signifies their ability to flawlessly
identify normal data points. However, their performance on contami-
nated data is lower. This suggests that while they excel at identifying
normal data, they might struggle to distinguish anomalies effectively
when anomalies are deliberately introduced into the data. Furthermore,
their model size is larger than FAUAD and SimpleNet, which makes
them less attractive for mobility applications that require deployment on
edge devices.

4. Conclusions

The need for advanced thermal monitoring of energy storage systems
is evident as it underpins both safety and performance aspects. The
objective of this study was to propose advancements in this field by
building and evaluating an automatic thermal anomaly detection model,
using simulated images followed by testing commercially relevant cells.
Leveraging recent developments in Deep Learning, a Feature-Adapted
Unsupervised Anomaly Detection (FAUAD) model has been con-
structed. Building blocks of the model have been explained, enabling
application of the proposed methodology by a wider audience. A key
strength of FAUAD in battery health monitoring lies in its ability to
leverage unsupervised learning. This approach is particularly well-
suited due to the scarcity of labelled thermal image-based anomaly data.

By focusing on readily available normal data, FAUAD can effectively
detect anomalies without the need for extensive and potentially haz-
ardous anomalous data collection. The conducted experiments evalu-
ating a pouch cell charge-discharge scenario demonstrate FAUAD’s
effectiveness; amongst the evaluated techniques, FAUAD and SimpleNet
emerge as the frontrunners, while also the smallest at 15 MB, crucial
aspect for embedded systems such as BMS. Both models achieve a
AUROC score of 1.0 on clean data, indicating notable ability to identify
normal battery behaviour. Furthermore, FAUAD boasts the highest
AUROC (0.990) on normal data contaminated with few anomalies,
highlighting its proficiency in anomaly detection even under less-than-
ideal conditions.

Importantly, the proposed modelling methodology is cell chemistry
and application agnostic. While the model was evaluated using Li-ion
cells under specific scenario, batteries are currently in constant dy-
namic development, necessitating cross-chemistry solutions. As the
model building blocks rely only on thermal images, such can be obtained
from Na-ion, solid-state, etc. in a similar way, requiring little adaption to
deploy utilizing the same methodology across various scenarios.

In summary, FAUAD presents a significant advancement in unsu-
pervised anomaly detection for battery thermal mapping. Its ability to
leverage available normal data, combined with its performance and
efficient design, makes FAUAD a compelling option for ensuring safety
and reliability of high-power batteries. Future work could explore
incorporating labelled data, if such becomes available, to potentially
improve FAUAD’s ability to pinpoint the root cause of the detected
anomalies.
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