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Acoustic emission (AE) is a low-cost, non-invasive, and accessible diagnostic technique that uses a piezoelectric sensor to detect
ultrasonic elastic waves generated by the rapid release of energy from a localised source. Despite the ubiquity of the cylindrical cell
format, AE techniques applied to this cell type are rare in literature due to the complexity of acoustic wave propagation in
cylindrical architectures alongside the challenges associated with sensor coupling. Here, we correlate the electrochemical
performance of cells with their AE response, examining the differences during pristine and aged cell cycling. AE data was obtained
and used to train various supervised binary classifiers in a supervised setting, differentiating pristine from aged cells. The highest
accuracy was achieved by a deep neural network model. Unsupervised machine learning (ML) models, combining dimensionality
reduction techniques with clustering, were also developed to group AE signals according to their form. The groups were then
related to battery degradation phenomena such as electrode cracking, gas formation, and electrode expansion. There is the potential
to integrate this novel ML-driven approach for widespread cylindrical cell testing in both academic and commercial settings to help
improve the safety and performance of lithium-ion batteries.
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In an era marked by unprecedented reliance on portable
electronic devices, extensive electrical power networks, and the
accelerating integration of electric vehicles (EVs) into our daily
lives, the demand for battery technologies has increased significantly
in recent years. In the automotive sector, global lithium-ion battery
(LIB) demand has seen an annual rise of 65%, growing from 330
GWh in 2021 to 550 GWh in 2022.1 Moreover, global renewable
energy capacity is at an all-time high at 440 GW in 2023 as efforts
are made to shift towards renewable energy sources, such as solar
photovoltaic cells and wind power.1 Consequently, the role of
batteries in grid-scale energy storage is not only essential but is
expected to grow in importance with international initiatives such as
Net Zero Emissions by 2050.

As batteries become ubiquitous across transportation, stationary,
and consumer electronics applications, it is paramount that methods
to monitor the safety and performance of batteries are developed.
Manufacturing defects,2 mechanical loading,3 electrical abuse,4 and
exposure to external heat can result in battery failure, which in turn
poses a significant chemical and fire hazard.5,6 The Electrical Power
Research Institute evidenced in June 2021 that, in the span of four
years, over 30 large-scale battery energy storage sites globally
suffered failures which caused destructive fires.7 With transportation
electrification, EV battery fire incidents have consistently occurred
and shown to lead to injuries and, in extreme cases, casualties.8–10

Even in non-flaming battery failures, toxic and flammable gases,
such as hydrogen fluoride (HF), cyanide, carbon dioxide (CO2),
carbon monoxide (CO), and hydrogen (H2), can vent, further
increasing the risk of explosion and human exposure.3

Battery monitoring methods are a crucial first line of defence
against such failures. Among the multitude of existing battery
diagnostic techniques, acoustic emission (AE) monitoring is a

recently developed technique which enables low-cost and non-
invasive analysis of batteries. AE techniques use a piezoelectric
sensor to passively detect transient elastic waves generated from
localised energy releases caused by battery degradation phenomena,
such as electrode cracking, deformation, and gas evolution.11

This study combines AE techniques with machine learning (ML)
analysis to monitor the state-of-health (SoH) and degradation in
cylindrical cells. Cylindrical cells have benefits relative to other cell
formats, namely pouch and prismatic cells, in terms of their
mechanical stability due to even distribution of internal pressure
build-up and slower failure propagation in multi-cell battery
modules12 thanks to air-filled gaps between individual cells which
reduce thermal contact.13 These advantages, paired with the suit-
ability of cylindrical cells for automated manufacturing, mean that
they are widely deployed in devices such as laptops, power tools and
electric vehicles.

While acoustic techniques for pouch and prismatic cells have
been relatively extensively studied, research on AE with cylindrical
cells is currently limited due to the complex acoustic wave
propagation behaviour in the layered “jelly-roll” structure of a
cylindrical cell.14 The speed of an acoustic wave depends on several
factors, including the elastic modulus and density of the medium.
Within any kind of cell, there are layers of various materials, such as
LiCoO2, graphite, Al, Cu, PVDF and carbon black, each with
different densities and elastic moduli. As an acoustic pulse travels
through the multi-material stack, each time it encounters a material
interface a fraction of the pulse transmits, the remaining fraction
reflects, and subsequently numerous pulses constructively or de-
structively interfere with one another.15 As a result, the acoustic
behaviour rapidly becomes more complex, especially since com-
mercial cylindrical cell designs typically consist of 15 to 25
windings of these layers.16 Additionally, the curved geometry of
cylindrical cells causes more complex internal scattering effects on
transient elastic waves (Fig. 1). The fact that the density and elastic
modulus of the cell change depending on the local state-of-chargezE-mail: rhodri.jervis@ucl.ac.uk; j.b.robinson@ucl.ac.uk
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(SoC),17 the multitude of curved layers within a cylindrical cell, the
reflections between dozens of material interfaces, and the inter-
ference between waves all contribute to AE techniques with
cylindrical cells being notoriously difficult.

AE Techniques with Cylindrical Cells

Despite challenges, several studies have shown that AE techni-
ques can be effective with cylindrical cells. In 2010, Komagata et al.
showed that when cycling 18650 cylindrical LIBs, most AE signals
were detected in the same region of the voltage profile: at 20%–40%
and 0%–20% SoC during discharge.18 It was theorised that the
occurrence of these AE signals was caused by volume change
induced fracture of LiCoO2. Moreover, model half-cells were also
tested, and AE data was correlated to the cells’ degradation as AE
events during discharge primarily occurred after 50 cycles, i.e., when
the cell’s discharge capacity began declining. More recently, Zhang
et al. built upon such existing works by more precisely estimating
the SoH of 18650 cylindrical LIBs using AE detection.19 Two types
of AE signals with distinct frequency spectrums were detected:
“continuous” AE signals, which were regular, sinusoidal, and
attributed to electrode expansion, electrochemical reaction, and gas
generation, and “pulse-type” AE signals, which decayed rapidly,
and were attributed to electrode cracking. Zhang et al. were able to
determine SoH by following the decrease in the amplitudes of
dominant frequency peaks of continuous AE signals during dis-
charge. Additionally, the observation that the number of pulse-type
AE signals was largest in the early cycles, declined sharply,
maintained a stable low, then gradually increased (at around 300
to 400 cycles) was also used to estimate SoH. Zhang et al. performed
their cycles in two batches of tests with different C-rates and the
acoustic behaviour changed depending on this, stressing the im-
portance of considering cycle parameters and history of a battery
when attempting to accurately monitor SoH.

Although acoustic emission (AE) has been utilised to monitor
cylindrical cells, research on abuse and safety testing is still in its
early stages. Consequently, there are significant gaps in the literature
that need to be addressed. Previous work using AE has only looked
at mechanical abuse and stems from related tests in fields where the
use of AE is more established such as metallurgy. Hao et al.
demonstrated that AE techniques could be used to analyse mechan-
ical damage to 18650 cylindrical LIBs.20,21 Cells were subjected to
in situ 3-point bending tests while voltage data was collected
alongside AE data. Four stages of the bending process were
identified using a force-displacement diagram: inter-electrode gap
squeezing and layered electrode debonding; electrode layer slipping;
continuation of electrode layer debonding and plastic deformation;
and, finally, electrode cracking and maximum plastic deformation.
The distinct behaviour of the number of AE hits and unique
frequency spectrums of AE signals from each stage were used to
determine the extent of mechanical failure. Researching an acoustic
method which accurately characterizes the damage of LIBs and

using it to supplement existing battery management systems is
significant since, for example, electrochemical data has been shown
to be ineffective in detecting mechanical failure.22 Furthermore, Hao
et al. developed their work and correlated the AE measurements to
three-dimensional digital image correlation (3D-DIC), and thermal
imaging methods for cylindrical cells at different SoC while the cells
underwent mechanical abuse bending loads.20 They observed that
the bending modulus and stiffness of the battery increased with the
increase of SoC. The results demonstrated that none of the cells’
voltage or temperature changed during the entire bending process
meaning no short circuit occurred. A significant limitation is that the
paper only investigates a cell at constant SoC, which is unrealistic
for cells being used in real-life EV applications.

Tang et al., followed up previous works by adding ML cluster
analysis to similar experiments to understand the signals attributed to
the damage types.22 The authors again used a 3-point bending
mechanical abuse method on cylindrical 18650 cells and used AE to
monitor the damage. The statistical-based factor analysis (FA) and
the fuzzy clustering method (FCM) characterized the AE signals of
various damage types. This machine learning clustering tool
observed that the cracking of electrodes and separators occurred
later than delamination and interlayer slippage. Delamination-related
signals were found to have a higher frequency component than the
other two damage types. FA and FCM were effective at studying the
mechanical damage types of LIBs as well as the expansion processes
of various damage types. To summarise, the utilisation of AE during
the electrochemical cycling of cylindrical cells remains largely
unexplored. However, it holds the promise of yielding valuable
insights due to its connection with various outputs of battery
performance, emphasising the significance of our research efforts
in this area.

Alongside AE, ultrasonic testing (UT) is an acoustic diagnostic
technique, but that which involves an externally generated signal
produced from a piezoelectric transducer in contact with a cell.11

This signal is propagated through the material before being recorded
either by the same transducer via the reflection of the signal in the
material or by another transducer attached to the opposite surface of
the cell. The technique allows analysis of the internal structure of the
system because acoustic wave propagation is affected by the
condition of the battery material. UT has also led to the successful
monitoring of SoH of cylindrical LIBs. Hsieh et al. used electro-
chemical-acoustic time-of-flight (EAToF) experiments to detect
degradation in LIBs.15 Acoustic time-of-flight (ToF) maps during
cycling were obtained and plotted along with other information, such
as total reflected and transmitted signal amplitudes. Around the first
11 cycles, the total reflected signal and transmitted signal intensities
changed significantly as a function of SoC, but after this initial
period, the values stabilized, suggesting the presence of a formation
period. Moreover, after around 27 cycles, high-intensity peaks
emerged in the ToF map in the 8–12 microseconds region. The
unique behaviour of ToF maps and total reflected and transmitted

Figure 1. Simplified visualisation of Lamb waves propagating axially and circumferentially in a cylindrical cell. The figure demonstrates the difficulty of
acoustic analysis due to various wave phenomena that occur inside the cylindrical geometry.
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signal amplitudes demonstrated that UT may be a powerful
diagnostic technique for battery health monitoring. This research,
however, could be extended by relating certain acoustic behaviour to
individual physical effects. Ultrasonic ToF maps provide informa-
tion regarding the chemical and structural composition of a material
such as a battery.11,23–25 For example, the density and Young’s
modulus change at different states-of-charge can be detected and are
well documented. These techniques, when complemented by elec-
tron, neutron, or X-ray interrogation methods, can improve our
understanding of ToF analysis and physical changes within cells.26

Applying similar UT techniques to cylindrical cells has yet to be
applied and would be promising for SoH monitoring. Like AE
methods, they operate at a fraction of the cost, are non-invasive and
can be readily applied to off-the-shelf commercial batteries.

This work presents a systematic investigation into how the SoH
of a cell affects the type of acoustic signal released. The data
collected was fed into ML models, which were used to determine the
SoH of batteries based on AE signals. The results play a role in
developing cylindrical cell diagnostic techniques and improving
battery safety and performance for both the academic and commer-
cial communities.

Methodology

Experimental setup.—Molicel 21700 P42A cylindrical cells
were secured in a bespoke holder, as shown in Fig. 2, with acoustic
couplant (Olympus H-2 couplant) applied on the battery-slider and
slider-sensor interfaces. To optimise acoustic transmission, the
slider’s base was designed with a curvature to ensure complete
contact with the cylindrical cell. The acoustic sensor (NANO 30
Sensor Mini, 300 kHz, resonant, 1 M cable, BNC connector,
Mistras) was securely positioned at three distinct points along the
slider, specifically marked at 18, 36, and 54 mm in relation to the
negative tab. This arrangement facilitated a comprehensive acoustic
mapping across the cylindrical cell, allowing for the identification of
varying signals at each position during electrochemical cycling. A
Gamry Instruments Interface 5000E potentiostat was used to per-
form electrochemical cycling on the cell. The AE data was obtained
by connecting the piezoelectric acoustic sensor to a pre-amplifier
followed by a computer with AEwin acoustic signal processing
software (1283-7001-ACQ-KEY-SW AEwin for USB software) and
a (USB key-based) acquisition licence. Through initial calibration
laboratory tests, a 29 dB amplitude threshold and 2000 μs pre-trigger
were determined to be ideal for capturing most AE signals produced
by the cell while ensuring background noise was minimised.

Data collection and AE analysis.—Two pristine Molicel 21700
P42A cylindrical cells at 100% SoH and two aged cells at 80% SoH
were tested. The aged cells reached 80% SoH after 800 cycles at a
rate of 1 C. For each cell, 10 cycles of constant-current charge-
discharge between 2.5 and 4.2 V were completed at the 18 mm
sensor position. Subsequently, the acoustic sensor was moved to the
36 mm position, where the cell was subjected to 10 cycles, and
afterwards moved again to the 54 mm position for a further 10
cycles. Each cell was then cycled for 100 further cycles with the AE
sensor at each position, after the initial data acquisition, to
investigate the effects of ageing the cell on the acoustic signals in
operando. The aim of shifting the sensor was to examine the effect of
sensor position on the AE waveforms, as well as to limit experi-
mental bias. Without sensor shifting, the disparity between AE
signals from different cells may be attributed to experimental
conditions, such as material surface conditions, quality of couplant
application, ambient temperature, and minor manufacturing differ-
ences in cell construction. Sensor shifting ensures that there is some
variation of the above conditions in every cell’s acoustic dataset.
This ensures that when training a ML model to differentiate between
pristine and aged cell signals, the AE signals will be differentiated
based on their ageing characteristics, and not because of the
coincidental experimental biases. In essence, sensor shifting is an
attempt to reduce the probability of overfitting to the experimental
conditions. Moreover, with sensor shifting, it is possible to deter-
mine where certain signals originate from by probing three positions
along the cell. The data collection protocol is displayed in Table I.
While data from four cells were collected in this study, our future
work will conduct more experiments with cells at varying SoH,
aiming to gather larger data sets.

AE signals with an amplitude over 29 dB were registered by the
AEwin software and labelled as “hits.” 29 dB was measured as the
amplitude of background noise in the laboratory based off pre-
liminary experiments without any battery cycling. A preset threshold
of 29 dB in the software was set to exclude the background noise
while recoding any signal above this amplitude. For each AE hit, the
raw waveform data from the piezoelectric sensor (2000 data points
in time) was recorded, and 14 significant acoustic parameters
(features) of the AE signal (Rise Time, Counts to Peak, Energy,
Duration, Amplitude, Average Frequency, RMS, ASL, PCNTS,
Threshold, Reverberation Frequency, Initiation Frequency, Signal
Strength, Absolute Energy) were calculated. The time-domain
waveform data was further processed through bespoke Python
code, which obtained the digital Butterworth band-pass filtered
signal (50 kHz–1 MHz) and the frequency spectrum via Fast

Figure 2. AE signal acquisition hardware setup: labelled CAD model (left) and final experimental setup (right). Each part of the experimental set up is labelled.
The piezoelectric acoustic sensor was connected to a filter, amplifier, AEwin Node, and computer for signal processing.
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Fourier Transform (FFT). Moreover, amplitude and cumulative
absolute energy (CAE) from the acoustic hit features dataset were
plotted and analysed alongside the electrochemical cycling data.

Supervised ML framework.—The supervised ML framework
aimed to use the 14-dimensional acoustic parameter dataset (ob-
tained from cycling described in Data collection and AE analysis
section) to train a model for binary classification of AE hits
(excluding background noise AE signals) between pristine and
aged cell signals. AE signals are complex and rich in information,
but difficult to interpret manually. Therefore, a blackbox statistical
approach was hypothesised to be able to identify non-obvious
patterns in the data and draw correlation between the complex AE
signal and the battery SoH.

Three supervised ML models were constructed, tested, and
compared: a Logistic Regression model, a Support Vector
Machine (SVM), and a Deep Neural Network (DNN). The DNN
model here is a feed-forward neural network. For all three models,
the acoustic features dataset was standardised to zero mean and unit
variance. An 80–20 training-test split was applied for the logistic
regression and SVM models. For the DNN model a validation set
was also held out, leading to a 64-16-20 training-validation-test split
of the data. As one of the simplest binary classification algorithms,
the logistic regression model acted as a baseline with which
comparisons could be made. SVM was chosen as a more complex
second model because of its suitability with smaller datasets.
Kernelised SVM algorithms transform lower-dimensional data into
a higher-dimensional space and find hyperplanes which optimally
split and classify the data. We used a radial basis function (RBF)
kernel, with the associated gamma hyperparameter set to 0.2. The
RBF kernel allows us to achieve an infinite number of dimensions in
the feature space. The gamma hyperparameter controls the range of
influence of individual data points on the decision boundary. A
lower gamma implies that individual instances have a larger range of
influence, leading to a smoother decision boundary. In the limit, this
can lead to results similar to a linear model. A higher gamma
decreases the range of influence of individual instances, leading to a
more irregular decision boundary. In the limit, the boundary can
overfit around individual instances. After experimentation, we tuned
gamma of the RBF kernel to 0.2 to achieve a moderate level of
influence from individual data points. Lastly, for the DNN model, an
80-20 training-validation split was further applied to enable valida-
tion loss tracking to prevent overfitting. The model was trained to
1000 epochs with batch size set to 32. An early stopping mechanism
monitored validation loss with a patience of 150 epochs to halt
training in the case of overfitting. Regarding experimental setup,
recording AE signals at three positions along the cell via different
sensor placement was the main practical attempt to avoid overfitting
in the training dataset. Architecturally, the DNN consisted of a 14-
dimensional input layer and a 1-dimensional output layer with a
sigmoid activation function, hence producing a 0 and 1 output for
aged and pristine predictions, respectively. Three hidden layers were
constructed with RELU activation functions with 11, 8, and 5 nodes,
respectively. The model calculated binary cross entropy loss and

used the Adam optimiser. Plots of training and validation loss
minimisation are shown in Fig. 3.

Unsupervised ML framework.—The unsupervised ML frame-
work aimed to gain a deeper understanding of the AE signals by
categorising them according to acoustic properties. In reference to
Table I, data from the pristine cells (Cell 1 and Cell 2) were used.
AE hits (including background noise AE signals that exceeded the
threshold) from cycling pristine cells were analysed by applying
dimensionality reduction to the dataset, plotting the transformed data
in an easily visualisable 3D plot, and applying k-means clustering.
This is an unsupervised clustering algorithm where the number of
clusters must be predetermined. Data points are then placed into
clusters so that within-cluster variances are minimised. Each AE
waveform has two different datasets that could be used for the above
process: the 14-dimensional acoustic features data and the 2000-
dimensional time-domain waveform data. Furthermore, each stan-
dardised dataset could be processed using two different dimension-
ality reduction algorithms: principal component analysis (PCA) and
autoencoders. The four groups of datasets and dimensionality
reduction techniques are summarised in Table II and the results
from each group were compared against one another. The latent
space of the autoencoder consists of 5 dimensions, but since we
cannot visualise 5-dimensional data, we extracted the first three
dimensions for 3D plots. Nonetheless, when running k-means
clustering on the data points in the latent space, the k-means
clustering algorithm runs on the 5-dimensional data, so the clus-
tering process does consider the ways in which the data points vary
in all five dimensions.

PCA is a common dimensionality reduction technique that
linearly transforms the original dataset into a lower dimensional
space while maintaining most of the variation of the data. This
technique is accomplished by computing the eigenvectors and
eigenvalues of the covariance matrix of the data. The eigenvectors
represent the “principal components,” which are the directions of
maximum variance in the data. The corresponding eigenvalues
indicate the amount of variance captured by each principal compo-
nent. By selecting the top principal components with the largest
eigenvalues, PCA reduces the dimensionality of the data while
preserving as much of its variability as possible. To allow 3D
visualisation, PCA was applied to reduce dimensionality to 3. This
was done to two datasets, one comprising the 14 acoustic features
and the other comprising entire time-domain waveforms. Both the
acoustic features and time-domain waveform dataset were

Table I. Data collection protocol for each cell tested. Cell 1 and Cell
2 were pristine and Cell 3 and Cell 4 were aged.

State
of

health C-rate

Number of
cycles at
18 mm

Number of
cycles at
36 mm

Number of
cycles at
54 mm

Cell 1 100% C/3 10 10 10
Cell 2 100% 1 C 10 10 10
Cell 3 80% C/3 10 10 10
Cell 4 80% 1 C 10 10 10

Figure 3. Training and validation loss plotted against epochs, demonstrating
the DNN fitting to the AE dataset.
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standardised before applying PCA to reduce data into three dimen-
sions. For each case, the explained variance ratio (the amount of
variance of the original dataset explained by the three principal
components) was computed through the Python Scikit Learn library
and used to quantify the performance of PCA.

In comparison, autoencoders are unsupervised neural networks
that reduce dimensionality through non-linear transformation.
Autoencoders have an encoder-decoder structure with a middle
“bottleneck” layer called the latent space, as shown in Fig. 4. The
bottleneck layer forces the original data to be compressed into a
lower dimensional space. The autoencoder is trained to reconstruct
the input layer (which contains the original data) at the output layer
by minimising the reconstruction error, i.e. the error between the
input and output layer. PCA operates by projecting original data onto
a set of orthogonal axes. In this sense the features of the original
dataset are linearly combined, and the transformation overall is
considered linear. On the other hand, autoencoders have the capacity
to learn non-linear relationships between data points and leverage
those in applying a non-linear transformation reducing dimension-
ality. They may capture more complex relationships and project data
onto non-linear manifolds in the latent space, allowing them to
represent data in a way that may not be achievable with a linear
technique such as PCA.

As an example, an autoencoder with 14-11-8-5-8-11-14 nodal
architecture and RELU activation functions was empirically found to
be ideal for the acoustic features dataset. We iterated through

different architectures and hyperparameters to find the configuration
that best suits these datasets. The initial 14 nodes correspond to the
input layers that match the dimensionality of the data (14 AE
parameters). The architecture is symmetric around the bottleneck
layer, which has 5 nodes. Symmetry in the encoder-decoder structure
often helps in learning a more effective representation. The
decreasing number of nodes towards the bottleneck layer (14-11-8-
5) indicates the progressive reduction in dimensionality leading to
the latent space. The increasing nodes in the decoder (8-11-14
nodes) mirrors the encoder, but in reverse order. The primary
purpose of the bottleneck layer is to compress the input data into a
lower-dimensional representation. This reduction in dimensionality
helps in capturing the most essential features of the data while
discarding less relevant or redundant information. The use of a
bottleneck or a lower-dimensional latent space in autoencoders is not
universally better than other architectures; it depends on the specific
requirements and characteristics of the problem. Nonetheless, the
inclusion of a bottleneck layer has certain advantages that make it a
common and effective choice in various scenarios. Mean squared
error (MSE) loss was used as the loss function paired with the
“Adam” optimiser. In Fig. 5, three random instances are presented to
elucidate the autoencoder’s performance on signals sourced from the
acoustic features dataset. Prior to training, the autoencoder exhibited
no ability to reconstruct the original data. However, after training,
the model successfully reconstructs the original signal, as shown by
the overlap of the reconstructed signal with the original in Fig. 5.

Table II. A table summarizing the datasets and dimensionality reduction techniques used for unsupervised ML. Data from Cell 1 and Cell 2
(Table I) were used to form these groups.

Dataset
Dimension of original da-

taset
Dimension of reduced da-

taset
Dimensionality reduction

method Clustering algorithm

Group 1 Acoustic features 14 3 PCA k-means
Group 2 Acoustic features 14 5 Autoencoders k-means
Group 3 Time-domain waveform 2000 3 PCA k-means
Group 4 Time-domain waveform 2000 5 Autoencoders k-means

Figure 4. “Bottleneck” structure of the autoencoder neural network (14-11-8-5-8-11-14) used in the analysis. The primary purpose of the bottleneck layer is to
compress the input data into a lower-dimensional representation. This reduction in dimensionality helps in capturing the most essential features of the data while
discarding less relevant or redundant information. The use of a bottleneck or a lower-dimensional latent space in autoencoders is not universally better than other
architectures; it depends on the specific requirements and characteristics of the problem. Nonetheless, the inclusion of a bottleneck layer has certain advantages
that make it a common and effective choice in various scenarios.
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The overlap indicates that the lower-dimensional latent space
effectively captures the key attributes of the original dataset. We
note that there is are small mismatches in the “count-to-peak” and
“rise time” features and this could be due to several factors. The
training data might not cover all signal variations, leading to gaps in
the model’s learning. The autoencoder’s complexity might be
insufficient to capture certain features, or dimensionality reduction
may cause the loss of information for specific features. The model
will continue to be developed in future experiments and data
collection from different degraded cells will lead to an improved
overlap between signals.

After dimensionality reduction, k-means clustering was used to
group AE waveforms into clusters. Silhouette score and qualitative
graphical analysis determined the selection of the parameter k, i.e.
the number of clusters to be generated. The silhouette score is a
metric that characterises the clustering performance by measuring
the average similarity of data points to same-cluster points and
comparing this to the similarity of data points to other-cluster points.

The scores range from −1 to +1, where −1 implies the sample may
be incorrectly clustered, 0 suggests the sample is on the decision
boundary between adjacent clusters, and +1 indicates the sample is
distant from neighbouring clusters. For Group 1 (acoustic features
dataset with PCA), clustering results for various k values are shown
in Fig. 6a. Five, six, and seven clusters clearly show points in
separate clusters being close to one another, indicating suboptimal
grouping. This is corroborated by Fig. 6b, which shows silhouette
scores below 0.5 for k = 5, 6, 7. The choice between two, three and
four clusters was more ambivalent, and thus, qualitative decisions
were made. The two clusters option was eliminated as it yielded
trivial groups, where most signals were in one cluster and the
outliers in the other. The four clusters option (k = 4) was chosen
over three clusters as it better segmented the inverted V-shaped
structure into three distinct sections (and an additional cluster for
distant outliers) while also exhibiting a marginally higher silhouette
score. A similar analysis was completed for all four dataset groups
(Table II) in the unsupervised ML framework when determining the

Figure 5. Three random samples of original and reconstructed AE signals from the acoustic features dataset before (left) and after (right) training the
autoencoder. Dataset has been standardised, and x-axis labels indicate abbreviations of 14 acoustic features: rise time (Ri), counts to peak (Co), energy (En),
duration (Du), amplitude (Am), average frequency (Av), RMS (RM), ASL (AS), PCNTS (PC), threshold (Th), reverberation frequency (Re), initiation frequency
(In), signal strength (Si), absolute energy (Ab). The reconstructed signal successfully overlays the original signal after training the encoder-decoder.

Figure 6. (a) Three-dimensional plots in principal component space showing Group 1 clustering results for various k values: k = 2, 3, 4, 6, 7. (b) Plot of
silhouette score vs. k value, i.e., number of clusters.
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parameter k for clustering. As with PCA, we applied k-means
clustering to the reduced 5-dimensional dataset derived from the
latent space of the trained autoencoder.

X-ray computed tomography measurements.—The internal
structure of each cell used in this investigation was scanned using
X-ray Computed Tomography. Each cell was scanned twice using a
lab-based X-ray CT instrument (Nikon XT 225, Nikon Metrology,
UK). The first scan was prior to cycling and the second was after
cycling. Cells were held using a 3D-printed holder fabricated by a
3D printer (Ultimaker S3, UK). The voltage and beam current were
set at 150 kV and 150 μA, respectively, resulting in a power of
22.5 W. A cone-beam employing a tungsten target was used with an
exposure time of 1 s per projection, and a total of 3185 projections
were collected per tomogram with a 0.5 mm Sn filter. The scans took
approximately 25 min each. The scans were then reconstructed using
Nikon CT Pro 3D software (Version XT 4.4.4, Nikon Metrology,
Tring, UK). The Gabor filter was applied to improve the contrast of
raw images before further segmentation and final 3D visualization
(Avizo 2019.4, Thermo-Fisher Scientific, USA).

Results and Discussion

AE analysis results.—For the initial experiments, we cycled each
cell (referred to as Cell 1, Cell 2, Cell 3, and Cell 4 in Table I) a total
of 10 times at three different locations of the AE transducer (located at
18 mm, 36 mm, and 54 mm along the cell), as illustrated in Fig. 2.
Consequently, each cell underwent a total of 30 cycles during these
specific experiments. AE hits and corresponding electrochemical
cycling data for Cell 1 (C/3 C-rate and pristine cell at 100% SoH)
are shown in Fig. 7, and the remaining processed data figures for Cells
2, 3 and 4 can be found in Supplementary Information. For all four
cells, the transducer position did not have a consistent effect on the
occurrence, frequency, or pattern of AE hits and CAE jumps across
the initial 10 cycles. Comparing C/3 and 1 C results, no clear pattern
was found as to how C-rate affects AE amplitude and CAE behaviour.
Furthermore, the type of AE waveform, i.e. pulse-type signal as
shown in Fig. 7h or continuous-type signal shown in Fig. 7i, and the
AE signal’s frequency spectrum had no correlation with SoC,
transducer position, or C-rate during the 10 cycles of testing.

However, when comparing aged (displayed in the Supplementary
Information) and pristine cell signals (Cell 1 vs Cell 3), pristine cell
cycling exhibited significantly more CAE jumps exceeding 15 aJ.
Across all cycling experiments on the aged cell, there was 1 CAE
jump over 15 aJ in magnitude. In contrast, across the pristine cell
cycling runs, 11 CAE jumps with magnitudes greater than 15 aJ
were observed. Moreover, CAE jumps from aged cell signals never
exceeded 15 aJ, whereas the maximum CAE jump recorded from
pristine cells was 180 aJ, as shown in Fig. 7f. While the distinctive
behaviour of CAE jumps for cells at different SoH is useful, it alone
is insufficient to rapidly determine the SoH of the cell as CAE jumps
are relatively rare and irregularly occur in the span of 10 cycles.
Further long-term cycling with operando AE monitoring in section
titled, “Long-term acoustic emission monitoring” will investigate the
changes in AE signal as degradation develops within the internal
structure. Another consistent observation was that in various pristine
and aged cell cycling runs, there were regular AE hits of similar
amplitudes at the 2.5 V point of the voltage cycle, where discharge
to charge transition occurs. These regular waveforms generally
shared a distinct sustained pulse shape shown in Fig. 7g, and
reviewing the relevant literature, is likely attributed to cracking at
the bottom of discharge27–33 due to mechanical stress during cycling,
and is attributed to electrode material expansion and repeated
cycling-induced degradation. This macro cracking predominantly
occurs in the negative electrode (anode) but can also affect the
positive electrode (cathode) or interfaces. Schweidler et al.32,33 and
Choe et al.29 verified the nature of these acoustic signals as cracks by
categorising them into clusters according to their frequencies and
employing ex situ Scanning Electron Microscopy (SEM) on both

electrodes. Unlike in previous work, we employ techniques such as
X-ray Computed Tomography here, discussed in the Unsupervised
ML analysis results section, to help to understand the physical origin
of the signals further in a non-destructive manner.

Supervised ML results.—In the previous section, the AE results
were interpreted qualitatively and manually, which led to difficulty
in determining obvious trends within the data. This issue highlighted
the necessity to invoke machine learning algorithms to process and
classify the data more effectively, which in turn could then be used
for AE monitoring of cylindrical cells in the future more generally.
As we will go on to show in this section, application of ML models
allowed certain trends and conclusions to become clear.

In the analysis of Figs. 7, S1, S2, and S3, a total of 246 AE signals
were examined, with 125 originating from pristine cells and 121 from
aged cells. Of these, 86 signals were identified and removed as
background noise, leaving 160 signals for model analysis. Notably,
logistic regression, SVM, and DNN models all effectively distin-
guished between AE signals from aged and pristine cells. The
performance evaluation of these models is illustrated in Fig. 8 through
confusion matrices. In the test data, 32 signals were utilised,
representing 20% of the 160 total signals in the combined training
and test sets. The DNN exhibited the highest accuracy of 93.8% when
classifying the unseen test dataset. This was followed by the SVM and
logistic regression models, with accuracies of 71.9% and 68.8%,
respectively. Both models commonly misclassified AE hits from the
aged cell as pristine cell signals, doing so with 21.9% of the test
dataset. While the DNN was the most computationally expensive
model to train of the three, on average training the neural network
using the Python TensorFlow library on a computer with a 2.6 GHz
quad-core Intel Core i7 Processor could be completed in under 15 s.
Thus, for practical applications, the DNN is equally as suitable to use
as a rapid binary diagnostic technique for gauging SoH by passing AE
signals through the trained model in real-time.

The DNN used the initial 10 cycles worth of AE data from each
transducer position to classify each cell. The DNN model was able to
accurately distinguish between pristine (Cell 1 and 2) and aged cell
(Cell 3 and 4) signals produced over the initial testing of 10 cycles at
each transducer position, suggesting that SoH measurably affects the
AE signal behaviour. Further long-term continuous AE monitoring
experiments over more electrochemical cycles (explored in Long-term
acoustic emission monitoring section) would reveal how AE signals
incrementally change after each cycle as SoH gradually decreases.
Both short-term and long-term experiments have benefits for under-
standing the role of AE in monitoring the SoH of batteries. Short-term
experiments provide a smaller and more limited dataset for electro-
chemical performance and AE activity analysis. However, it also
means the classifier’s successful results are more meaningful because it
provides a rapid diagnostic technique that does not require thousands
of cycles to reveal useful observations. Many existing AE papers using
pouch cells monitor SoH but some of these patterns arise after
hundreds of cycles.19,34 In contrast, our supervised ML models identify
aged from pristine cell signals with 10 cycles of acoustic data .

Unsupervised ML analysis results.—Group 1 (PCA with
acoustic features dataset) and Group 2 (autoencoder with acoustic
features dataset) were the two most successful methods in effectively
clustering the pristine cell AE signals into meaningful groups of
distinct acoustic properties. For the unsupervised ML analysis, all
signals from the pristine cells (125 AE signals) were used for the
analysis. The 3D plots of the resulting clusters are visualised in
Fig. 9 . PCA of the acoustic features dataset revealed an inverted V-
shaped structure where its vertex and two “legs” constituted three
clusters and the relatively distant outliers were a separate cluster.
Due to their stochastic nature, autoencoders gave a different
mapping of points onto the latent space representation each time
the neural network was trained with a random initialisation.

We did generate a two-dimensional dataset using a dimension-
ality reduction method and applied k-means clustering to compare
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with the 3-dimensional dataset plotted in Fig. 9. We note that
through empirical testing and plotting in different dimensions, we
determined that the 3-dimensional plots in Fig. 9 best represented the
data. When PCA was performed to reduce the dimensions to 3, the
explained variance ratio was 0.753, meaning approximately 25%
original dataset’s variance was lost. Reducing the dimensions to 2
resulted in a significantly lower explained variance ratio (0.523) and
a greater loss of original data, which we wanted to avoid. On the
other hand, PCA into 4 dimensions would prohibit the visualisation
of all the principal components at once. Similarly, based on
empirical observations, autoencoder analysis with latent dimensions

(2, 3, or 4) showed poor reconstruction, and thus a reduction to 5
dimensions was chosen. The latent space of the autoencoder consists
of 5 dimensions, but since we cannot visualise 5-dimensional data,
we extracted the first three latent dimensions for 3D plotting. These
three dimensions are plotted in Fig. 9 (right). Nonetheless, when
running k-means clustering on the latent space, the algorithm
operates on 5-dimensional data, considering variations across all
five dimensions during the clustering process.

Group 1 and 2 methods labelled AE waveforms into clusters of
distinct acoustic properties as tabulated in Table III (same group
terminology as in Table II). Two main types of signals were observed:

Figure 7. Cycling data for Cell 1 (C/3 pristine cell). Each column represents a transducer position (18, 36, or 54 mm). Row 1 shows plots of voltage as the cell
repeatedly charges and discharges (blue), alongside the amplitude of AE hits represented by red points. Row 2 shows plots of voltage once again, but with CAE
as a step plot. In this row, the CAE for Cell 3 (aged) are also shown in green dashed lines since a comparison is made in the text. Row 3 shows the raw time-
domain AE waveforms of sample hits that are encircled in row 1 plots with an orange square. Rows 4 and 5 show the band pass filtered signal and FFT signal,
respectively, of raw waveforms in row 3.
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pulse-type signals with a sharp peak and decay, and continuous-type
signals with longer duration and more regular sinusoidal shapes.
While pulse-type signals were significantly more common than
continuous-type signals, both unsupervised ML methods categorised
pulse-type and continuous-type signals into different clusters.
Moreover, points within the same cluster had similar orders of
magnitude for peak amplitude, allowing for the distinction between
high amplitude and low amplitude pulse-type signals, which generally
lay in the 0.006–0.02 V and 0.001–0.004 V range, respectively.
Background noise signals were not removed from the dataset in the
hope that the unsupervised models would cluster noise signals into a
separate cluster. However, analysing the results, noise signals seemed
to be distributed among various clusters with no clear pattern. The
clustering shown in Fig. 9 can be incorporated into a workflow to
monitor degradation in cylindrical LIBs in situ. This would correlate
AE events to degradation phenomena by combining dimensionality
reduction with clustering and classification. Previous works by Zhang
et al. have also similarly distinguished between pulse-type and
continuous signals, attributing the former to electrode cracking and
the latter to gas formation and electrode expansion.19 A complete
workflow would involve using a pretrained model for dimensionality
reduction, followed by k-means clustering, followed by the clusters
being human-labelled as in this work. A classifier can be subsequently
trained, post-labelling, to automate the attribution of degradation
modes to new AE signals. During operation, newly recorded signals
are transformed into latent space and classified by the classifier. The
advantage of reducing the dimensionality is that new signals can be
plotted together with the training clusters, allowing the visual
inspection of the classifier’s output.

Group 3 (PCA with time-domain waveform dataset) and Group 4
(autoencoder with time-domain waveform dataset) were

unsuccessful as reducing 2000-dimensional data into three dimen-
sions led to excessive information loss. For PCA, the explained
variance ratio was low at 0.442, and although the reduced dimension
was raised to 10 dimensions to compensate, the explained variance
ratio was still poor, and the resultant clustering showed low
silhouette scores. The suboptimal performance of the autoencoder
is shown in the Supplementary Information (Fig. S4), where after
training, the autoencoder fails to reconstruct the original signals,
indicating that the latent space was not representative of the original
input data. This was corroborated by the validation loss during
training, which as shown in Fig. S5, failed to decrease and converge.
The architecture of the neural network was varied by adding hidden
layers, enlarging existing hidden layers, and increasing the size of
the latent space layer; however, this made no significant improve-
ments and the final clustered data continued producing low silhou-
ette scores.

We used 125 signals in the unsupervised analysis. In future work,
we will conduct more experiments with cells at varying states of
health (SoH) to gather larger data sets. Additionally, to determine the
origin of each signal and the corresponding clustering for labelling,
we will perform further tests in future work on cells undergoing
specific mechanical and electrochemical processes. For example, we
will attach a sensor to a cell during its formation cycle, when
substantial gassing occurs as the Solid Electrolyte Interphase (SEI)
develops on the anode. The signals produced during formation cycle,
caused by gassing, will be analysed, and compared to signals from
degradation studies. Furthermore, we will induce rapid degradation
using aggressive rates and voltage ranges known to cause cracking
and electrode stress. The signals from these experiments, likely to be
“pulse-type,” can be compared to those in this manuscript.
Analysing these signals and developing confirmed labels for each

Figure 8. Confusion matrices for logistic regression (left), SVM (middle), DNN (right) models on the test dataset (pristine = 1, aged = 0).

Figure 9. 3D plots showing k-means clustering results after applying PCA (left) and autoencoder neural networks (right) to the 14-dimensional acoustic features
dataset. Each colour represents a different cluster.
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signal type within the ML model will further enhance our under-
standing of cell longevity and battery safety. This approach will
address various cell degradation mechanisms, including mechanical
and electrochemical degradation.

X-ray computed tomography.—This study employed X-ray CT
analysis, using the Nikon XTH 225, to scrutinise the impact of
internal structural degradation on the acoustic emission (AE) signals
of aged and pristine cylindrical cells. The key finding was the
pronounced deformation of electrodes within the aged cell, primarily
concentrated in the inner layers, presenting a stark contrast to the
relatively intact structure of the pristine counterpart (Fig. 10). This
deformation led to the emergence of inter-electrode gaps and a
notable distortion in electrode geometry. Such internal degradation
has been seen previously by Kok et al.35,36 and other authors in

different cells (after more cycle than 1000 cycles) and would likely
contribute to changes in AE signal.37–41 The degraded structural
features likely altered various acoustic wave scattering, reflection,
and transmission effects, manifesting as discernible disparities in AE
signal characteristics between the aged and pristine cells. This
elucidates a relationship between internal structural degradation,
specifically electrode deformation, and a cell’s AE signal properties.
Moreover, it is well documented in the literature that cracks and gas
evolution developing in a degrading cell also lead to acoustic signals
of particular frequencies.28,33,42–46 This underscores the potential of
accurate AE signal interpretation for monitoring cell structural
integrity during aging and thus is promising for enhancing diagnostic
techniques in the field of energy storage and battery health
assessment. X-ray CT is one of many methods of understanding
the physical origin of the acoustic signals observed.47 Future work

Table III. Table summarising general trends in acoustic properties of AE signals from each cluster for both the PCA and autoencoder techniques.
Although the table shows characteristics of most AE signals from a particular cluster, there were outlier signals within each cluster which did not
correspond to these results. Group 1 and 2 are taken from Table II.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Group 1 (PCA + k-
means clustering)

High amplitude
(6–20 mV) pulse-type
signal

Noise signals & low ampli-
tude (1–4 mV) pulse-type
signal

Noise signals & low amplitude
(1–4 mV) pulse-type signal

Continuous-type signal

E.g. Figs. 7(h), S3(h) in
Supplementary
Information.

E.g. Figs. 7(g), S2(i) in
Supplementary
Information.

E.g. Figs. 7(g), S2(i) in
Supplementary Information.

E.g. Figs. 7(i), S1(h), S2(h)
in Supplementary
Information.

Group 2
(Autoencoders + k-
means clustering)

High amplitude
(6–20 mV) pulse-type
signal

Noise signals, pulse-type sig-
nals of widely varying am-
plitudes

Continuous-type signal & high
amplitude (6–20 mV) pulse-
type signal

Noise signals & low ampli-
tude (1–4 mV) pulse-type
signal

E.g. Figs. 7(h), S3(h) in
Supplementary
Information.

E.g. Figs. 7(i), S1(h) and S2(h) in
Supplementary Information.

E.g. Figs. 7(g), S2(i) in
Supplementary
Information.

Figure 10. Nikon XTH 225 X-ray CT scans of pristine (a-b) and aged (c-d) cells. XY plane scans are shown on the left, and XZ plane scans are shown on the
right. Scale bars are displayed below each sub-figure. Deformation in the aged scan relative to the pristine can be clearly seen in both the XY and XZ geometries.
Degradation is a likely cause in the difference in observed waveforms between the two cells.
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will explore additional correlative techniques to enhance our under-
standing of the origins of AE signals in batteries.

Long-term acoustic emission monitoring.—All previous results
discussed were derived from AE signals obtained during the
experiments conducted on Cells 1–4. As shown in Table I, Cells 1
and 2 were in their pristine condition, and Cells 3 and 4 were aged
(80% SoH after 1000 cycles) before this experiment. These cells
were cycled 10 times at each of the three acoustic transducer
positions along the cell (a total of 30 cycles during AE testing).
However, further long-term AE monitoring while the cell is cycled,
can produce data that would allow the model to investigate a more
gradual change in AE signals during SoH deterioration. Thus,
following the preliminary 10 cycles at each acoustic transducer
position, a more extensive cycling experiment was conducted
spanning 100 cycles at the 54 mm transducer position, while

monitoring AE signals. The 54 mm transducer position was chosen
since it was where the most interesting AE activity was observed
during the preliminary experiments. Long-term AE tests were run
for both a pristine cell (Cell 1) and an aged cell (Cell 3).

As shown in Fig. 11, throughout 100 cycles, the pristine cell
produced fewer hits overall (224 AE hits) compared to the aged cell
(336 AE hits). All 560 AE hits (including potential background noise
signals) were used to train and test the same DNN classifier
discussed in Supervised ML results section. Despite the presence
of background noise, aged and pristine cell signals were effectively
distinguished with an accuracy of 85.8% (confusion matrix is shown
in Fig. S7). The increased occurrence of acoustic events in the aged
cell, as compared to the pristine cell, can be attributed to the
progressive degradation of internal components during extended
cycling. The prolonged cycling induces mechanical stresses, micro-
structural changes, and chemical transformations within the cell,

Figure 11. The amplitude of the acoustic hits is overlayed with cumulative absolute energy (CAE) for the pristine and aged cell (top and bottom, respectively).
Each red dot corresponds to an acoustic hit of a particular amplitude. The blue plot below represents the charge and discharge curve of the cell while cycling
between 2.5 and 4.2 V. Both cells were cycled at a C-rate of C/3 for 100 cycles.
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leading to heightened acoustic emissions. The elevated number of
acoustic hits in the aged cell, as evidenced by the 336 AE hits
compared to the pristine cell’s 224 AE hits over 100 cycles, signifies
an intensified internal activity and structural evolution. This phe-
nomenon serves as a valuable indicator for assessing the state-of-
health (SoH) and elucidating the intricate mechanisms associated
with degradation in batteries, providing crucial insights for diag-
nostic purposes in battery performance monitoring. In contrast, for
the preliminary experiments, we saw that there was higher CAE for
pristine after 10 cycles than aged. We note that while CAE and
frequency of AE hits are correlated, they are not the same
measurement and can show differing trends.

To extend the analysis, we built a neural-network regression model
(which takes the acoustic features as the input) in the hopes of being
able to predict the cycle number, given the AE signal features. The
neural network regression model utilised the same 80-20 training to test
split and the same 14-11-8-5-1 nodal architecture as the DNN in
Supervised ML results section, but the final layer used a linear
activation function instead of a sigmoid activation function. This
function allows the model to output over an unbounded range, in
contrast to the sigmoid function which computes values in the 0–1
range to assist matching to a binary class. Additionally, we also
constructed a 1D convolutional neural network (CNN) regression
model which takes the raw time domain waveform data as the input
and aims to predict AE signal’s corresponding cycle number. The CNN
consisted of two 1D convolutional layers, a flattened layer, and two
dense layers, with the final layer using a linear activation function.
However, both these models showed suboptimal regression perfor-
mance as shown in Fig. S6. Having tested various combinations of the
neural network depth (number of layers including the output layer but
excluding the input layer), width (maximum number of nodes in a
layer), and kernel sizes (for the CNN), we found no significant
improvement in the model’s regression performance. This can further
be explained by our unsupervised ML analysis. Applying the PCA and
autoencoders to the long-term cycling dataset and observing whether
the cycle number was related to clusters in the principal component or
latent space, there was no clear relationship as shown in Fig. S8.

The lack of clear relationship demonstrates that although our
supervised ML models were able to distinguish between pristine and
severely aged cells, representing the continuous evolution that takes
place during degradation was more challenging. We believe that
distinguishing between cells aging continuously is more intricate
because degradation occurs gradually, resulting in subtle changes
over time. Consequently, the waveforms generated may not have
exhibited pronounced differences over each electrochemical cycle,
making consistent model accuracy more difficult. Even if differences
did exist, it is possible that the waveforms did not contain patterns
that consistently evolved with progressive cycles. In contrast, the
task for the aforementioned classification models, which attempted
to classify cells with distinctly different age states, was compara-
tively easier. To address the challenge to regression, and to
successfully correlate AE signals with the cycle number, the
following avenues can be considered. Firstly, data from additional
cells could be processed, which would increase the size of each of
the training, validation, and test sets. Additionally, exploring
different ML or feature extraction techniques may be more suc-
cessful in performing continuous predictions on SoH and cycle
number and could be the focus of future work. Future work will
involve conducting additional experiments with cells at different
SoH, thereby creating a larger dataset. This expanded dataset will
also enhance the performance and reliability of the ML model.

Conclusions

This work demonstrated the importance of acoustic emission (AE)
as a SoH diagnostic tool for cylindrical cells within LIB research.
Through a bespoke experimental setup, both AE and electrochemical
data were collected during cycling experiments on both pristine and
aged cylindrical LIBs at two different C rates (1 C and C/3). AE

analysis revealed that the occurrence of CAE jumps surpassing the
15 aJ threshold could be identified as a marker for differentiating
pristine cell AE signals from those of aged cells. Longer term AE
monitoring experiments provided further evidence that AE data can be
used for distinguishing between the type and state of health (SoH) of
cylindrical cells. To automate this signal identification process,
Logistic Regression, Support Vector Machines (SVM), and Deep
Neural Network (DNN) supervised Machine Learning models were
employed, with the DNN model achieving an impressive accuracy of
93.8%. To mitigate the risk of overfitting, data was collected from
three distinct AE sensor positions across the cell. Additionally,
leveraging two k-means clustering models facilitated by Principal
Component Analysis (PCA) and autoencoders, waveforms were
successfully categorised based on their acoustic properties. This
demonstration not only establishes the potential for rapid correlation
of AE signals with degradation phenomena but also promises deeper
insights for more accurate in situ diagnostics. Furthermore, X-ray
Computed Tomography (CT) measurements served to corroborate the
degradation observed in the aged cells, providing compelling evidence
that alterations in internal structure were the likely causes behind the
divergent acoustic signals. The integration of AE data with both
supervised and unsupervised ML analyses presents a potent metho-
dology for characterising the SoH of cylindrical LIBs, relying solely
on acoustic information. This holds particular significance as acoustic
techniques offer a cost-effective and non-destructive means to monitor
the widely deployed cylindrical LIBs. In continuation of this work,
developing a ML approach that uses AE data to estimate SoH on a
continuous scale as discussed in Long-term acoustic emission
monitoring section, as opposed to binary classification, would allow
for more nuanced diagnostics and greater practical applicability.
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