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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• Reflected ultrasonic signals from battery 
internal structures show high correla
tion with the state-of-charge. 

• Holistic treatment of acoustic wave
forms using deep learning removes reli
ance on specific waveform peaks. 

• Feature selection based on Pearson sta
tistical correlation can provide both ac
curacy and computational 
improvements. 

• Utilisation of the frequency domain for 
State-of-Charge inference and neural 
network training maximises the estima
tion accuracy.  
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A B S T R A C T   

The potential of acoustic signatures to be used for State-of-Charge (SoC) estimation is demonstrated using 
artificial neural network regression models. This approach represents a streamlined method of processing the 
entire acoustic waveform instead of performing manual, and often arbitrary, waveform peak selection. For ap
plications where computational economy is prioritised, simple metrics of statistical significance are used to 
formally identify the most informative waveform features. These alone can be exploited for SoC inference. It is 
further shown that signal portions representing both early and late interfacial reflections can correlate highly 
with the SoC and be of predictive value, challenging the more common peak selection methods which focus on 
the latter. Although later echoes represent greater through-thickness coverage, and are intuitively more 
information-rich, their presence is not guaranteed. Holistic waveform treatment offers a more robust approach to 
correlating acoustic signatures to electrochemical states. It is further demonstrated that transformation into the 
frequency domain can reduce the dimensionality of the problem significantly, while also improving the esti
mation accuracy. Most importantly, it is shown that acoustic signatures can be used as sole model inputs to 
produce highly accurate SoC estimates, without any complementary voltage information. This makes the method 
suitable for applications where redundancy and diversification of SoC estimation approaches is needed. Data is 
obtained experimentally from a 210 mAh LiCoO2/graphite pouch cell. Mean estimation errors as low as 0.75% 
are achieved on a SoC scale of 0–100%.  
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1. Introduction 

Estimating the State-of-Charge (SoC) of batteries is a non-trivial task 
of inference rather than direct measurement. In the majority of appli
cations today, batteries are observed externally via voltage and current 
measurements at the battery terminals together with temperature 
monitoring. These signals can be utilised for SoC estimation using a 
range of existing methods, as outlined in recent reviews [1–4]. 

A popular and simple technique is coulomb counting, which is the 
integration of current flows through the battery over time. Although 
straightforward, coulomb counting is rarely used in isolation due its 
sensitivity to initialisation and its propensity to accumulate measure
ment error [5,6]. Another popular method is the mapping of the 
Open-Circuit-Voltage (OCV) to the SoC using look-up tables constructed 
from experiments [7]. In the case of lithium-ion batteries such mappings 
exploit the monotonic dependence of the OCV to the SoC [8,9], how
ever, the cell must be in a state of equilibrium when measurements are 
taken. This is rarely practical. Additionally, certain lithium-ion chem
istries such as Lithium-Iron-Phosphate (LFP) have very flat OCV curves 
[10] leading to poor accuracy in the mapping. In chemistries beyond 
lithium-ion, the SoC–OCV relationship is not even necessarily mono
tonic [11]. 

A more comprehensive approach is to account for cell dynamics in 
the SoC estimation by employing a model of the cell. Models can be 
constructed in four major ways. Physics-Based-Models attempt to cap
ture the main electrochemical reactions from first principles, and 
require extensive testing of constituent cell components to be para
meterised [12,13]. Alternatively, models which assume simpler 
equations-of-state can be constructed, capturing only the behavioural 
characteristics of interest. These primarily take the form of 
Equivalent-Circuit-Models (ECMs) [14,15] with linear circuit compo
nents, or in combination with impedance-specific components [16,17]. 
ECMs have tunable parameters which can be calibrated based on 
full-cell testing. More abstractly than ECMs, data driven models can 
learn the equations-of-state from operating data, or dynamic tests, using 
techniques from the field of machine learning [18,19]. Hybrid ap
proaches also exist, combining elements of the above [20,21]. 

The link between battery models and SoC estimation is usually 
achieved using observer algorithms. The Extended Kalman filter 
[22–24], and its many variants [25–30], is the workhorse of observer 
implementations for SoC estimation. Deep Neural Networks have shown 
great success when employed together with observer algorithms [31, 
32], or also independently [33–35]. Recurrent Neural Networks in 
particular are able to consider a time-series of measurements in the 
estimation, therefore accounting for cell dynamics without the need for 
an observer algorithm [36–40]. 

Although the above methods have been largely adequate for most 
systems, they all rely on the external measurements of voltage, current 
and temperature. As cells with increased energy content are being 
deployed, the ability to estimate SoC with redundancy is becoming 
safety-critical. Ultrasonic monitoring offers a new method of inferring 
the SoC using an independent signal, which contains rich insights from 
the internal structure of a cell and is suitable for rapid data acquisition. 
These attributes also make the ultrasonic method suitable for a data- 
driven implementation as will be shown. 

Ultrasonic waves are widely used in multiple fields of engineering, 
science and medicine, for the visualisation and inspection of sub-surface 
structures. In recent years, the ultrasonic method has found applications 
in the study of a broad range of electrochemical power systems, as 
outlined in the review of Majasan et al. [41]. In principle, any form of 
ultrasonic inspection begins with the pulsing of mechanical stress waves 
through a volume of material, which are then influenced by variations in 
the material properties and the presence of interfaces. As a result, 
acoustic signals with a history of travel can be very informative, and 
methodologies to extract the information carried by them are continu
ously being developed [42–46]. 

Ultrasonic waves can be grouped into two categories; body (or bulk) 
waves and surface (or guided) waves [41]. The optimality of either type 
for the study of batteries is a topic of debate [47,48]. In the simplest 
possible setup, the ultrasonic technique employs a pulser-receiver de
vice, together with a single piezoelectric transducer operating in 
pulse-echo mode. The pulser-receiver periodically produces electrical 
impulses, causing the transducer to vibrate and transmit a mechanical 
stress wave through the battery. The same transducer then senses echoes 
of the signal, as the wave is reflected at battery interfaces or the pos
terior battery surface. Reflections are recorded by the pulser-receiver in 
the form of waveforms, which are finite time series of the acoustic in
tensity. Instead of monitoring pulse echoes, or in addition to it, it is also 
possible to monitor the transmitted signal by using a second transducer 
operating in receive mode on the posterior side of the cell. More than 
two transducers can also be employed to study multiple transmission 
paths [49]. Most often ultrasonic inspection is applied to pouch cells 
which, due to their flat form, lend themselves to ultrasonic testing with 
flat-head transducers [47–59] . A smaller number of studies on cylin
drical cells can be found in the literature [60]. 

Hsieh et al. [60] and Sood et al. [61] were amongst the first to 
explore, qualitatively, the correlation between the acoustic signatures of 
cells and their SoC and State-of-Health (SoH). Hsieh et al. employed both 
acoustic modelling and experiments to observe how acoustic waveforms 
were altered by state changes. They considered both transmitted and 
reflected signals and focused their observations on the Time-of-Flight 
(ToF) of selected waveform peaks and their respective acoustic in
tensity. The general trend seen in their study is that as the SoC increases, 
ToF shifts to lower values because the acoustic waves traverse the cells 
more quickly. Acoustic intensity, on the other hand increases. This 
observation was made using body waves, while the same is noted by 
Ladpli et al. [47] who employ guided waves. It should be emphasised 
that these trends are not linear or strictly monotonic in either study. 
Robinson et al. [50] and Popp et al. [62] also point to non-linearities in 
the acoustic response of cells with LiCoO2 (LCO) and 
nickel-manganese-cobalt (NMC) cathodes, respectively. As will be dis
cussed, artificial neural networks show great success at modelling the 
non-linear nature of the correlation between acoustic signatures and the 
SoC. 

To understand and justify the decrease in the ToF with increasing 
SoC, two conflicting mechanisms must be considered. One is the change 
in the cell thickness with SoC, and the other is the change in the acoustic 
velocity, as influenced by alterations in the material properties of the 
electrodes. The dependence of the ToF on these parameters is approxi
mated by Eqn. (1), where E and ρ are the aggregate Young’s Modulus 
and density, and L is the cell thickness [51,60]. 

ToF =
L
̅̅̅̅̅̅̅̅
E/ρ

√ (1) 

A typical lithium-ion cell stack expands in thickness during charge, 
partly due to the lithiation of the graphite anode causing a ~10% vol
ume increase compared to its fully delithiated state [58]. In the case of 
LCO cathodes, it is reported that simultaneous expansion takes place 
upon delithiation, resulting in both electrodes expanding as the cell 
charges [63]. Thickness changes alone would lead to a longer ToF at 
higher SoCs. Since the opposite is observed in multiple studies [51,59], 
it is inferred that the change in material properties results in the speed of 
sound increasing with SoC, outweighing the thickness increase. There
fore, it appears that in a typical cell the net modulus-to-density ratio of 
the combined anode and cathode increases with SoC, disregarding 
current collectors and separators which should remain largely unaf
fected. Other negative electrode materials may shift this balance, such as 
silicon, which is reported to expand by up to 300% when highly lithiated 
[64]. When testing NMC/graphite cells, it has been reported that the 
cathode modulus and density generally decrease with SoC, but the 
anode modulus and density both increase [47]. Focusing on graphite 
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anodes alone, a roughly three-fold increase in modulus has been shown 
to take place with full lithiation compared to zero lithiation [58]. It is 
this ‘stiffening’ of the anode which seems to dominate the acoustic ToF 
response. 

The correlation between acoustic attenuation and SoC is less well 
understood. Ladpli et al. [47] hypothesise that acoustic attenuation is 
governed by changes in the viscoelastic properties of the cell. They argue 
that a more rigid material tends to be less dampening to acoustic waves, 
causing intrinsically less attenuation. Therefore, they attribute the 
stronger signal intensity they observe at higher SoC to the enhanced 
modulus at those states. A similar argument is put forward by Chang 
et al. [58]. On the other hand, Gold et al. [53] perform an acoustic 
frequency scan which demonstrates that acoustic attenuation in batte
ries increases dramatically when the actuation wavelengths are close to 
the electrode layer thickness. They attribute this effect to enhanced 
dispersion at the layer boundaries. 

A number of attempts to quantitatively link SoC and SoH to acoustic 
measurements are found in the literature. The majority of them utilise 
the time-domain form of recorded signals and perform some type of 
acoustic peak selection in their workflows [47,53,55]. A smaller number 
of studies attempt to extract insights from the frequency domain [48, 
49]. Davies et al. [55] employ Support Vector Regression to estimate 
SoC and SoH using ultrasonic measurements in a supervised machine 
learning routine. They reduce the ultrasonic waveform to two key 
metrics, the ToF shift against a reference signal, and what they refer to as 
‘total signal amplitude’. To compute the ToF shift of a signal against a 
reference they calculate the cross-correlation of the two, and the shift is 
obtained using the point of best correlation. It can therefore be argued 
that this type of ToF shift computation is representative of the entire 
signal and not any specific peak or position. The ‘total amplitude’ is 
calculated as the integral of the acoustic intensity over the full wave
form; therefore, it is a measure of signal energy. This treatment of the 
amplitude also implicitly contains information from the signal as a 
whole. To perform SoC estimation the authors use their two acoustic 
metrics, with the inclusion of cell voltage for better accuracy. For the 
estimation of SoH, they use both acoustic metrics together with the 
voltage and the complete acoustic waveform. 

Gold et al. [53] use body waves to probe cells at relatively low fre
quencies, in the vicinity of 200 kHz compared to the more common 
2.5–5 MHz seen in other body wave studies [60,61,65]. The authors 
argue that such a frequency provides the conditions for two separate 
compressional waves to be energised within the cell, as predicted by 
Biot’s theory of elastic wave propagation in fluid-saturated porous 
media [66,67]. The authors detect both waves in acoustic transmission 
mode and proceed to identify their respective peaks using a windowed 
local maximum search on the signal amplitude. They compute the signal 
amplitudes of those characteristic peaks and examine their correlation 
to the SoC. They observe that the faster wave exhibits no correlation, 
whereas the slower wave does. They use the latter to perform linear 
regression to estimate the SoC. It is worth noting that the authors 
attempt to train SoC estimators using acoustic information alone, similar 
to the present study, without any assistive voltage measurements. 

Ladpli et al. [47] use four transducers in a network configuration, 
operated in pitch-catch mode to record transmitted signals. Instead of 
using step pulse actuation, they probe their cells with wave packets that 
are five-peak Hanning-windowed tone bursts. Their analysis also focuses 
on two fundamental time-domain parameters, the signal amplitude and 
the ToF. Signal amplitude is computed as the maximum amplitude of the 
sensing signal’s Hilbert Envelope and the ToF is calculated as the time 
taken by an actuation wave packet as a whole to reach a sensor. The 
authors assess the predictability of SoC and SoH from their acoustic 
dataset using Generalised Additive Models, a semi-parametric regression 
technique that allows dependant variables to be described by smooth 
non-linear functions of covariates. They statistically examine different 
sets of covariates, including combinations of ToF and signal amplitudes 
from different transducer pairs and quote a good overall predictive 

capability. Notably, voltage is not used as a covariate in their study, 
which focuses on acoustic characteristics in isolation. 

Copley et al. [48] argue that any reliance on specific acoustic peaks, 
or peak envelopes, to perform inference should be avoided. By devel
oping an acoustic model based on the 1D wave equation they demon
strate that certain material layer combinations can make it very difficult 
to identify any form of peak in the recorded signals from which to take 
measurements. To alleviate this difficulty, they propose a methodology 
to automatically identify the best waveform location for SoC correlation, 
which invokes the frequency domain via the Cross-Wavelet Transform 
(XWT). They propose that the XWT is advantageous compared to the 
more conventional Fast Fourier Transform (FFT) because it maintains 
information from both the time and the frequency domains when 
monitoring signal changes. The FFT, on the contrary, would discard all 
time-domain information. Nevertheless, in their study the authors 
isolate a single frequency from the XWT spectrum, specifically the 
actuation frequency of their experiment, and monitor the transformed 
intensity for that frequency in time. They further apply arbitrary scaling 
based on the phase shift, and a weighting to favour later ToFs which they 
believe to be more information-rich. Even though it is intuitive that 
signal portions originating at distant battery locations may accumulate 
greater state insights by the time they reach the transducer, the presence 
of obstacles such as tabs or delamination pockets can render them 
elusive. Over-reliance on them is, therefore, discouraged. 

A more straightforward examination of the frequency domain is 
performed by Chang et al. [58], although their study is mostly obser
vational and no SoC or SoH predictors are trained. Similar to Robinson 
et al. [54] they develop 2D scanning modalities to observe spatial 
acoustic characteristics of cells, but this time also in the frequency 
domain which is obtained via FFT of the recorded waveforms. Impor
tantly, by producing spatially-resolved ‘heatmaps’ of the acoustic re
sponses in both the time- and frequency-domain, they observe that 
frequency-domain methods can reveal spatial and temporal variations 
that are not apparent in the time-domain. The authors argue that the 
frequency response may show greater sensitivity to conditions such as 
uneven cell wetting compared to time-domain analysis. It should be 
noted that amongst the entire frequency spectrum they choose to 
observe a narrow frequency band in the vicinity of 1 MHz. Interestingly, 
this is not the actuation frequency of their experiment, but is instead 
chosen based on having the largest Fourier coefficient magnitude. 

Features informed by both time and frequency characteristics are 
extracted from guided wave signals in [49] using a matching pursuit 
time-frequency representation [68]. In essence, the authors decompose 
their recorded signals into a linear combination of 10 constituent 
waveforms, selected from the Gabor dictionary which contains stand
ardised scaled, translated, and modulated versions of windowed tone 
bursts similar to their actuation signal. Their matching pursuit algorithm 
estimates a set of possible Gabor parameters, which are coefficients of 
scaling, translation, modulation, and phase change. Following addi
tional processing, the Gabor parameters are used as predictive features 
which correlate to SoC and SoH. 

In this work, artificial neural networks are explored to link acoustic 
signatures to the SoC of a cycling pouch cell for SoC estimation. The 
processing of entire waveforms is demonstrated, without any prior 
feature selection, creating streamlined workflows of regression model 
training and evaluation. Being cognisant of the motivations around 
feature selection and dimensionality reduction in the regression process, 
it is also shown that a simple feature filtering process based on statistical 
significance can be applied, yielding comparable or better SoC pre
dictions to the full waveform case. Statistical significance is quantified 
using the Pearson correlation coefficient between any feature and the 
SoC. The use of Fourier coefficients from a frequency domain subset is 
also explored, and their predictive value as regression features is eval
uated in comparison to the time-domain. 
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Fig. 1. Acoustic testing setup.  

Fig. 2. Example signals from the bottom, middle and top of the SoC range. All signals are from the 1st charge cycle at C/5. (a) Time-domain representation. (b) 
Frequency domain representation cropped to the 15% lowest frequencies. 
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2. Methodology 

2.1. Experimental methods 

The dataset used in this work was obtained in an earlier study [69], 
using the following setup and materials. A commercial 210 mAh 
lithium-ion pouch cell composed of an LCO cathode and a graphite 
anode (PL-651,628–2C, AA Portable Power Corp., Richmond, CA, USA) 
with stacked electrode layers was tested with the ultrasonic setup shown 
in Fig. 1. The same cell was previously considered in several other 
studies [52,55,57,59]. Acoustic measurements were taken with the cell 
cycling between 2.75 and 4.2 V using a CC-CV protocol. Five cycles were 
performed at each of the rates C/5, C/2 and 1C, in this order, with a 
C/20 cut-off current at the top of charge during the CV step. The acoustic 
equipment comprised an Epoch 650 ultrasonic flaw detector (Olympus 
Corp., Japan) and a 6 mm diameter transducer with a centre frequency 
of 5 MHz (M110-RM, Olympus Corp. Japan). The transducer was 
operated in pulse-echo mode and acoustic gel couplant (type H-2, 
Olympus Corp. Japan) was applied between the transducer and the cell. 
A 250 g weight was placed on top of the transducer to ensure consistent 
contact throughout the experiment, secured in place by a custom 
designed 3D printed holder. Cycling was performed using an Interface 
1010E potentiostat (Gamry Instruments, U.S.A.). Actuation pulse signals 
were produced with an energy setting of 300 V, received signals were 
recorded over a time range of 10 μs after pulsing and were amplified 
with a gain of 60 dB. Acoustic measurements were taken approximately 
every 60 s. Experiments were conducted at ambient laboratory condi
tions. The temperature of the cell was monitored using a K-type ther
mocouple on the surface of the cell and a TC-08 thermocouple interface 
(PicoTech, U.K.). The cell temperature was found to vary between 24.9 
and 29.9◦C (mean: 26.0◦C, standard deviation: 0.6◦C). The SoC was 

calculated by ‘Coulomb counting’ using the cycling data records. 

2.2. Computational methods 

A total of 5045 waveform samples were recorded during the exper
iment. Each waveform captures 10 μs of sound travel and comprises 
4000 equidistant data points in the time domain. Waveforms were also 
transformed to the frequency domain using FFT, where intrinsically the 
number of datapoints was reduced from 4000 to 2000, discarding 
negative frequencies which yield equal Fourier coefficients to their 
positive counterparts. A further reduction was applied to the frequency 
domain, maintaining only the Fourier coefficients of the lowest 300 
frequencies (first 15%). This threshold is arbitrary and assumes that the 
signal-to-noise ratio diminishes at higher frequencies. Time-domain and 
frequency-domain signals corresponding to three example SoCs are 
plotted in Fig. 2. Individual data points in each domain were treated as 
predictive features and were used in the data configurations listed in 
Table 1 to perform regression analysis estimating the SoC over its full 
range (0% to 100%). 

The Pearson correlation coefficient was used as an indicator of sta
tistical significance to perform feature selection in the time-domain, 
producing data configurations 2 and 3. It is a normalised measure
ment of the covariance of each waveform feature and the SoC corre
sponding to that waveform (Eqn. (2)). It obtains values in the range − 1 
to 1, with the extremities indicating a perfectly linear correlation and 
zero indicating no correlation. A time-domain envelope of all recorded 
waveforms is shown in Fig. 3 together with the absolute Pearson cor
relation for all features, highlighting the correlation bands that were 
used for feature selection. A complementary view of the acoustic enve
lope and unbanded Pearson correlation is given in supplementary 
Figure S1. 

Pearson correlation =

∑
(x − mx)(SoC − mSoC)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(x − mx)
2 ∑

(SoC − mSoC)
2

√ (2) 

x Intensity of acoustic feature 
mx Mean of feature vector x (across all waveform samples) 
SoC State of Charge corresponding to the x value (and the waveform 

it belongs to) 
mSoC Mean SoC recorded in the experiment 
The correlation between time-domain or frequency-domain features 

and the SoC can also be observed in the normalised colourmaps of Fig. 4, 

Table 1 
Data configurations.  

Time-domain data 
configurations  

1 All 4000 features.  
2 995 features selected based on having an absolute 

Pearson correlation coefficient to SoC greater than 
0.5.  

3 361 features selected based on having an absolute 
Pearson correlation coefficient to SoC greater than 
0.75. 

Frequency-domain data 
configuration  

1 Fourier coefficient magnitudes of the lowest 300 
frequencies.  

Fig. 3. Acoustic Envelope (time-domain) encapsulating all recorded waveforms. The Pearson correlation to the SoC colours the background for each acous
tic datapoint. 
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which are temporally resolved representations of the acoustic dataset for 
the entire experiment. The periodicity of the acoustic intensity with 
cycling is clearly visible in the time-domain, while the frequency- 
domain depiction is more convoluted but patterns still emerge, espe
cially at the lower frequencies. The normalisation performed is feature- 
wise, so that for any specific ToF in Fig. 4a the acoustic intensity attains 
values between 0 and 1. Similarly, for any specific frequency in Fig. 4c 

the Fourier coefficient magnitude was mapped to the 0–1 range. Ani
mations A and B in the supplementary material provide a complemen
tary view of acoustic variations with cycling in both the time and the 
frequency domains. 

A feed-forward neural network (FFNN) was constructed to train and 
evaluate regression models using all data configurations. To our 
knowledge, this is the first implementation of deep learning to estimate 

Fig. 4. Temporally resolved experimental data. Examples of abrupt acoustic transitions are shown circled. (a) Time-domain colour map with the first 2 μs cropped 
out as they contain invariable recordings of the actuation signal. (b) Voltage, SoC and temperature variations during the experiment. Five cycles at each of the rates 
C/5, C/2 and 1C can be distinguished based on their duration. Examples of temperature spikes at intermediate SoC are indicated by arrows. (c) Frequency-domain 
colourmap, showing the first 300 (out of 2000) frequencies. 
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SoC using acoustic signatures. Work by other authors [55] used Support 
Vector Regression (SVR) with a short input vector, comprising only two 
acoustic features with the addition of cell voltage as a third feature in 
some cases. The training mechanism of SVR is to identify a subset the 
training points which are alone correlated to the target variable. These 
surviving points are called support vectors and can be efficiently iden
tified via convex optimisation [70]. However, the number of support 
vectors generally increases with the size of the training set, resulting in 
models that can be cumbersome to evaluate. This can be the case when 
either the feature space considered is large, or the number of samples is 
large, or both. In contrast, FFNNs fix the functional form of the regres
sion model prior to training, but allow the parameter values of its basis 
functions to be adapted during training. Although this optimisation is 
not convex, and is therefore slower during training, the resulting models 
can be significantly more compact and faster to evaluate than a SVR 
models with the same generalisation performance [71]. As the appli
cation of ultrasonic testing for SoC estimation is still a nascent tech
nique, we postulate that a large dataset will be needed to capture its 
many sensitivities to factors such as the temperature, C-rate and trans
ducer position. At the same time, extracting maximum information from 
each waveform will be required, likely leading to a large feature space. 
We propose the use of FFNNs with a range of data configurations as a 
scalable approach and demonstrate its feasibility using the aforemen
tioned well-controlled dataset of CC-CV operation. Future work will 
evaluate the proposed workflow using bigger and more diverse data, 
including drive cycle operation which is also known to be observable 
using acoustics [69]. 

The FFNN architecture tested contains two hidden layers with 100 
nodes each, and a single-node output layer yielding the SoC. Such 
structures, comprising more than one hidden layer, are often referred to 
as ‘deep’ [72]. The size of the input layer varied according to the input 
feature vector of each data configuration. Rectified linear activation 
functions were used in all hidden nodes. No activation was applied to the 
output node. Training was performed with a batch size of 128 samples, 
the mean absolute error was used as the loss function and training was 
allowed to proceed for 3000 epochs in all cases. During training, the 
learning rate was kept fixed at a value of 1 × 10–4 for the first 100 epochs 
and was then forced to decay linearly to a value of 2 × 10–5 in the 
remaining 2900 epochs. The regression model was constructed using the 
Sequential Model framework of the TensorFlow Keras Python library 
with the built-in ‘Adam’ optimiser. 

Regardless of the data configuration, the available data pools were 
normalised and randomly sampled with an 80–20 split to produce 
training and test sets containing data obtained under different condi
tions. The variation of conditions primarily included the different 
cycling C-rates, but also the temperature which varied naturally in the 
absence of any temperature control. Each training and test set contained 
4036 and 1009 signals respectively. To allow exploitation of the entire 
dataset for both training and testing, 5-fold stratified cross-validation 
was performed for each data configuration. Additionally, to show the 
progression and convergence of the training process, the 80% training 
data pool of each fold was used incrementally in five equal increments, 
while keeping the test set constant at 1009 signals. The performance of 
each data configuration was therefore evaluated with 25 separate 
regression models. 

3. Results 

It is worth noting the abrupt transitions in the acoustic characteris
tics of the cell which are visible on the colourmaps of Fig. 4. They are 
evident in the entirety of the time-domain representation and mostly at 
the lower frequencies of the frequency-domain. Similar observations in 
the time-domain are noted by Robinson et al. [50]. Colourmaps for in
dividual C-rates are provided in supplementary Figures S2, S3 and S4, 
also highlighting these discontinuities. In all cases, abrupt transitions 
occur in sync with changes in the cycling protocol and are most evident 

where polarisation reversal occurs, especially at the 
bottom-of-discharge. At this point operation switches from discharging 
to charging, while the temperature spikes due to the entropic asymmetry 
of the charging and discharging processes [73] and the impedance of the 
LCO/graphite cell reaching a maximum [74,75]. This acoustic transition 
also becomes more pronounced at higher C-rates, accompanied by 
sharper temperature changes. The combination of electrochemically 
driven mechanical and thermal alterations in the cell at that point, and 
the added effect of the cycling rate, conceal the causality of the acoustic 
transition. Before further discussion it should be noted that the precise 
alignment of temperature peaks with the bottom-of-discharge indicates 
that there is no significant lag between bulk heat generation and tem
perature rise at the cell’s surface, where measurements are taken. 

The acoustic discontinuity at the top-of-charge is generally less 
pronounced and exhibits similar rate dependence with the bottom-of- 
discharge, appearing more subtle at lower C-rates. At C/5 no accom
panying temperature response is observed at this point, therefore, the 
acoustic transition is due to stiffness changes alone, influenced by the 
reversal of electrochemical processes. At higher C-rates a local temper
ature minimum is observed at the top-of-charge, possibly influencing the 
acoustic response. 

Temperature is known to have a very significant effect on the 
acoustic characteristics of battery cells over a broad range. Chang et al. 
[57] have demonstrated the temperature effect to be especially pro
nounced between acoustic measurements obtained 40–50◦C apart, 
while Owen et al. [69] have explored this sensitivity over a 70◦C win
dow. Popp et al. [62] have shown temperature to have an identifiable 
influence on acoustics over a range smaller than 10◦C. The lead-up to 
thermal runaway has also been found to strongly alter acoustic signa
tures, where temperature likely plays a role even if not in isolation [52]. 
Despite the above, the temperature variation in the data considered in 
this work is relatively modest, with a range of 5◦C and a standard de
viation of 0.6◦C, as discussed. The effect of fluctuations of this magni
tude on the acoustic characteristics is expected to be minimal. The 
absence of temperature sensitivity in relation to acoustic sampling over 
a similar temperature window is also noted by Robinson et al. [50]. 

In addition to the observed thermal effects at the top and bottom-of- 
charge, temperature peaks are also seen at intermediate SoCs, specif
ically at ca. 75% SoC during charge and ca. 87% SoC during discharge. 
Examples of these peaks are highlighted in Fig. 4 and Supplementary 
Figures S2-S4. They are attributed to thermodynamic characteristics of 
the cathode and anode at specific states of lithiation, resulting in 
reversible heating or cooling of entropic origin. Various calorimetry 
studies have investigated these effects, for whole LiCoO2/graphite cells 
[76], half cells [77] or both [78,79]. Graphite anodes are known to 
restructure during lithiation, forming distinct metastable phases in a 
process known as staging [80]. Different stages have different thermo
dynamic footprints and could contribute to the temperature effects seen. 
However, at the SoC range of 75–87% considered, the thermal response 
is most likely dominated by the LCO cathode undergoing a brief hex
agonal to monoclinic phase change [78,79]. In general, the heat gen
eration rate from such reversible thermodynamic events is also known to 
scale in proportion to the applied current [73], resulting in amplification 
of the temperature spikes at higher rates as seen. 

The acoustic response at these positions shows no discernible 
changes in the C/5 case (Supplementary Figure S2). When charging at 
C/2, patterns begin to emerge in the frequency domain, as highlighted in 
Supplementary Figure S3. These demonstrate the value that frequency- 
domain representations bring to acoustic battery examination. The same 
patterns appear more pronounced at 1C (Supplementary Figure S4), 
however, in this case they also coincide with the onset of the constant 
voltage step and associated cell relaxation. The minor acoustic shift seen 
during C/2 testing is free of C-rate effects, yet it cannot be conclusively 
attributed to the temperature change alone either. It must also be 
considered that transformations in the cathode and anode can also alter 
the stiffness characteristics of the cell. Tavassol et al. [81] have 
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demonstrated experimentally that the formation of intercalation com
pounds can result in rapid stress-strain developments, while Qi et al. 
[82] have shown through Density Functional Theory simulations that 
the polycrystalline Young’s moduli of different graphite stages differ 
notably. 

It is worth noting that as the cell temperature is strongly dependant 
on the cycling rate, separating the acoustic effects of the two requires the 
temperature to be treated as an additional feature dimension, and 
additional datasets are needed to provide reasonable coverage of the 
SoC-temperature plane. The dependence of cell stiffness on the elec
trochemical potential, SoC and kinetics, captured by the term ‘electro
chemical stiffness’ [50,81] must also be considered. In this work, 
however, we focus on determining whether the trained models are able 
to produce accurate SoC estimates using the acoustic signatures alone, 
despite the presence of these phenomena. 

The performance of the FFNN regression model, when trained and 
tested using the four data configurations listed in Table 1, is shown in 
Figs. 5a-d. Each figure takes the form of a cross-validated learning curve 
with point marks representing the average of a five-fold evaluation and 
the shaded regions showing the respective standard deviation. It is 
observed, in all cases, that the expansion of the training dataset to 
include more samples improves the average cross-validated accuracy of 
the estimation. This is testament to the method’s flexibility to produce 
reasonable estimates even with small amounts of data, and to its pre
dictive potential in the presence of larger data pools. The consistency of 
the prediction is also seen to generally improve with increasing amounts 
of training data, evidenced by a decrease in the standard deviation of the 
cross-validation error. The performance of the model on the training set 
is also plotted as evidence that a healthy separation of the training and 
test sets has taken place, and that the applied training routine has pre
vented overfitting to the training set. The presence of a gap between the 
cross-validation and training learning curves and their near-asymptotic 
approach are suggestive of the above. 

In comparison to the data configuration using all 4000 time-domain 

features (Fig. 5a), the data configurations that employ feature filtering 
based on the Pearson correlation coefficient (Figs. 5b-c) perform simi
larly or even better across all training pool sizes. Mean-absolute errors in 
the vicinity of 1% are achieved in these cases. When the maximum 
amount of training samples is utilised, moderate filtering (data config
uration 2) marginally outperforms the unfiltered case, while high 
filtering (data configuration 3) marginally underperforms it. It is not 
surprising that providing higher quality filtered features to the neural 
network can allow higher accuracy levels to be reached under the same 
training process and network architecture. However, it should be noted 
that as the Pearson implementation is a measure of the linear correlation 
between acoustic features and the SoC, its use for filtering may not al
ways translate into better predictions. It is reasonable to assume that 
acoustic datasets with much greater levels of non-linearity are possible, 
when different cell chemistries, geometries and operating conditions are 
considered. It is in such cases that the use of an unfiltered data config
uration could be most valuable, allowing all sensitivities to emerge 
through the training process. 

The frequency-domain configuration was found to be the best- 
performing in our tests, yielding the most accurate estimates at large 
training pool sizes and achieving an accuracy of approximately 0.75% 
SoC. Although the frequency-domain has a visually more convoluted 
appearance than the time-domain in Fig. 4, it is found to yield features 
that correlate more strongly with SoC than their time-domain counter
parts and has a higher predictive value. The frequency-domain config
uration also contains the smallest number of features in our study, with 
associated benefits of computational economy since the added compu
tational overhead of the FFT algorithm is minimal. 

The performance of the model using the frequency-domain config
uration is discussed in more detail henceforth. Because the acoustic 
acquisition frequency was kept constant throughout the experiment, our 
dataset contains more acoustic signatures for the slower rates which 
took longer to complete (Fig. 8). This inherent bias was propagated into 
the training and test sets as those were produced by random sampling. 

Fig. 5. 5-fold cross-validated learning curves of the tested data configurations. (a) 4000 features (time-domain), (b) 995 features (time-domain), (c) 361 features 
(time-domain), (d) 300 features (frequency-domain). 
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Fig. 6. Regression model error per test data point for the frequency-domain configuration. Orange colour shows the SoC estimation error. Blue colour indicates 
complementary information about the test data. (a) C/5 test data, (b) C/2 test data, (c) 1C test data. 
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Figs. 6a-c show the performance of the regression model by C-rate, when 
trained and tested on frequency-domain data. It is shown that increasing 
data scarcity results in increasing estimation errors in the higher C-rate 
cases. This is an expected pattern, as it has already been established that 
increasing amounts of data provide a net accuracy benefit and that there 
is no evidence of sustained data saturation in the modelling. 

We hesitate to draw conclusions about the accuracy of the model at 
different SoC bands, or about the influence that temperature has on the 
model’s estimation error. We do, however, speculate that the SoC esti
mation error at the bottom-of-discharge shows a greater spread 

compared to the top of charge. In one respect, inference at the SoC ex
tremities may suffer from proximity to the edges of the data range, 
introducing an element of extrapolation to the computation. At the top- 
of-charge this is likely counteracted by the availability of more data 
points, due to the slower constant voltage regime having allowed the 
collection of more acoustic samples. 

A complementary view of the estimation error per C-rate is given in 
Fig. 7. Together with the population histograms of Fig. 8, the link be
tween accuracy and data abundance is again clear. While temperature 
variability in the collected dataset has been limited, it is a likely 

Fig. 7. SoC estimation error histograms per C-rate. Results from model based on the frequency-domain configuration.  

Fig. 8. Acoustic sample populations in the entire dataset, per SoC and C-rate.  
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contributor to the reduced estimation accuracy seen at higher C-rates, 
together with the rate-dependence of the electrochemical stiffness. 
Given additional data coverage, it is expected that the proposed method 
will be capable of learning such dependencies during the training pro
cess, and that it will achieve to differentiate features that correlate to 
SoC across cases. The diminished accuracy in the 1C estimates, which is 
in the region of 1.2%, is still largely adequate for practical imple
mentations of the method. The accuracy under the C/5 regime is 
approximately 0.6%, which can be superior to electrochemical and 
other alternative SoC estimation techniques. The average accuracy for 
the entire dataset, using the frequency configuration, is ca. 0.75% as 
discussed. It is worth reiterating that the proposed method is indepen
dent of voltage or temperature measurements, making it suitable for 
applications where redundancy and diversity of SoC estimators is 
valued. 

4. Conclusions 

Acoustic signatures obtained experimentally from a 210 mAh LCO 
pouch cell under CC-CV cycling have been utilised to perform SoC 
inference using a feed-forward neural network regression model. Four 
data configurations were considered. (1) Entire signal waveforms; (2)- 
(3) selected waveform features based on thresholds on their Pearson 
correlation to SoC; (4) Fourier coefficient magnitudes of the 15% lowest 
frequencies. It is demonstrated that a FFNN of modest size can be trained 
using acoustic waveforms in their entirety, avoiding the need for any 
feature selection to take place. Mean absolute estimation errors in the 
vicinity of 1% were achieved with this approach, showing its potential 
for deployment in streamlined workflows. SoC estimates produced by 
the filtered data configurations are of comparable accuracy, while using 
reduced input vectors of time-domain features selected based on sta
tistical significance. These provide an efficient, formal and robust so
lution of dimensionality reduction, for applications where 
computational economy is prioritised. The highest accuracy is achieved 
using the frequency-domain configuration, with a mean absolute error 
of 0.75%. FFT appears to have a positive filtering or amplification effect 
on the dataset, yielding features that correlate most highly with the SoC. 
Importantly, the high accuracy of all data configurations is accom
plished using acoustic information alone, without assistive voltage or 
temperature measurements. This demonstrates the potential of the 
acoustic method to be deployed as an independent SoC estimation 
technique in operando, with direct safety and reliability benefits. 
Additional applications arise, including the online validation of voltage- 
SoC mappings by comparison to acoustic SoC estimates, and the fault- 
detection of the respective voltage sensors. In the continuation of this 
work, the proposed method will be evaluated on data pools of multiple 
cells, where greater variations in the operating temperature and 
inherent electrochemical stiffness will be an additional challenge. In 
this, a machine learning approach using FFNNs is expected to be most 
powerful. 
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