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Abstract

Lithium-ion batteries (LIBs) are critical for renewable energy storage, and accurate charge and health estimation
remains a significant challenge. Acoustic sensing offers a unique method to observe lithium-ion movement between
electrodes during battery operation. However, both the charge state and the internal temperature of the battery affect
the acoustic response.

This study systematically investigates the interactions between temperature and charge state on acoustic signals
through a novel thermal cycle methodology. Using a global sensitivity analysis, we demonstrate that temperature has
a non-negligible and dominant effect on the acoustic signal, with a largely insignificant cooperative interaction with
charge state. The results reveal temperature-induced variations in the acoustic signal that increase with charge level,
though not uniformly.

Our findings underscore the critical importance of temperature compensation in acoustic-based LIB estimation
techniques. By quantifying the independent and cooperative effects of temperature and charge, this research provides
the possibility of independently measuring thermal and SOC effects on the acoustic signal without the need for addi-
tional thermal sensing equipment.

Keywords: Lithium-ion battery; Ultrasonic acoustics; Global sensitivity analysis; Gaussian processing

1. Introduction

Lithium-ion batteries (LIBs) have emerged as a transformative energy storage technology since their commercial
introduction by Sony in 1991. Characterized by high energy and power densities, extended cycle life, and minimal
self-discharge [1-3], LIBs have become the dominant battery chemistry across portable electronics and the rapidly

expanding electric vehicle (EV) market [4, 5]. This technological advancement presents a critical pathway to decar-
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bonizing transportation, which currently accounts for 12% of global greenhouse gas emissions[6].

Despite widespread adoption, LIBs face significant challenges in real-time monitoring and safety. This is des-
pite a low failure margin of 1 in 10-40 million batteries [7, 8]. Battery Management Systems (BMSs) have been
developed to address these concerns, employing various sophisticated techniques such as neural networks and support
vector machines working from a large real dataset [9], models such as the Thevenin model using open-circuit voltage
measurements [10], and Coulomb counting [11].

These methods have been successfully implemented in real-world situations, but all of them are monitoring vari-
ables, such as cell voltage, current, and surface temperature [12], that are externally monitored from the cell; they
are unable to monitor the movement of Li* which is the driving mechanism for LIB operation. The movement of Li*
between the electrodes is assumed from electrical and electrochemical models [13]. These electrochemical systems
use physics-based methods to provide information on the internal electrochemical dynamics of a LIB [14]. These
models have been used to monitor changes in the electrochemical parameters such as terminal voltage [15, 16], de-
tecting abusive operating conditions [17] and cell ageing [18]. However, these methods model the internal changes,
albeit with high accuracy. Direct monitoring of the internal changes are not implemented with these models, as the
external electrochemical variables such as the cell voltage or current and estimate them through the use of physics
[14].

To address this gap, acoustic monitoring has emerged as a promising answer to direct monitoring of the internal
dynamics. First introduced by Sood in 2014 [19], ultrasonic monitoring offers a unique approach to battery estimation
by monitoring Li* movement between the electrodes causing material property changes during battery operation.
These changes, primarily in bulk and shear moduli and density, directly influence acoustic wave propagation speed

through a medium, allowing for indirect yet precise observation of electrochemical processes. The sound propagation
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Where: ¢ = Speed of sound (m s1) - K = Bulk modulus (GPa) - G = Shear modulus (GPa) - p = Density of the

speed is defined as:

material (kg m)
At each interface between two media, part of the acoustic wave will transmit into the new medium and part will be
reflected. The ratio of the transmitted signal to reflected signal is dependant on the difference in acoustic impedances

(Z) of the two media. This is called the reflection coefficient (R), and is defined as:
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where Z is defined as:

Z=pxc 3

As the signal splits when interacting with an interface, the signal amplitude decreases with respect to the ratio of
transmission to reflection. The signal also sees attenuation as it travels through a medium [20], and this can be defined

as:

A= Age~ 4)

Where: A = Final acoustic amplitude - Ay = Initial acoustic amplitude - x= Attenuation coefficient - d = Distance
travelled by the wave (m)

This can be observed as absorption, which is the conversion of acoustic energy into heat in the host medium.

As the speed of sound is affected by the changes in material properties, the time-of-flight (TOF) of the battery is
also affected. This makes it a useful ultrasonic property for monitoring SOC, and will be explored within this work.

The relationship between TOF and SOC is known in the literature to be linear [21, 22], as a result of the linear
changes to the elastic moduli [23, 24] and volumetric expansion [25-27] of the electrodes with respect to Li concentra-
tion. Equation 1 illustrates that the elastic moduli and density that are proportional to the speed of sound, and therefore
the TOF. There are other variables that can affect the TOF in LIBs. The state-of-health (SOH) can permanently shift
the base TOF as the cell degrades [28], which can differ between cathode chemistries [29, 30]; defects within the cell
can notably alter the response [31]; and the internal structures of the cells can affect the signal, such as the number of
layers [32].

Temperature, in comparison, has received less interest with regard to acoustic LIB monitoring, except for a few
articles [33-35] developing methods to decouple and monitor temperature and charge during operation for thermal
runaway detection. These have been summarised in Table 1. Temperature is known to cause thermal expansion and
affect the way acoustic waves travel through different media, with an increase in temperature decreasing the speed of

sound through a medium [36].

dL = Loa(Ty — Ty) )



Where: dL = Change in Length (m) - L, = Initial Length (m) - o = Thermal expansion coefficient (K™') - T; =
Final temperature (K) - Ty = Initial temperature (K)

The electrodes have been found to expand mostly linearly with temperature [37, 38], which increases the travel
path for the ultrasonic waves resulting in a longer TOF if all other variables are constant. However, research is not
in total agreement over the effects of temperature on TOF measurements. Some reports state temperature is not a
significant variable to consider [39] whilst others state ultrasonic waves can be more sensitive to temperature than
charge [40, 41].

In this study, we investigated the effects of temperature and charge on the acoustic signal when monitoring LIBs,
both independently and combined. This was to determine the dependence or independence of the two variables upon
the acoustic signal. In order to carry this out, a method of thermally cycling cells at different states-of-charge (SOCs)
while recording the acoustic signal was used to create a matrix of data points of temperature, battery charge, and
acoustics. Multiple cells were used in this study. We found that temperature and the TOF have a linear correlation -
as temperature increases, the TOF increases. Charge has an inverse relationship with the TOF, as an increase in SOC
results in a decrease in TOF. The two variables are mostly independent from one another when looking at the change
in TOF, meaning that a change in temperature would cause a similar change in the TOF when performed at different
SOCs. Our research not only addresses the current knowledge gap regarding temperature effects but also provides a
foundational framework for improving the accuracy and reliability of acoustic monitoring techniques across different
lithium-ion battery chemistries.

Table 1: Papers Addressing Temperature and TOF in LIBs.

Findings Reference
Ultrasonic TOF was corrected for temperature effects using -10, 25 and 60 °C [33]
Ultrasonic TOF can be used to detect temperature fluctuations [34]
Corrected temperature effects on TOF for the use of detecting thermal runaway based on overcharging cells [35]

2. Methodology
2.1. Materials and equipment

All pouch cells (NMC811/graphite) were purchased from RS Pro with stock number 125-1266, and were tested
without further modifications. The cells were commercial lithium-ion pouch batteries with a capacity of 2000 mA h
and a voltage range of 3.0 - 4.2 V. The cells had an NMC cathode and a graphite anode. The cells had dimensions
of 63 x 43.5 x 7 mm and a weight of 40 g. The cells were from the same manufacturing batch and nominally are

identical. The piezoelectric transducers were purchased from Del Piezo Specialties, and had a central frequency of



2 MHz. This frequency was determined based on previous work, outlined in [42], where 2 - 2.5 MHz was found
to provide an acceptable balance between the sensitivity of the signal to internal changes, and the resistance of the
signal to attenuation. These values, along with the experimental parameters are shown in Table 2. The M-Bond 200
adhesive was purchased from Micro Measurements. The K-type thermocouples were purchased from RS Pro with

stock number 621-2170. The Picoscope 5444D oscilloscope was purchased from Pico Technology.
2.2. Instrumentation

Piezoelectric transducers were bonded to the centre of a cell’s surface using the M-Bond 200 adhesive at room
temperature. The transducers were wrap-around as the cells were housed in plastic cases. The positive and negative
electrode were both accessible from the top of the transducer, making the soldering of co-axial wires possible. The
co-axial wires were stripped and the positive and negative cables were separated to be soldered onto the transducer
electrodes. The thermocouples were attached to the surface of the cells using electrical tape. The transducer acted as
a transmitter and receiver of the acoustic signal and was controlled by the Picoscope. The acquisition time was once
a minute for all data types. The acoustic data was recorded for one second every minute and each capture recorded 50

pulses.
2.3. Thermal and charge cycling

The cells were thermally cycled in a MACCOR MTC-020 temperature chamber. The temperature was cycled in
5°C steps, starting at 20 °C. The temperature was dropped to 10 °C, increased to 50 °C and returned to 20 °C, see
Figure 1. The target temperatures were held for one hour. This provided a rest time for the cells to reach the target
temperature and data collection. In order to negate the resting period for data analysis, a range of +0.3 °C for the cell
surface temperature was used to discriminate between resting data and thermally stable. The target temperature range
was selected to test the effects of temperature on the acoustic signal within the normal battery operating temperatures.
Temperature based degradation, such as SEI decomposition at ~80 °C and lithium plating at ~—20 °C were avoided to
reduce additional influences on the acoustic signal. This thermal cycle was performed at various cell SOCs, increasing
from 0% to 100% in 20% steps. The cells were charged in this manner using a MACCOR Model 3650 battery cycler.

The cells were charged with a current of 0.3 C between 3 and 4.2 V.
2.4. Data analysis

Acoustic and temperature data were recorded using a bespoke LabVIEW VI, and the battery data was recorded
using the MACCOR software. The acoustic data was averaged across the 50 pulses and filtered using MATLAB’s
wdenoise denoising function, applying a high-pass filter. A peak tracking method was used to identify each peak in the

acoustic response and track their movement, both the amplitude and TOF, throughout the experiment [43]. Tracking
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Figure 1: Visualisation of the charge and thermal cycling scheme.

the individual peaks provides the ability to determine if and how the amount of cell exposure affects the signal.

Sensitivity analysis was performed in Python using the romcomma package. This package utilises global sensit-
ivity analysis and Gaussian process regression to create a reduced order model [44]. Here, we employed the Sobol’
index, a variance-based method that quantifies the individual and codependent contributions of the charge and tem-
perature on the TOF. The Sobol’ indices are computed by partitioning the total variance of the model output into
components corresponding to each input parameter, as well as their interactions. For an input variable, the first-order
Sobol’ index represents the fraction of the output variance attributable solely to the variation in while higher-order,
in this case total-order indices, capture the influence of interactions between multiple input factors. These indices are
calculated through Monte Carlo sampling, where a large number of input-output pairs are generated to estimate the
contribution of each input factor. The data underwent 27 k-folds, 26 of which were training datasets and the 27th was
the final fold.

In this work, the GSA was used to detect the influence of the temperature and the SOC - based on the spread of the
Li-ions between electrodes - on the acoustic signal. The input variables were the SOC and the surface temperature of
the cells, and the output variable was the TOF measurements. The first order Sobol’ indices contained the effect that
the SOC and temperature had independently on the TOF. The second order Sobol’ indices contained the co-dependent

effects of both SOC and temperature on the TOF.



Table 2: Cell and Test Design Parameters.

Parameter Value
Cell Capacity 2000 mAh
Cell Chemistry NMC
SOC Step Increment Increase of 20%
Charge Rate 0.3C
Voltage Range 3042V
Temperature Range 10-50°C
Temperature Step Increments Change of +5 °C
Number of Discrete Points 54 - Nine Temperature at Six SOC
Time Held at Each Discrete Point One Hour
Age of Cells Fresh
Number of Full Charge Cycles Zero - cells were only charged
Form Factor Jelly Roll
Sensor Central Frequency 2 MHz

3. Results
3.1. Finding the acoustic influences

By thermally and electrochemically cycling the cells, the influence of each on the acoustic response could be
determined. We propose that controlling these two parameters (temperature and charge) at stable points creates a
discrete matrix to isolate their influences, with the acoustic signal captured via piezoelectric crystal in pulse-echo
mode to characterise the internal active layers (Figure 2a). The temperature and charge of the cells were adjusted over
a long time-frame to ensure uniformity of internal temperature and lithium-ion movement, respectively.

The resultant acoustic signal (A-Scan) from one of the cells (Figure 2b) shows multiple clear echoes where the ini-
tial pulse has travelled through the cell and reflected from individual active layers, such the separators and electrodes,
and the back wall. The increase in amplitude at ca. 13 ps signifies the first echo (with preceding peaks resulting from
transducer damping), whilst the amplitudes and TOFs of the first and second identified echo groups suggest an acous-
tic barrier within the cell. This is to be expected, as the cells were prismatically wound, creating a pool of electrolyte
in the centre of the cell. Given the prismatic winding design of the cells, it can be assumed that every 2 n - 1 echoes
are half echoes, as the signal would split at the pool due to greater differences in acoustic impedances between the
electrolyte and the active materials. As these echoes contain information for at least half of the cell, they can still be
used for analysis. This also implies that the resultant acoustic echoes are a superposition of multiple reflections from
individual layers within the cell, rather than each echo correlating to a specific layer or active component [43].

The surface plot of the signal for one thermal cycle demonstrates the significant effect temperature has on the
acoustic signal (Figure 2c). The transitions between stable temperature points are clearly visible within the plot, with

TOF increasing and decreasing in distinct increments alongside temperature changes; each step was maintained for
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Figure 2: a) Schematic of ultrasonic monitoring setup for a LIB. b) The first three identifiable groups of acoustic reflections are highlighted. ¢) 3D

plot comparison of a thermally cycled cell when fully discharged and fully charged, with temperature overlaid in black. d) a plot of the change in
TOF of a single peak compared to the change in temperature.

one hour to ensure signal stability. With respect to temperature, the change in the TOF can be attributed to thermal
expansion, which influences the TOF through two primary mechanisms: altering both the layer thickness (affecting
acoustic travel path) and density.

The thickness of a material is inversely proportional to the density; as the thickness increases, the density de-
creases. The change in density affects the speed of sound through a material as defined in Equation 1, though our
analysis suggests that the effect of the increased travel path outweighs the impact of the increased speed of sound
when comparing the two SOCs presented in Figure 2c.

Figure 2c shows a comparison between the signals of a cell when fully discharged (left) and fully charged (right)
during a thermal cycle. The comparison shows there are some notable changes, mainly in the amplitude of the peaks.

Observing the TOF of the two signals, the peaks from the transducer runoff line up as expected, as they are mostly



unaffected by changes to the cell. From ca. 12 ps, slight offsets can be seen, which increase as the initial TOF
increases. The changes observed are limited when compared to the influence of temperature.

In pursuit of a deeper understanding of the relationship between temperature and charge, we isolated selected
peaks to plot the change in TOF through the cycles. First, the effect of temperature on a single acoustic peak at a
constant SOC was plotted (Figure 2d). To ensure that temperature data from at least half of the cell was represented,
under the assumption that the cell is mirrored across the acoustic barrier, the selected peak was taken from the first
echo. A key observation is the linearity and reversibility of the plot; a positive correlation is seen between TOF and
temperature. This is to be expected, given the volumetric thermal expansion «,, of a material is defined as

1dv

Ay = vV dT (6)
where V = volume (m™) - T = temperature (°C) and % =rate at which the volume changes with respect to changes
in temperature. The changes in volume, be it expansion when heating or contraction when cooled, changes the path
length the ultrasonic signal must travel. If the cell heats up, the travel path increases, so the signal has to travel further
to pass through the cell. The speed of sound through the material would also change, as the internal layers decrease
in density. If during operation, the Young’s modulus would also change with the movement of the ions between the

electrodes. All these have an effect on the TOF.

Similar findings have been observed in other works [45, 46]. Following from this, the same peak was tracked
across all tested SOC (Figure 3a). The results suggest the SOC has a negative correlation with the TOF, reducing the
initial time as the cell is charged. This confirms the transducers were working as intended, as the negative correlation
has been recorded multiple times within literature and has become the basis of this estimation technique [21, 47, 48].

We observe distinct patterns in the TOF measurements across the different SOC and temperatures states, with
the most significant TOF change occurs between 0% and 20% SOC, with characteristic overlapping near 50% SOC
that persists across all examined temperatures. These observations largely align with the known behaviour of thermal
expansion in LIBs, which varies as a function of both temperature and SOC [49]. Although electrodes undergo phase
changes during charge-discharge cycles that affect thermal expansion [50], these effects are minimal compared to
ionic movement during operation [49].

Our observations indicate that thermal expansion exhibits quadratic behaviour at lower temperatures, transitioning
to a more linear pattern at higher temperatures. Above 25 °C, the TOF shift with temperature displays more linear
characteristics across most SOCs. This agrees with results found by [49], where cells with a similar jelly roll design
saw non-linear thermal expansion below 25 °C, and linear expansion above 25 °C. The reasoning provided was that
thermal expansion was linear, but at lower temperatures there is ’empty space’ that the internal layers expand into,
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Figure 3: a) and b) TOF profile and subsequent change in TOF of selected peak the from the first reflection of Cell 1. c) presents the change in
TOF of the peak from 25 °C as this is the temperature all SOC follow a similar trend. d) shows the gradient of the TOF changes across the SOC. e)
- h) show the same for a random peak in Cell 2. g) shows from 20 °C for the same reasons as given for c).

providing the difference in observed expansion behaviours. As the relationship between the TOF and temperature
appear to be proportional, an increase in thermal expansion would result in a proportional increase in TOF. The
increase in the TOF is a direct result of the thermal expansion, as the travel path of the acoustic signal has increased
with the increase in temperature.

Although Cell 1 exhibits an increasing slope as the temperature increases to 25 °C, Cell 2 demonstrates a flattening
trend under similar conditions. Both cells show behaviour at 0% SOC in lower temperatures that deviate from the
other SOC, with these patterns persisting until specific temperature thresholds - 20 °C for Cell 1 and 25 °C for Cell 2.
Beyond these thresholds (Figures 3g and 3c), the SOCs show stronger alignment, with a greater response at the lower
SOC attributed to increased thermal expansion [49]. Looking at the first-order differential of the TOF (Figures 3d
and 3h) reveals that between 20% and 100% SOC, the gradients follow similar trends without discernible correlation
with magnitude. The gradient patterns between cells mirror each other, though Cell 1’s gradient (3d) is approximately
double in magnitude compared to Cell 2’s. These characteristic patterns, including the distinctive behaviour at 0%
SOC and the temperature threshold transitions, are consistently observed in the gradient analysis.

The characteristics of thermal sensitivity differ significantly between cells, with Cell 2 (Figure 3e) showing a
sharper increase in TOF between lower temperatures, except for 0% SOC as discussed earlier, before transitioning
to a shallower increase at higher temperatures, contrasting with the behaviour of Cell 1. Despite these differences,
both cells exhibit monotonic non-decreasing behaviour in temperature-TOF relationships. Examining the differential

responses of the TOF (Figures 3b and 3f) highlights a distinct difference in behaviour between 0% SOC and all other
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charge states, especially at lower temperatures. While the 20% to 100% SOCs exhibit consistent patterns across both
cells (especially for Cell 2), the 0% SOC responses deviate significantly - displaying either contrary behaviour in
Cell 1 or a greatly diminished response (Cell 2) from below 30 °C and 25 °C, respectively. This behaviour is clearly

reflected in the absolute TOF measurements shown in Figures 3a and 3e.
3.2. Relationship between time-of-flight and temperature

As a linear relationship between temperature and the TOF has been shown for a peak (Figure 2d), this was con-
firmed using an AScan by comparing the ratio of the TOF of a peak at a given temperature to a reference temperature

TOF -

TOF

TOF,o; @

In this case room temperature, 20 °C, was used as the reference temperature. The ratio for all cells, for all SOC
are shown in Figure 4, where the solid lines represent the mean ratio, whilst the shaded areas represent the spread of
the ratios across all peaks. The dotted lines mark the boundaries of the two standard deviation range.

The mean ratios represent the average values for all peaks identified in the AScan of each respective cell; for
instance, the mean ratio at 50 °C and 0% SOC in Figure 4a represents the average of all peaks detected in that specific
cell condition. The shaded area is defined by the largest and smallest ratio observed across all SOCs, showcasing the
spread.

The figures demonstrate a linear relationship between TOF and temperature across all peaks in the tested cells,
with each cell showing the same linear trend and slope as temperature increases, regardless of SOC. The mean square
error (MSE) for all SOCs across all cells is presented in Figure S1, with the largest MSE (1.28x10”) occurring
between 0% and 100% SOC for Cell 3. However, the slope is not consistent across cells, as seen in Figure 4d, where
Cell 2 has a shallower slope compared to the other cells. Cells 1 and 3 show remarkable agreement in their gradients.

Despite the good agreement in the mean trends, the spread suggests a wide variation in measurements across the
acoustic response.The ranges exhibit decreasing values as temperature approaches 20 °C (with the inverse occurring
at other temperatures), although fluctuation amplitude varies between cells and temperature conditions; to evaluate the
significance of this spread and validate the ratio’s utility, we calculated two standard deviations for all trends (shown
as dotted-dashed lines in Figures 4a, 4b and 4c). The shaded areas, which represent the maximum spread across all
SOCs, are largely confined within two standard deviations, indicating a tight distribution of the ratios relative to a
reference temperature near the mean values. For Cells 1 and 2, the standard deviations followed a similar trend to the

data spread, albeit with a generally sharper slope. The viability of this ratio appears to improve as the temperature
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Figure 4: The ratio of TOFs (solid lines) for different SOC for a) Cell 1, b) Cell 2, and c¢) Cell 3, d) a comparison of the three cells. The pink shaded
regions represent the spread of the ratios. The dotted lines enclose the regions within two standard deviations.

deviates from 20 °C. Meanwhile, Cell 3 saw a more linear pattern for the standard deviation, also similar to associated
data spread. This was still constrained to within the two standard deviation however, showing the data spread is still
tight around the mean values.

LIBs naturally undergo capacity fade through normal operation [51], which is accelerated through abusive op-
eration or conditions such as high temperature. As the cell ages, the TOF is observed to undergo a shift that is
independent of the change in SOC and temperature. This shift was found to increase or decrease, depending on the
cell chemistry [30, 52]. The difference in TOF between fully charged and fully discharged as the cell degraded was
negligible over 100 cycles of 300-cycle lifespan cells [28]. It could be hypothesised from this that this work that the
ratio of TOF/TOF,t could be consistent as the cell ages, though further experiments are needed to test this.

The physical, and therefore electrical, properties of a cell within a manufacturing batch are dependent on the

production process, resulting in variations in the electrical properties of cells of the same manufacturing batch [51].
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When comparing the ratios between cells in Figure 4d, this variation is observed as Cells 1 and 3 have comparable
slopes, while Cell 2 has a shallower slope, but there is little variation between the SOCs within a cell. This variation in
performance should be accounted for not only for acoustic monitoring, but as a general consideration when purchasing

cells.
3.3. Sensitivity analysis

To delve deeper into the interaction and influence of the charge and temperature, we conducted a Global Sensitivity
Analysis (GSA) using a variance-based decomposition to calculate the Sobol’ indices [53]. This approach quantifies
how input variables (in this case temperature and SOC) contribute to the output’s variance both independently and
through interaction. It decomposes the total variance into first-order effects (individual contributions of each input) and
higher-order effects (interaction between inputs), calculating indices that represent the fraction of variance explained
by each effect. Whilst we can see that both influence the acoustic signal, the individual effects of each are not clear;
the acoustic signal is a superposition of the two variables. The co-dependent effect, or interaction between the two
variables, is also unknown. Each output is a peak from the acoustic response, and the inputs are temperature and SOC.
Each output had 54 data-points, as it was the combination of the nine temperature and six charge states. In order to
present the data, each output in Figure 5 is an average across these 54 data-points

Although it is clear both temperature and state-of-charge (SOC) influence the acoustic signal, their individual and
coupled effects are challenging to distinguish because of the superposition of their influences. Because the acoustic
response changes result from both temperature and SOC variations, we treated each peak of the AScans as a separate
output in our analysis. Given nine temperature and six charge states were measured, each output was an average of
the combined 54 data points. When performing the analysis, the data is randomly divided into k subsets to apply
k-fold cross-validation [54]. To balance between the number of data points per output and computational costs, the
number of k-folds used was 27. Using a large number reduces the bias of a specific data subset. The sensitivity indices
presented in Figure 5 represent the averages between these measurement points.

The results from the GSA are summarised in Figure 5, where the first order Sobol’ indices for the charge and
temperature influences on the TOF are presented. Across all three cells, temperature dominates the TOF changes
compared to the SOC, which agrees with the results shown in Figure 3. The substantial difference in magnitude
between input variables is noteworthy, with SOC accounting for merely 10% of ultrasonic variation, attributable
to the narrow spacing observed between 20% and 100% SOC across the cells. There was an expected shift to a
quicker TOF as the cells were charged, but this was overshadowed by the temperature, more noticeably in the higher
temperature range (3c and 3g). A change of 10 °C would have the same effect on the TOF as full (dis)charging of the
cell. This temperature difference could be achieved during normal operation [28], or exceeded if the C-rate is large
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enough. The number of peaks vary between the cells due to the cells. Limited coordination between manufacturers
results in variation in cell-to-cell manufacturing, such as the amount of active material and discontinuities within the

active materials [28].
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Figure 5: First-order Sobol’ indices for charge (blue) and temperature (orange) for a) Cell 1, b) Cell 2, and c) Cell 3. The co-dependence (second-
order) on the two inputs across the three cells are in pink.

Recall that the data shown in Figure 4 suggested insignificant influence from a combination of the charge and
temperature. We used the GSA to confirm this co-dependent interactions by calculating the second-order Sobol’
indices, looking at the second-order indices shows a similar result to the ratio of TOF to TOF,,r. The interaction
between the two inputs has statistically zero effect on the TOF, evidencing that although temperature and charge
individually influence the TOF, their interaction does not have a detectable impact. It should be stated that the internal
heat generation from the resistance to ionic movement was not explored in this work, as the C-rate was kept low.

The shaded areas surrounding the first-order and second-order indices represent the uncertainty in our sensitivity

measures, quantified as one standard deviation calculated through k-fold cross-validation analysis. These uncertainty
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bounds remained consistently narrow across all three cells for both first-order and second-order indices, with each
peak’s standard deviation averaged across the individual outputs. The tight spread indicates statistical stability in our
partitioning of the variance between temperature and SOC effects. This statistical robustness, demonstrated through
repeated cross-validation sampling, validates both the performance of the model and the reliability of our sensitivity
measurements, lending additional support to our findings of the dominating effect of temperature on the acoustic

signal compared to the SOC.
4. Conclusion

Ultrasound has emerged as a valuable tool for monitoring battery performance, yielding information through
transmission and reflection measurements of internal active materials. Although these investigations have resulted in
significant developments, a deeper understanding of the discrete and coupled influences of thermal and SOC effects
on the acoustic signal is required. In this work, a study was conducted on NMC lithium-ion cells to determine
the influence of temperature and charge on the TOF of an ultrasonic acoustic signal. The results were collected
through a thermal and charge cycle, allowing for a matrix of ultrasonic responses to different states of temperature
and charge. We report significant effects of both temperature and charge, presenting evidence that temperature has
a greater influence on the acoustic signal changes than charge. The question of co-dependency was also addressed.
It was found that the interaction between temperature and charge is negligible and was significantly less than the
individual influence of the two. We believe that our findings will bring attention to the mostly disregarded effects of
temperature when using acoustics monitoring. Addressing this would accelerate the development of accurate acoustic
LIB SOC estimations in tandem with current BMSs.

Work should be conducted to isolate the dominance of the influence of temperature to make this technology viable
for industrial application. The temperature and SOC of a cell have statistically independent effects on the acoustic
TOF, implying the isolation and decoupling of the two inputs should be possible, deconvoluting one from the other
using a ratio similar to the method performed by Owen et al. [33]. However, this method requires a thermocouple
throughout the use of the cell or a method for statistical inference.

In order to progress this work, further testing should be performed at higher C-rates, and with continuous cell
charging/discharging, to investigate the co-dependency of internal heat generation as a result of the resistance to ionic

movement during operation.
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