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Abstract

Lithium-ion batteries have seen rapid adoption since the 1990s, a trend set
to continue with global decarbonisation efforts. Electric vehicles represent a
major driver of this growth. These batteries operate through the movement
of lithium-ions between electrodes during charge and discharge. Current
battery management systems do not exploit these internal changes directly,
instead relying on charge counting, voltage, and impedance measurements.

Recent research has introduced ultrasound as a method to monitor internal
changes by tracking variations in the ultrasonic signal, which reflect changes
in electrode material properties. This has been applied to estimate state-
of-charge and state-of-health, though the relationship between SOH and
ultrasonic response remains unclear due to conflicting findings. This thesis
addresses these inconsistencies and investigates the under-explored impact
of temperature on the ultrasonic signal.

Long-term cycling experiments were used to track ultrasonic time-of-flight
drift as a function of battery degradation, separating this from cyclical
variations due to charge-discharge. The time-of- flight drift direction was
suggested to be dependent on cathode chemistry. The ultrasonic method
showed high sensitivity to SOH fluctuations across the battery lifecycle.

A thermal cycling method combined with a global sensitivity analysis
was used to assess the effects of temperature (10 to 50 ℃) and state-of-
charge (0 to 100%) on the ultrasonic signal. Results showed both variables
independently affect the signal, with temperature having the dominant
effect.

Two regression models—linear and Gaussian Process—were trained to
predict SOC and temperature from ultrasonic data. The linear model
demonstrated consistent stability and accuracy across varying noise levels,
but was significantly influenced by data formatting.
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This thesis focusses on the effects of temperature and state-of-charge on the
ultrasonic signal to improve the accuracy of state-of-charge monitoring and
has demonstrated the use of machine learning to predict both variables.

iii



Declaration

I, the author, confirm that the Thesis is my own work. I am
aware of the University’s guidance on the Use of Unfair means
(https://www.sheffield.ac.uk/ssid/unfair-means). This work has not been
previously presented for an award at this, or any other, university. Part of
this work is published in the following papers:

1. (Williams et al., 2024) Williams, D. C., Copley, R., Bugryniec, P.,
Dwyer-Joyce, R. & Brown, S. F. (2024) A review of ultrasonic moni-
toring: Assessing current approaches to li-ion battery monitoring and
their relevance to thermal runaway. Journal of Power Sources, 590.
https://doi.org/10.1016/j.jpowsour.2023.233777

2. (Williams et al., 2025) Williams, D. C., Green, J., Bu-
gryniec, P., Brown, S. F. & Dwyer-Joyce, R. (2025) Battery
age monitoring: Ultrasonic monitoring of ageing and degrada-
tion in lithium-ion batteries. Journal of Power Sources, 631,
https://doi.org/10.1016/j.jpowsour.2025.236174

3. (Williams et al., 2026) Williams, D., Milton, R., Taylor, J.,
Dwyer-Joyce, R., & Brown, S. F. (2026). Acoustic As-
sessment of Lithium-Ion Batteries: Unravelling Temperature
and Charge Contributions. Journal of Power Sources, 665.
https://doi.org/10.1016/j.jpowsour.2025.238788

4. Williams, D., Milton, R., Dwyer-Joyce, R., & Brown, S. F. (2025).
Acoustic Estimation of Lithium-Ion Batteries: Regression Modelling
of Li-ion Battery State-of-Charge and Temperature [Manuscript sub-
mitted for publication to the Journal of Energy Storage]. School of
Mechanical, Aerospace and Civil Engineering, University of Sheffield.

5. (Bugryniec et al., 2025) Bugryniec, P. J., Khanna, S., Wootton,
M., Williams, D., & Brown, S. F. (2025). Assessment of the risks

iv



posed by thermal runaway within marine Li-ion battery energy stor-
age systems—Considering past incidents, current guidelines and fu-
ture mitigation measures. Journal of Energy Storage, 128, 117070.
https://doi.org/10.1016/j.est.2025.117070

v



Acknowledgements

I would like to first give thanks to my family, without whom this chapter of
my life, and every other, would not have been possible. Your unwavering
support and encouragement were crucial to me finishing this project. To
my parents, I cannot thank you enough for the loving environment and
opportunities for growth you provided me. To Oli and Noy, thank you for
all the laughs and decompression. To Uncle Clive and Nan, thank you for
always being there when I needed it. To Pop and Aunt Rose, thank you
for the inspiration you gave me. I love you all in ways I cannot describe.

George, a friend who has become a brother. Throughout the years, you
have taught me so much about myself and helped me become a better
person. It feels that I still have much to learn from you. Thank you for
being the lighthouse during the many rough storms. Here’s to many more
Wednesday sessions of tomfoolery.

To the Bristol folks- you guys have been paramount in me finishing this
project, everything before and what will come after. The constant laughter,
support, and interest (even if you didn’t understand most of it) were
refreshing and gave me the much needed reminder of the life that exists
beyond the walls of academia. So to Abby, Aidan, Daryl, Ian, Jakub, and
George, thank you. I love you guys.

I would also like to show my appreciation to Josh and Josh, one of whom is
colloquially known as Wood. We may have started out as assigned friends
by the university, but we stuck it out for nine years. Living together during
lockdown created so many memories, and is a time I will never forget. To
many more years.

Alex, a man who I voluntarily chose to live with for four years. From
carrying you home on our first night of undergrad to finishing 2 degrees,
you have been an incredible friend. Our many pub discussions, regardless
of topic, have always been a delight, even with the introduction to beer. I
eagerly look forward to seeing where the future takes you.

vi



Many thanks to Sam, Ahranee, Gary, and everyone else in D133a, the first
office that helped me get on feet during the awkward time of the Covid
lockdowns. Your help and advice when I needed it cannot go understated.
To Jack, Joe, and E01, the office that adopted me part way through this
project with open arms. Thank you for your support as my project shifted
more towards modelling and away from sanity.

I would like to thank Royce Copley and Peter Bugryniec, who both took
me under their respective wings when I started out and showed me the
ropes when lockdown restricted both him and me. Without your help, I
would have been lost for many more months. I would also like to thank
Robert Milton, who’s wisdom, knowledge and willingness to help was
instrumental in me getting through this project.

I would like to finish by giving thanks to of both my supervisors, Prof. Rob
Dwyer-Joyce and Prof. Solomon Brown. Rob, you reaching out to me with
this project, when I wasn’t sure of what path I wanted to go down, was
nothing short of a lifesaver. Your guidance from the very beginning was
invaluable to me carving out the direction of the PhD. Sol, your support,
compassion and belief in me was instrumental in me finishing this project.

vii



Contents

Abstract ii

Declaration iv

Acknowledgements vi

Contents viii

List of Figures xii

List of Tables xvi

1 Introduction 1
1.1 The Expanded Use and Complexities of Lithium-Ion Batteries . . . . 2
1.2 Aims and Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Thesis Layout . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Background 7
2.1 Batteries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.1.1 Li-ion Battery Operation . . . . . . . . . . . . . . . . . . . . . 8
2.1.2 Battery Abuse . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.1.3 Battery Management Systems . . . . . . . . . . . . . . . . . . 10

2.2 Ultrasound . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2.1 Ultrasonic Wave Properties . . . . . . . . . . . . . . . . . . . 12
2.2.2 Attenuation and Reflections . . . . . . . . . . . . . . . . . . . 13
2.2.3 Near and Far Fields . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.4 Pulsing and Wave Paths . . . . . . . . . . . . . . . . . . . . . 16
2.2.5 Ultrasonic Setup and Battery Hardware . . . . . . . . . . . . 16

2.3 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

viii



3 Literature Review 20
3.1 Ultrasonic Monitoring of State-of-Charge and State-of-Health in Li-ion

Batteries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.1.1 SOC Monitoring . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.1.2 SOH Monitoring . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.1.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 Thermal Runaway . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2.1 Thermal Abuse . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.2.2 Mechanical Abuse . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.2.3 Electrical Abuse . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.2.4 Gas Generation . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.2.5 Detection of TR . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.2.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3 Ultrasonic Monitoring of Li-ion Abuse and Thermal Runaway . . . . 36
3.4 Compilation of Published Work on Ultrasonic Monitoring of Lithium-

Ion Cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.5 Review Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.5.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4 Introduction to Publications 44
4.1 Paper 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.1.1 Publication Information . . . . . . . . . . . . . . . . . . . . . 46
4.1.2 Paper Contribution . . . . . . . . . . . . . . . . . . . . . . . . 46

4.2 Paper 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
4.2.1 Publication Information . . . . . . . . . . . . . . . . . . . . . 47
4.2.2 Paper Contribution . . . . . . . . . . . . . . . . . . . . . . . . 47

4.3 Paper 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.3.1 Publication Information . . . . . . . . . . . . . . . . . . . . . 49
4.3.2 Paper Contribution . . . . . . . . . . . . . . . . . . . . . . . . 49

4.4 Paper 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
4.4.1 Publication Information . . . . . . . . . . . . . . . . . . . . . 50
4.4.2 Paper Contribution . . . . . . . . . . . . . . . . . . . . . . . . 50

ix



5 Conclusion 52
5.1 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.1.1 Research Paper 1 . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.1.2 Research Paper 2 . . . . . . . . . . . . . . . . . . . . . . . . . 54
5.1.3 Research Paper 3 . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.2 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . . . 55
5.2.1 Research Paper 1 . . . . . . . . . . . . . . . . . . . . . . . . . 55
5.2.2 Research Paper 2 . . . . . . . . . . . . . . . . . . . . . . . . . 56
5.2.3 Research Paper 3 . . . . . . . . . . . . . . . . . . . . . . . . . 56

6 Battery age monitoring: Ultrasonic monitoring of ageing and degra-
dation in lithium-ion batteries 58
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

6.1.1 Battery SOC and SOH . . . . . . . . . . . . . . . . . . . . . . 60
6.1.2 Ultrasonic Non-Destructive Monitoring of Lithium-ion Batteries 61

6.2 Experimental . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
6.2.1 Battery Instrumentation . . . . . . . . . . . . . . . . . . . . . 62
6.2.2 Ultrasonic Pulsing and Receiving . . . . . . . . . . . . . . . . 62
6.2.3 Battery Cycling . . . . . . . . . . . . . . . . . . . . . . . . . . 63
6.2.4 Signal Processing . . . . . . . . . . . . . . . . . . . . . . . . . 63

6.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 67
6.3.1 Generated ultrasonic signal generated by a pouch cell . . . . . 67
6.3.2 Cell degradation . . . . . . . . . . . . . . . . . . . . . . . . . 68
6.3.3 Ultrasonic response changes during degradation . . . . . . . . 72
6.3.4 State-of-health and ultrasonic fluctuations . . . . . . . . . . . 76

6.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

7 Acoustic Assessment of Lithium-Ion Batteries: Unravelling Tempera-
ture and Charge Contributions 80
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
7.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

7.2.1 Materials and equipment . . . . . . . . . . . . . . . . . . . . . 84
7.2.2 Instrumentation . . . . . . . . . . . . . . . . . . . . . . . . . . 85
7.2.3 Thermal and charge cycling . . . . . . . . . . . . . . . . . . . 85
7.2.4 Data analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

7.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
7.3.1 Finding the acoustic influences . . . . . . . . . . . . . . . . . . 87

x



7.3.2 Relationship between time-of-flight and temperature . . . . . . 91
7.3.3 Sensitivity analysis . . . . . . . . . . . . . . . . . . . . . . . . 93

7.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

8 Acoustic Assessment of Lithium-Ion Batteries: Regression Modelling
of Li-ion Battery State-of-Charge and Temperature 97
8.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
8.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

8.2.1 LR vs GPR Training . . . . . . . . . . . . . . . . . . . . . . . 100
8.2.2 Initial Test Performance . . . . . . . . . . . . . . . . . . . . . 102
8.2.3 Testing Cycles . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
8.2.4 Training Cycle . . . . . . . . . . . . . . . . . . . . . . . . . . 106
8.2.5 Noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
8.2.6 Peak Formatting . . . . . . . . . . . . . . . . . . . . . . . . . 111

8.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
8.4 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

8.4.1 Battery Instrumentation . . . . . . . . . . . . . . . . . . . . . 115
8.4.2 Machine Learning . . . . . . . . . . . . . . . . . . . . . . . . . 116

A MSE of ultrasonic time-of-flight and temperature 120

References 121

xi



List of Figures

1.1 Ion Movement in a Li-ion Battery [2] . . . . . . . . . . . . . . . . . . 2
1.2 Market share of LIBs in 2021 [10]. . . . . . . . . . . . . . . . . . . . . 3
1.3 Expected EV growth based on differing scenarios [10]. . . . . . . . . . 4
1.4 Alice, first all-electric passenger plane to take flight [28]. . . . . . . . 4

2.1 Comparison of energy density to power density in various secondary
cell chemistries, reproduced from [34]. . . . . . . . . . . . . . . . . . . 8

2.2 Classification of state-of-charge estimation methods, adopted from [49]. 10
2.3 Modes of wave propagation [61]. . . . . . . . . . . . . . . . . . . . . . 12
2.4 Example of a two-layered body of different media, where a wave en-

counters an interface. At the interface, part of the wave is reflected
into the original medium and part is transmitted into the new medium.
The phase of the reflected signal is dependent on the polarity of the
reflection coefficient. The amplitude of the transmitted is dependent
on the absolute value of R. . . . . . . . . . . . . . . . . . . . . . . . . 15

2.5 Sketch of how acoustic signals travel through a multi-layered body
via the a) pulse-echo mode, b) pitch-catch mode and c) through-pulse
mode. The sketches show a single interaction at each interface, where
the signal is part transmitted and part reflected. However, this will
occur multiple times for a) and b), resulting in a complex signal of
multiple reflections. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.6 Example AScan from a pulse-echo ultrasonic setup. The first region of
interest is the initial signal generated by exciting the transducer, and
the second region is the received signal after propagating through the
cell and reflecting off the back wall [87]. . . . . . . . . . . . . . . . . . 19

3.1 AScan of 200 kHz pulse through a cell at fully charged and fully
discharged states. Recreated from [83]. . . . . . . . . . . . . . . . . . 22

xii



3.2 a) Graphical peak evolution throughout a charging test b) the correla-
tion plots of the charge states with amplitude and ToF [7]. . . . . . . 24

3.3 Comparison of ToF change of a single AScan peak from two cells during
aging testing. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.4 Generalised safe operating range of Li-ion cells, and events that occur
outside said range, recreated from [32]. . . . . . . . . . . . . . . . . . 29

3.5 (a) Rate of temperature change of LFP cells at different states-of-charge
within an ARC. Regions: I - first exothermic event (self-heating); II -
endothermic event (venting); III - second exothermic event (first peak
temperature rate); IV - third exothermic event (second peak temper-
ature rate). (b) Thermal map of (a) stating when a cell underwent
self-heating and entered thermal runaway at the tested states-of-charge.
Reproduced from [119]. . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.6 Heating rate compared to temperature of a (a) LMO cell and a (b)
LCO cell at various states-of-charge. Recreated from [125]. . . . . . . 32

3.7 Difference in ToF variation due to temperature effects, superimposed
on the voltage profile. Adapted from [174]. . . . . . . . . . . . . . . . 38

4.1 Baseline setup for all tests. . . . . . . . . . . . . . . . . . . . . . . . . 45
4.2 Example of instrumented battery with a thermocouple and a piezoelec-

tric transducer. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

6.1 a) A-Scan of Cell A, with the window around peaks Short A and Long A
shown with dashed lines. The green and purple shaded areas highlight
the first and second sets of half and full reflections, respectively. the
blue shaded area shows the initial pulse and the associated attenuation.
b) TOF of peak Long A using peak tracking. The colour of b) represents
to amplitude of the peak capture area. The red lines in b) highlights
the peak in the range; the greatest value within the peak capture area. 65

6.2 Change in a) capacity, b) voltage, c) current, d) temperature, e) time-
of-flight over four cycles and f signal amplitude. The amplitude and
time-of-flight are from peak Short A. A cyclical response from the
acoustic signal and the temperature can be seen that correlates with
the charge cycles of the cell. . . . . . . . . . . . . . . . . . . . . . . . 66

6.3 a) An A-Scan of one of the tested cells at full charge (blue) and full
discharge (orange). The A-Scan section in the red circle is shown in b)
to isolate the first two reflections. . . . . . . . . . . . . . . . . . . . . 68

xiii



6.4 Change in temperature of a) cell A and b) cell B at 0% SOC (dotted
line) and 100% SOC (solid line) against the SOH drop. . . . . . . . . 69

6.5 The ICA of cell A during a) charge and b) discharge. The ICA of cell B
is represented in c) and d). All plots show a trend to a higher voltage
as the cell ages. e) shows how the ICA of an NMC/graphite cell will
change when influenced by different degradation methods. deNMC =
delithiated cathode; liNMC = lithiated cathode; deGIC = delithiated
anode; liGIC = lithiated anode. Image adapted from [222], licensed
under CC BY 4.0. Modifications were made to only include graphs
related to LLI and LAM changes. . . . . . . . . . . . . . . . . . . . . 71

6.6 Comparison of (a) Short A, (b) Long A, (c) Short B and (d) Long B
over 100 cycles. The green dots represent a SOC of 100% and the red
dots represent a SOC of 0%. The hue of the dots represents the cycle
number: the hue darkens as the cycle number increases. It should be
noted the y-axis for a) is much larger than for the other figures to allow
for readability. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

6.7 R2 plots for a) Short A, b) Long A, c) Short B and d) Long B. The
shorter peaks showed a stronger correlation with SOH compared to
their longer counterparts. . . . . . . . . . . . . . . . . . . . . . . . . . 75

6.8 Matching peaks and valleys between the SOH estimation and TOF of
Short A (a), Long A (b), Short B (c) and Long B (d). The time lag
for the four peaks are also presented to highlight the sensitivity of the
TOF to SOH changes. . . . . . . . . . . . . . . . . . . . . . . . . . . 77

7.1 Visualisation of the charge and thermal cycling scheme. . . . . . . . . 86
7.2 a) Schematic of ultrasonic monitoring setup for a LIB. b) The first three

identifiable groups of acoustic reflections are highlighted. c) 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. . . . . 88

7.3 a) and c) TOF profile and subsequent change in TOF of selected peak
the from the first reflection of Cell 1. e) presents the change in TOF of
the peak from 25 °C as this is the temperature all SOC follow a similar
trend. g) shows the gradient of the TOF changes across the SOC. b),
d), f), and h) show the same for a random peak in Cell 2. f) shows
from 20 °C for the same reasons as given for e). . . . . . . . . . . . . 90

xiv



7.4 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. . . . . . . . . . . . . . . . . . 92

7.5 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. . . . . . . . . . . 95

8.1 Training results from 20-fold cross-validation showing: a) LR SOC
estimation, b) LR temperature estimation, c) GPR SOC estimation,
and d) GPR temperature estimation. . . . . . . . . . . . . . . . . . . 101

8.2 Performance of LR when estimating a test charge cycle. . . . . . . . . 103
8.3 Performance of GPR when estimating a test charge cycle. . . . . . . . 104
8.4 Performance of the LR model over multiple, independent testing charge

cycles for SOC (a, b, c) and temperature (d, e, f). . . . . . . . . . . . 105
8.5 Performance of the LR model over one and two training cycles for SOC

(a, b, c) and temperature (d, e, f). . . . . . . . . . . . . . . . . . . . . 107
8.6 Comparison of Gaussian noise levels on the estimation performance of

a) SOC and b) temperature. . . . . . . . . . . . . . . . . . . . . . . . 109
8.7 Noise level comparisons of the parity plots of the a) SOC and c) tem-

perature, and residual plots of the b) SOC and) temperature. . . . . . 111
8.8 Comparison of peak formatting methods on the estimation performance

of a) SOC and b) temperature. . . . . . . . . . . . . . . . . . . . . . 112
8.9 Comparison of the peak formatting using parity plots of the a) SOC

and c) temperature, and residual plots of the b) SOC and d) temperature.114

A.1 The mean square error (MSE) for all SOCs for a) Cell 1, b) Cell 2, and
c) Cell 3. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

xv



List of Tables

2.1 Benefits and drawbacks of the established state-of-charge estimation
methods, reproduced from [51]. . . . . . . . . . . . . . . . . . . . . . 11

3.1 Table of SOC diagnosis using ultrasound. . . . . . . . . . . . . . . . . 25
3.2 Table of SOH diagnosis using ultrasound. . . . . . . . . . . . . . . . . 27
3.3 Summary of the events during thermal runaway and their respective

onset temperatures. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.4 Reaction properties of different cathode materials [135]. . . . . . . . . 30
3.5 TNT equivalent per individual 18650 type cells at thermal runaway [136]. 30
3.6 Evaluation of different sensors based on three criteria. Signal clarity

describes how close the detection signal comes to a step function and
how easy it is to evaluate it, whereas sensor feasibility evaluates how
easy the sensor can be deployed. Reproduced from [169]. . . . . . . . 35

3.7 Summary of experiments and the respective response time for the
warning and E-stop compared to the failure time, reproduced from [175]. 38

3.8 Compilation of Published Ultrasonic Detection Work. . . . . . . . . . 39

6.1 Charge cycle parameters. . . . . . . . . . . . . . . . . . . . . . . . . . 63
6.2 Summary of capacity and TOF changes, along with correlations, for

both cells and selected peaks. . . . . . . . . . . . . . . . . . . . . . . 75
6.3 Time lag location and strength for each peak. . . . . . . . . . . . . . 78

7.1 Papers Addressing Temperature and TOF in LIBs. . . . . . . . . . . 84
7.2 Cell and Test Design Parameters. . . . . . . . . . . . . . . . . . . . . 87

8.1 Overview of All Combinations of Variables . . . . . . . . . . . . . . . 100
8.2 Model training statistics. . . . . . . . . . . . . . . . . . . . . . . . . . 101
8.3 Training cycle statistics. . . . . . . . . . . . . . . . . . . . . . . . . . 107
8.4 Gaussian noise statistics. . . . . . . . . . . . . . . . . . . . . . . . . . 110
8.5 Peak format statistics. . . . . . . . . . . . . . . . . . . . . . . . . . . 113

xvi



Chapter 1

Introduction



In this chapter, lithium-ion batteries (LIBs) are introduced and evidence of the
increased rate of adoption is provided. Attention is paid to the limitations and
challenges associated with the safe usage of LIBs, and utilised methods to combat
these are presented. The scope of the work is introduced.

1.1 The Expanded Use and Complexities of Lithium-
Ion Batteries

A LIB is a type of secondary, or rechargeable, battery that uses the reversible in-
tercalation of Li+ ions, known as lithiation and delithiation (Figure 1.1). The ions
travel between, and lithiate into a positive electrode (cathode) and negative electrode
(anode) via an electrolyte during operation. When charging, the ions delithiate from
the cathode and lithiate in the anode, and the reverse occurs during discharge. Anodes
are commonly made of graphite whilst cathodes consist of lithium-metal-oxides. The
electrolyte is a lithium salt in an organic solvent [1].

Figure 1.1: Ion Movement in a Li-ion Battery [2]

Within the last few decades, LIBs have seen a surge in popularity and application
from personal electronics to the electric vehicle (EV) market and large scale energy
storage [3–5]. With this increase in demand, investment in the LIB sector is expected
to grow by 22% by 2030. The growth is driven, in part, by their high energy density,
long cycle life, low self discharge and high power output making them an ideal energy
storage device for electrical applications [6, 7].

However, there are several limitations that are associated with LIBs, including:
capacity fade; current collector degradation; gas evolution and thermal runaway
(TR) [8]. These limitations can damage the cells by: reducing available lithium or
electrode; creating internal stress; causing short circuiting; and potentially leading the
cell to catch fire or explode. Even optimal usage still results in a finite lifespan (limited
charge/discharge cycles). This leads to a need for more sophisticated diagnostic
systems to monitor the health and charge levels of LIBs.

There has been a growing rise in LIB sales worldwide. As of 2021, the global
lithium-ion market size was $41.9 billion, and estimated to grow to $182.53 billion
by 2030 [9]. Consumer electronics accounted for over 40% of the LIB market share,
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with automotive applications accounting for approximately a third [10], see Figure 1.2,
with rapid growth expected by the end of the decade. For example, on 19th August
2023, Tata Motors announced a plan to build a £4 billion 40 GWh battery factory
in Somerset. The batteries will be manufactured for car manufactures, starting with
Jaguar Land Rover in 2026 [11].

Figure 1.2: Market share of LIBs in 2021 [10].

EVs have an efficiency between 59% to 90% from grid to wheel compared to internal
combustion engines at 12-30% from energy stored in the gasoline to wheels [12]. EVs
also emit no exhaust pollutants, though the power plant producing the electricity
may generate emissions if not renewable-based. This is important as exposure to
air pollutants is the fifth leading risk factor of death in the world [13]. If the power
plants utilise renewable energy, the transportation sector will be more environmentally
friendly [14]. However, in order to meet 2050 Net Zero Emissions targets, the rate of
growth of EV sales needs to be greater than current policies [9]. See Figure 1.3 for
the expected growth of EVs between 2021 and 2030 based on global policies and what
is required to reach Net Zero targets.

As the demand for LIBs grow, so too does the requirement to ensure and facilitate
safe and efficient battery operation. This is highlighted by the significant number
of LIB recalls as a result of explosion or fire damage, which serves to damage the
reputation of LIBs [15]. LIB safety is affected by a number of factors: the battery
chemistry [16]; operating environment; and abuse tolerance [17]. Abuse is what causes
a cell to undergo TR, and can result in the fires and explosions causing the recalls.
Battery abuse can be divided into three categories: i) mechanical abuse; ii) thermal
abuse and; iii) electrical abuse [18–20]. Thermal abuse is the overheating of a cell,
either from external factors or internal heat generation. Electrical abuse is due to
short-circuiting, over-charging or over-discharging in the battery. Mechanical abuse is
the deformation of the battery due to external forces; this could be caused by piercing
or crushing the battery, causing a short circuit within the battery.

As a result of these risks, a battery management system (BMS) is implemented to
control battery usage. This is done by monitoring various aspects of the battery, such
as the state-of-charge (SOC) or state-of-health (SOH), and adjusting the outputs of
individual cells in order to prolong life and safety. However, there are major challenges
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Figure 1.3: Expected EV growth based on differing scenarios [10].

monitoring a cell, as it is a closed electrochemical system. These challenges are
highlighted by the readily available comments and articles discussing experiences of
inconvenience and annoyance by consumers about their devices using LIBs - specifically
the inaccurate estimations of battery charge and health [21–25].

As a result, development of accurate and reliable BMSs continue to be a focus [26].
These monitoring systems will become more important as EVs become more prominent
and aerospace moves to battery power. This transition has already begun with Alice
(see Figure 1.4), the first all-electric passenger plane having completed a flight of 8
minutes at 3500 ft ( 1.06 km) [27].

Figure 1.4: Alice, first all-electric passenger plane to take flight [28].
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A recently proposed method of monitoring LIBs is ultrasonic monitoring. Ul-
trasound has been used as a non-destructive technique since the 1960s [29]. High
frequency sound waves travel through a material at a velocity that is determined by
the material properties. When the wave reaches an interface between two materials,
such as steel-oil or steel-air, the wave splits. One part of the wave is reflected back
into the original material, and another part is transmitted into the new material. The
ratio of the reflected wave and the original is determined by the difference in the
material properties.

This reduction in signal amplitude can be exploited to detect sub-surface parameters
or defects, such as oil film measurements in journal bearings [30] and sub-surface
cracks [31]. Another aspect of the wave that changes between materials is the time-of-
flight (TOF). A wave might travel slower in one material compared to another due to
the difference in material properties. This is the main variable exploited in this work,
as it can take advantage of the movement of lithium-ions within the cell during charge
and discharge, and the subsequent change in material properties in the electrodes that
can then be related to the SOC and SOH.

In a 2 Ah cell, the amount of lithium that moves between layers during operation
is 0.5 g. The movement causes changes in the cross sectional density distribution
and elasticity of the active electrodes. Ultrasonic waves are able to detect these
changes, allowing for real-time measurements of internal changes in the cell in-situ in
a non-destructive manner. The mechanism of ultrasound is further explored in Section
2.2, and the development of the technique for lithium-ion monitoring is discussed in
Section 3.1.

With the research still within its infancy, and focussing on SOC monitoring, the
influence of temperature has been mostly disregarded. SOH monitoring has also
received some interest, though this is not to the same extent and is not as agreed on.
This thesis is focussed on addressing the lack of attention temperature has received,
whilst also furthering understanding of ultrasonic-based SOH inspection.

1.2 Aims and Objectives
The aim of this project was to investigate and characterise the effects of temperature,
charge and degradation on the ultrasonic measurements of lithium-ion batteries. This
was to improve the accuracy of state-of-health and state-of-charge estimations for
battery management systems. The objectives for this work can be summarised into
three parts:

1. Artificial ageing testing. Adapt the ultrasonic method to detect drop in
capacity in cells undergoing continuous charge and discharge cycling. Compare
ultrasonic results with information from different battery parameters: voltage;
current; charge; temperature. Assess ultrasonic hysteresis during degradation.

2. Decoupling of charge and temperature effects. Investigate the effects of
temperature and state-of-charge on ultrasonic behaviour. Decouple the ultrasonic
signal to isolate charge effects and temperature effects.
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3. Statistical ultrasonic estimation of charge and temperature. Train
machine learning models to estimate the temperature and state-of-charge of a
LIB during standard cycling operation using the ultrasonic response.

1.3 Thesis Layout
The layout of this thesis is as follows:

Chapter 2 provides background knowledge to the main concepts - batteries
and ultrasound. Battery operation is described, discussing the working mechanics
of material transportation during operation, as this is the process that allows for
ultrasonic monitoring. The ultrasound section explains the concepts presented in this
work. Sensor options and bonding methods are briefly described.

Chapter 3 presents a literature review which is split into three sections. Firstly,
a comprehensive review of ultrasonic monitoring of lithium-ion batteries, covering the
history and scope of the field. Secondly, a thorough review of abuse monitoring of
lithium-ion batteries, exploring the behaviour of batteries when heated, overcharged or
mechanically damaged. Thirdly, a look into the ultrasonic monitoring of lithium-ion
batteries during abuse condition testing, covering the potential scope and opportunities
of this new area of research.

Chapter 4 provides an introduction to each publication in this work, presenting
the publication information so that the contribution from each co-author is clearly
stated. All the publications presented in this thesis focus on the application of
ultrasonic monitoring of LIBs.

Chapter 5 concludes the thesis with a summary of the research, solidifying the
importance of the research before describing the future work this thesis has led to.

Chapter 6 to Chapter 8 present each publication in full.
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Chapter 2

Background



In this chapter the two main aspects of this work are described. Firstly, Section
2.1 introduces batteries, specifically battery operation and the mechanics of their
operation. Safe operating conditions for battery operation are presented, looking at
what factors are monitored to prevent unsafe operation. Battery management systems
are introduced, with a focus on the SOC estimation methods. Section 2.2 defines the
theory of ultrasonic waves and how they travel through a medium, with a focus on multi
media boundary layer interactions. Concepts such as frequency, reflection coefficient
and how these relate to wave propagation are discussed. Transducer instrumentation
arrangements are outlined.

2.1 Batteries

2.1.1 Li-ion Battery Operation

LIBs are primarily used due to their high energy density, high power density and
long cycle life compared to other common battery types [32, 33]. A comparison of
the energy density to power density of various secondary cell chemistries is shown in
Figure 2.1, where the lithium type batteries have the highest gravimetric (Wh/kg)
and volumetric (Wh/m3) energy densities of the shown battery material types.

Figure 2.1: Comparison of energy density to power density in various secondary cell
chemistries, reproduced from [34].

There are various cathode materials that LIBs can utilise such as NMC (lithium-
nickel-manganese-cobalt-oxide), NCA (lithium-nickel-cobalt-aluminium-oxide), and
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LFP (lithium-iron-phosphate). LIBs can also have different electrolytes, material
structures and cell construction [35]. The combinations of these materials affect
various battery properties, such as energy density, life cycle, specific power, and safety.

One major restriction with LIBs is the small range for safe operation - for both
voltage and temperature - restricting use in more variable climates and work conditions.
For voltage, the safe operating range is between 1.5 - 4.2V, depending on the cathode
material. The safe operating temperatures can range from 0 to 45°C and from -20
to 55°C when charging and discharging, respectively [32]. When the battery reaches
a temperature of 90°C, the solid electrolyte interface (SEI) begins to break down.
The SEI has two important roles: i) protection against graphite co-intercalating with
electrolyte solvent molecules and; ii) prevention of Li-ions consumption [36]. At higher
temperatures, the SEI film is unable to prevent lithiated anode-electrolyte reactions,
generating gases [37].

There are multiple reasons for the complexity in estimating the SOC: the maximum
possible capacity, Qmax, decreasing throughout the lifespan of the battery; the capacity
being affected by the ambient temperature and age of the battery [38]; and the
requirements of parameters such as the initial SOC and impedance [39]. BMS based
on different theories have been developed to monitor and calculate the SOC of a
LIB. The use of different methods, within the limitations of available knowledge and
hardware, aim to combat the above difficulties. The structure of BMSs are discussed
in the following section.

2.1.2 Battery Abuse

Battery abuse can be categorised into three main groups: mechanical abuse, electrical
abuse and thermal abuse [37, 40]. Along with latent defects inside the battery such as
burrs, material impurities and electrode deflection [41], these abuse mechanics can
lead to TR, resulting in battery failure, smoke off-gassing, and fire or explosion [42]. In
order to reduce the risk of TR, the SOC of a cell is monitored; preventing the cell from
over- or under-charging thus reducing the risk of electrical abuse. The SOC is defined
as the percentage of the maximum possible charge remaining in the battery [43] where
100% SOC is fully charged and 0% is fully discharged. Although this definition is
straightforward, calculating the SOC is complex.

Over-charging can cause lithium dendrite formation and growth [44], which can
pierce the separator. This can lead to the battery short-circuiting, causing a positive
feedback loop in temperature increase leading to TR. At lower temperatures, the
cathode can undergo short circuiting. When the minimum voltage drops below 1.5V,
when the first derivative of the voltage is 0, the copper in the current collector foil
begins to oxidise followed by the dissolution of the copper after the cathode breaks
down [45]. The dissolution can lead to capacity loss, as well as the deposition of the
copper on the anode, cathode and cathode-facing separator surfaces. [46,47].
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2.1.3 Battery Management Systems

A BMS is a system that monitors the states and parameters of the battery pack, which
include cell voltage, current, temperature; as well as calculate the SOC and SOH of
the pack [48]. The BMS uses these parameters as inputs to determine, amongst other
operational criteria, when to limit (dis)charging and to shut down operation of the
battery to prevent it being damaged or undergoing TR.

According to How et al. [49], there are two established categories and three relatively
new categories for classifying SOC estimation methods, as shown in Figure 2.2. The
two established methods are: model-based estimation using electrical data, chemical
data or a combination of those properties for individual batteries, based on the porous
electrode theory [50] and; data-driven estimation measuring the change in battery
parameters. The three new categories are: lookup table estimation which exploits
the direct mapping relationship between SOC and external characteristics, such as
open-circuit voltage; coulomb counting estimation that measures and integrates the
discharging current over time; and a hybrid method using a combination of usually
two or three algorithms.

Figure 2.2: Classification of state-of-charge estimation methods, adopted from [49].

There are other ways of classifying BMS estimation methods. One such classifica-
tion, defined by Berecibar et al., employs two categories: experimental techniques and
adaptive models [51], as shown in Table 2.1. Experimental techniques compare cycling
data history of an active battery to that of previous batteries, to extract SOH estima-
tions. This is limited by cell chemistry, design and operating conditions, reducing the
transferability of the knowledge across multiple batteries. This approach also requires
an understanding of the relation between degradation and operation, obtained by
evaluation of large data sets or physical analysis of the cell. These arguments form
the basis of the author’s determination that experimental methods are not suitable
for in-situ estimation. For example, when using Coulomb counting, an accurate initial
SOC is needed and it is vulnerable to estimation accumulation. The open-circuit
voltage (OCV) estimation method requires the battery to be disconnected from any
load and rested long enough for the battery to have relaxed from the load [52]. This
is less of an issue for batteries that are not under constant use, such as EVs which are
used for a few hours per day and are later charged within some hours [53].
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Table 2.1: Benefits and drawbacks of the established state-of-charge estimation
methods, reproduced from [51].

Experimental Techniques Adaptive Methods

Based on Storing the lifetime data and
the use of the previous knowl-
edge of the operation perfor-
mance of the cell/battery.

Calculation of the parameters,
which are sensitive to the degra-
dation in a cell/battery.

Advantages
1. Low computational effort 1. High accuracy

2. Possible implementation in
a BMS

2. Possible to be used as in-situ
estimation

Disadvantages
1. Low accuracy 1. High computational effort

2. Not suited for in-situ estima-
tion

2. Difficult in BMSs implemen-
tation

Adaptive models can quantify degradation based on parameters that are affected
by said degradation. The parameters must be measurable or should be examined
in the cell throughout the cell operation. This reduces the number of tests required
to accurately monitor the cell, as well as allow greater adaptability across different
cell chemistries and form factors [32]. There exists a trade-off between accuracy and
computational power. The most accurate methods for experimental techniques are
impedance measurement and sample entropy. However coulomb counting and the
probabilistic methods are the most common due to their simplicity.

Many BMS estimation methods have an estimation error in the range of >1% -
12%, with the most common being reported between 5% - 10%. There are some simple
methods that can provide accurate results such as Coulomb counting [54] and open
circuit voltage (OCV) methods [55]. However, these low error ranges are obtained if the
battery is in a stable state and with a low variance of battery parameters. For accurate
measurements in unstable states, more complex methods are required [56] Some
complex models include: Kalman filtering [57]; particle filtering [58]; and Gaussian
process functional regression [59].

Sophisticated estimation methods have been recently developed using neural
networks, due to the limited improvement provided by simple BMSs. Multiple safety
incidents in LIBs have occurred when simple BMSs have been used, and the lifespan
of a battery pack is noticeably less than an individual cell [60]. More sophisticated
BMSs provide better protection against over-charge and over-discharge, improving
lifespan and safe usage of batteries.
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2.2 Ultrasound
Sound is an pressure – or acoustic – wave that travels through a medium. Ultrasound
is defined as a sound wave with a frequency above human hearing, generally regarded
as above 20 kHz [61]. Ultrasound waves are non-invasive and non-destructive. The
waves travel through a medium with minor, non-permanent changes on a particle
level without the need for instrumentation inside a body, allowing for in-situ and
in-operando monitoring. The propagation of ultrasound is dependent on the medium it
is travelling through. Solids can support the propagation of longitudinal (pressure) and
shear (elastic) waves, whilst fluids - liquids and gases - can only support longitudinal
waves as they lack shear strength. Figure 2.3 illustrates these wave propagation modes.

(a) Longitudinal

(b) Shear

Figure 2.3: Modes of wave propagation [61].

2.2.1 Ultrasonic Wave Properties

A sound wave has three properties: wavelength, frequency and amplitude. Frequency
describes the number of oscillations per second of a wave and is measured in Hertz
(Hz). Wavelength describes the distance between two points on a wave that are in
the same state, such as two peaks or two valleys, and is measured in metres (m).
Amplitude describes the pressure or displacement caused by the acoustic wave, and
can be measured in Pascals (Pa) or metres (m), depending on the wave type. When
measured using piezoelectric transducers, the amplitude is usually measured in volts
(V) as a proxy. Frequency and wavelength are inversely proportional, and are defined
in Equation 2.1.
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c = f� (2.1)

where - c = speed of sound of a medium (m s-1), - f = frequency (Hz), - � is
the wavelength (µm). The wave speed is dependent on the material properties of
the host medium; it is determined by the elastic forces between the particles. The
wave will travel at different speeds in different media. The longitudinal wave speed
through a solid and fluid (liquid or gas) can be calculated using Equations 2.2 and
2.3, respectively:

cl =

s
K + 4

3
G

�
(2.2)

cl =

s
K

�
(2.3)

whilst the the shear wave speed through a solid can be calculated using:

cs =

s
G

�
(2.4)

where - B = Bulk modulus (GPa), - � = Density (kg m-3) - G = Shear modulus
(GPa). A fluid cannot host a shear wave as fluids do not exhibit shear strength. If the
speed of sound through a material is known, the thickness of a material or the depth
of a discontinuity in a material can be calculated based on the relationship between
distance, speed and time. This is known as the time-of-flight (ToF) method, which is
the basis of multiple ultrasonic measurement gauges available on the market.

Temperature is also known to influence the speed of sound through a medium. In
metals such as steel, a higher temperature will cause the speed of sound to decrease,
resulting in a longer TOF for both shear and longitudinal waves. This was due
to a decrease in the bulk and shear modulus of steel as a result of the increase in
temperature [62]. The density will also decrease due to thermal expansion of steel [63].
This behaviour is not universal across media. In water at atmospheric pressure,
the speed of sound increases between 0 °C and 100 °C [64]. This is a result of B
increasing with temperature [65]. The speed of sound also increases with an increase in
pressure. Similarly to steel, the density of water also sees a decrease with an increase
in temperature [64]. Interestingly, when frozen as ice, the speed of sound decreases as
temperature increases [66]. This is due to a decrease in bulk modulus [67] and shear
modulus [68] as temperature increases. Density also slightly decreases as temperature
increases [69].

2.2.2 Attenuation and Reflections

Ultrasonic testing is a well established method of monitoring solid bodies through the
use of high-frequency sound waves, and is very sensitive to surface and subsurface
discontinuities. Sound is a vibration that propagates as an acoustic wave through a host
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medium. When travelling through a medium, the wave amplitude - the displacement
of the particles in the host medium caused by the acoustic wave - decreases which is
called attenuation. Attenuation is the reduction in magnitude of acoustic energy as a
wave travels through a medium, and has consists of multiple processes: absorption;
scattering and refraction. For a homogeneous, one-dimensional medium, attenuation
defined in Equation 2.5:

Attenuation = �lf (2.5)

where l is the length of the material (m) and � is the attenuation coefficient
(dB cm-1 Hz-1). Attenuation therefore increases with signal frequency, as well as
the travel path and the attenuation coefficient of the medium. As such, for longer
samples, a lower frequency signal is preferred. Lower frequencies are also preferred for
multi-layered samples, which is discussed later in this section.

The main mechanisms of attenuation are absorption, scattering, and refraction.
Absorption is the conversion of acoustic energy into thermal energy within a medium
[70]. For a single medium, scattering occurs as materials are not ideal, resulting
in discontinuities; micro-cracks in the material and variance in grain sizes. These
discontinuities introduce boundaries that cause reflections of the wave due to differences
in acoustic impedances in the material. The proportion of the wave that is scattered
within a single medium is determined by the wavelength of the signal, grain size and
anisotropy [71–73].

Scattering can also occur between two media, such as a crack in a steel block or
an iron plate in contact with a copper plate. It does not matter if the media are
ideal or not. This form of scattering involves the reflection back into the original
medium or the transmission (absorption) into the new medium. The difference in
acoustic impedances between the two media determines the ratio of the wave that is
reflected to transmitted. An example of this is presented in Figure 2.4. This allows
for real-time monitoring of material properties, flaw detection and evaluation, and
changes in material dimensions [61].

Refraction occurs when the acoustic wave approaches an interface between two
differing media. The difference in material properties will cause the wave to change
when it reaches the new medium. This change in acoustic velocity causes the wave to
’bend’ [72].

The acoustic impedance z (Pa s m-3) of a material is the ratio of acoustic pressure
within a medium to the velocity of the particles. It is defined as the product of the
material density and the sound wave velocity:

z = �c (2.6)

When an ultrasonic wave reaches an interface between two media, some of the
wave is reflected and part is transmitted into the new medium. The proportion of
the wave reflected at the interface is called the reflection coefficient, R. The reflection
coefficient is defined using the acoustic impedances of the two materials, given in
Equation 2.7:
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Figure 2.4: Example of a two-layered body of different media, where a wave encounters
an interface. At the interface, part of the wave is reflected into the original medium
and part is transmitted into the new medium. The phase of the reflected signal is
dependent on the polarity of the reflection coefficient. The amplitude of the transmitted
is dependent on the absolute value of R.

R =
z2 � z1

z2 + z1

(2.7)

where z1 and z2 are the acoustic impedances of the primary and secondary material
[74]. As Equation 2.7 shows, the materials with similar acoustic impedances will
transmit a larger proportion of the wave compared to materials that have differing
acoustic impedances, such as air and steel.

The difference in acoustic impedances also affects the phase of the reflected signal.
If R is positive, corresponding to z2 > z1, the reflected wave remains in phase with the
incident wave. If R is negative, corresponding to z2 < z1, the reflected wave undergoes
a phase inversion of � relative to the incident wave [75]. This behaviour is illustrated
in Figure 2.4 where the orange waveform represents a positive R reflected wave, and
the green represents a negative R reflected wave. The amplitude of the reflected and
transmitted signal is also dependent on R; a larger absolute value of R, the greater
the reflected amplitude will be, and a corresponding reduction in the transmitted
amplitude.

2.2.3 Near and Far Fields

From an ideal point source of acoustic energy, the wave will propagate equally in
all directions in a spherical wave front [76]. When generated from a transducer,
an ultrasonic wave will propagate from the entire active face. The resultant wave
interference will cause signal amplitude fluctuations because of constructive and
destructive interference from the multiple generated waves. As the wave propagates,
the wave will stabilise. The travel path before this stabilisation is called the near field
distance, and data taken within this distance can be problematic [72]. The near field
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can be calculated from Equation 2.8.

N =
kD2f

4c
(2.8)

where D is the diameter of the transducer, f is the frequency, c is the speed of
sound, and k is the aspect ratio constant for use with non-circular elements [61]. The
distance after the near field is called the far field.

2.2.4 Pulsing and Wave Paths

A sound wave can be produced by a piezoelectric transducer, which generates ultrasonic
waves - when subjected to an electrical current - and injects them into the sample.
This is a common method of wave generation for ultrasonic testing. There are two
main inspection modes for ultrasonic testing: pulse-echo and pitch-catch [77,78].

The pulse-echo mode is a one transducer setup in which the transducer emits and
receives the ultrasonic signal in order to investigate the reflections from discontinuities
or boundaries. The pitch-catch mode is a multi-transducer setup in which two
transducers are mounted on the material. One transducer acts as the emitter, whilst
the other acts as the receiver. The transducers are usually placed on the same face.
To ensure the receiving sensor detects the wave, the pulse is emitted at an angle.
The transducers can also be located directly opposite one another, referred to as the
through-pulse mode. This setup is useful for cylindrical pipes as it increases confidence
of discontinuity detection, as the wave has travelled through the pipe’s diameter. See
Figure 2.5 for a visualisation of the three modes. Such modes can be used for SOC
and SOH monitoring in LIBs, as the movement of Li-ions will change the material
properties of the electrodes, thereby changing the acoustic signal. This is further
explored in Section 2.2.5.

2.2.5 Ultrasonic Setup and Battery Hardware

Ultrasonic monitoring of LIBs is a non-destructive method which allows for in-situ
testing. For the purpose of this thesis, the hardware required for ultrasonic testing
consists of a piezoelectric transducer either directly bonded to the cell or held in
contact with the cell in a casing, which is called a contact probe. If bonded directly, a
thin layer of adhesive is used to secure the transducer to the cell. If within a housing,
a thin layer of ultrasonic gel is applied between the cell surface and the transducer
in order to improve the coupling between the transducer and cell [79]. Common
transducers include piezoelectric ceramic transducers and capacitive micro-machined
ultrasonic transducers.

As stated in Section 2.2.4, the most common modes are pitch-catch and pulse-echo.
This is performed with either a contact probe, or with directly bonded piezoelectric
elements. These are usually used to monitor changes in the SOC during non-abusive
cycling, as well as cell degradation during both abusive and non-abusive cycling. Other
arrangements have been used to monitor LIBs, such as an air coupled setup [80]. Air
coupled methods involve a through-pulse mode where the elements are not in contact
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(a) Pulse-echo.

(b) Pitch-catch.

(c) Through-pulse.

Figure 2.5: Sketch of how acoustic signals travel through a multi-layered body via the
a) pulse-echo mode, b) pitch-catch mode and c) through-pulse mode. The sketches
show a single interaction at each interface, where the signal is part transmitted and
part reflected. However, this will occur multiple times for a) and b), resulting in a
complex signal of multiple reflections.
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with the sample; the wave will propagate through the air before and after propagating
through the cell.

In literature there has been a range of frequencies tested, from 200kHz to 5MHz;
laboratory use-cases tend to higher frequencies and closer-to-application uses tend
to lower frequencies [81–85]. The frequency of the wave is limited by the sampling
frequency of the data acquisition system and the penetration depth of the acoustic
wave [86], where the resolution refers to the timing between the discrete measurements
used to describe the reflection signals. For example, a resolution of 12.8ns for a
measurement of 6µs, will result in 495 discrete measurements.

The penetration refers to how deep into the sample the ultrasonic wave can
propagate before it fully attenuates. At each medium interface, part of the wave is
reflected, part is transmitted and part is absorbed. The frequency has an effect on
the penetration depth of a wave; a higher frequency will have a higher sensitivity
compared to lower frequencies sensitivity, but also attenuate at a faster rate, reducing
the depth of penetration. Finding a compromise between sensitivity and penetration
is important to gain the most information from the test whilst having adequate depth
of penetration. The information is collected from an amplitude scan (Ascan). An
AScan shows the change in amplitude of the signal over time. A high amplitude signal
relates to a strong reflection, and a low amplitude signal relates to a weak reflection.

If a pulse-echo mode is used, the AScan will consist of the generated pulse and the
reflections, as shown in Figure 2.6. The peaks between the generated pulse and the
first reflection is due to ringing from the generated pulse. A pitch-catch or through-
pulse will not have the generated pulse visible in the AScan. A reflection refers to
the acoustic energy exciting the receiving transducer. The number of peaks do not
correlate to the number of layers; a peak is not representative of a single layer, but
the culmination of many reflections from within the cell, see Figure 2.5.

When utilising the through-pulse mode, the received signal ensures all active layers
of the battery have been monitored - the signal will not otherwise be received. A full
battery diagnosis and charge monitor of the battery is therefore possible. However,
a more complex system is required for operation. In contrast, the pulse-echo and
pitch-catch modes do not ensure full battery diagnosis, as the penetration depth of
the signal can not be confirmed. This could call into question the bias of the signal
between temperature and charge [7]. The number of peaks do not correlate to the
number of layers; a peak is not representative of a single layer, but the culmination of
many reflections from within the cell, see Figure 2.5.
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Figure 2.6: Example AScan from a pulse-echo ultrasonic setup. The first region of
interest is the initial signal generated by exciting the transducer, and the second region
is the received signal after propagating through the cell and reflecting off the back
wall [87].

2.3 Conclusions
• The speed of sound in a medium is dependent on the medium’s material properties.

For a constant speed of sound through a medium, a higher frequency wave results
in a shorter wavelength.

• A boundary layer occurs when two adjacent layers have differing material
properties. When an acoustic wave interacts with a boundary layer, the wave
splits. Part of the wave is transmitted into the new medium and part is reflected
back into the original medium. An increase of number of boundary layers can
complicate the signal and reduce the signal amplitude.

• Lithium-ion cells can use different chemical setups for the cathode, which effect
the cell properties. Lithium-ion cells have a safe operating window for temper-
ature and voltage. Outside of this window, the cell can undergo degradation.
Cells can undergo thermal runaway if abused mechanically, chemically and/or
thermally.

• There are various methods for monitoring lithium-ion cells via battery-
management systems. These methods monitor external variables such as voltage,
current and temperature. Some of these methods are experimental in nature
and others are model-based.
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Chapter 3

Literature Review



The aim of this chapter is to review current literature on ultrasonic monitoring of
LIBs, discuss the advantages and flaws of current techniques and make recommen-
dations to enable the practical application of LIB monitoring. To do so, the chapter
is split into three sections. Section 3.1 focuses on the current use of ultrasonic for
SOC and SOH and its applicability to the detection of thermal runaway; section 3.2
focuses abuse mechanisms of thermal runaway in LIBs and how the chemistry and
charge and charge rate have an effect; and Section 3.3 takes a look at the application
of ultrasonic to monitor abuse conditions of LIBs. Section 3.4 compiles the references
used in this chapter, providing a brief summary of the experimental setup and results.
The chapter concludes with Section 3.5, outlining recommendations on what needs
to be addressed - and how to address these aspects - in order to improve viability of
ultrasonic monitoring of LIBs in practical applications.

3.1 Ultrasonic Monitoring of State-of-Charge and
State-of-Health in Li-ion Batteries

The SOC and the SOH can be measured by the change in voltage, charge, and
temperature of the cell as stated in Section 2.1.3. Voltage and charge data provide
electrochemical insight into the cell; however, it does not provide the greatest accuracy
for the SOC of the cell. The parameters used are measured outside the cell; they are
the outputs of the change in SOC. Temperature data provides limited insight into the
state of safety (SOS) of the cell, and therefore of the potential of thermal runaway [88].
Temperature does not provide SOC information by itself however.

US has been implemented to provide insight into the SOC and SOH of LIBs.
The SOC is measurable due to density and stiffness changes within the electrodes
due to lithium intercalation/deintercalation [89]. This results in a speed of sound
change in the electrodes, see Equation 2.3. The ToF will be affected by the change in
speed of sound, allowing the SOC to be monitored [82]. As this method is based on
internal changes to the cell, US can provide a different perspective to conventional
BMSs. Combining these methods could create a more complete view of the cell/pack
in question and improve the accuracy of the estimation.

Cell degradation is measurable due to the gas generation, electrode expansion,
residual stress development or electrode ruffling/delamination. As these modes appear
and progress, the cell will swell. This increases the distance the US wave must travel,
resulting in a change in ToF. The US wave will also attenuate at a greater rate in an
older battery as a result of these modes: gas will create more interfaces within the
cell that have high reflection coefficients; electrode ruffling/delamination leads to less
contact between the electrodes, reducing the transmissibility of the wave. These result
in a weaker signal [81].

3.1.1 SOC Monitoring

The method used to infer SOC in LIBs via US is based on the principle that the
movement of Li-ions during charge/discharge leads to a change in density, and in
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turn the acoustic impedance, of the electrodes. As described in Equation 2.7, the
proportion of the signal that is reflected will therefore vary during operation. The
distribution of Li-ions, along with the rate of change of the distribution, could provide
insight in to the SOH. The cell chemistry will not have an effect on the adaptability
of this method as the movement of the ions is integral to the operation of the cells.

The first paper showing the application of US ToF to monitor the SOC and SOH of
batteries was written by Hsieh et al. in 2015 [82]. In this paper, two 2.25 MHz sensors
were placed in a through-pulse setup. The cells were LiCoO2/graphite prismatic pouch
cells. Alongside this, the pulsing sensor listening for the response, in a pulse-echo
setup. It was found that the ToF peak shifts towards lower values and the signal
increased in intensity during charging. The opposite was true for discharging; the ToF
shift would tend towards higher values and the signal intensity would decrease.

Gold et al. [83] used US testing to validate the determination of SOC based
on volumetric expansion of the graphite. It was found that 200 kHz was the most
favourable and allowed for easy discrimination between charged and discharged states.
This difference can be seen in Figure 3.1. It was found that the second reflection
has a ToF shift of �30 µs between charged and discharged. The signal amplitude
demonstrated a relation to the SOC; the first reflection was largely unaffected by the
change in SOC, but the second reflection showed a linear reduction in amplitude of
14.08�0.61% as the cell was discharged. The authors concluded that the SOC can
be determined without a reference electrode. Therefore, the SOC of LIBs could be
estimated using the direct US method in real-use cases.

Figure 3.1: AScan of 200 kHz pulse through a cell at fully charged and fully discharged
states. Recreated from [83].

It was unknown from Gold’s research what dependencies the US signal had when
estimating the SOC. To address this, Popp et al. [90] investigated the effects of C-rate
and temperature on the measured ToF. They found that the C-rate produced uncer-
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tainties in the ToF measurements, with higher C-rates resulting in longer ToF and less
pronounced local minima. This behaviour was possibly influenced by inhomogeneity
in the Li-ion distribution in the electrodes [91]. Higher temperatures resulted in a
higher ToF, due to the decreased stiffness of the cell at higher temperature, and thus
a lower wave propagation speed. As expected, the ToF also varied with the SOC, as
at 25 °C, the change in ToF between charged and discharged was 10 �s.

The literature described used longitudinal US waves; there are multiple types of
US propagation types. One of these types is surface - or Rayleigh - waves, which was
investigated by Ladpli et al. [92]. It was found that they were able to estimate the
SOH and SOC with error less than 0.05% and 0.36%, respectively. Surface waves
differ from other US waves as they travel across the surface of a medium, rather than
penetrating into the medium. The penetration of surface waves is dependent on the
wavelength [93], thereby reducing the ability to monitor changes in the electrode layers
deeper within the cell.

A non-contact method was tested, where the 400 kHz sensors were situated 40 mm
from the cell, suspended in the air. The SOC estimation was possible even with the
low signal-to-noise ratio present in the test. A near linear relationship was also stated
to exist between the amplitudes of both the longitudinal wave and the SOC , which
aligns with other reports [80].

Copley et al. [7] studied the qualities in a signal passing through the different
layers of a LIB. A model was developed to understand the features and nature of the
US signal, and validated against a repeat experiment of Hsieh et al. [82]. The model
indicated that small changes to the electrode properties, such as density and elastic
modulus, could have a significant effect on the US signal. ToF shift had a stable
correlation with the charge state of the cell, whereas the amplitude was found to be
unstable. Figure 3.2 shows that the ToF correlation is consistent for both charge and
discharge, but the amplitude varies between the two states. Frequency was suspected
to have an effect on signal reliability; if the wave has weak penetrating power, then the
signal is dominated by layers close to the sensor and are susceptible to temperature
bias.

Multiple chemistries have been tested, including LCO and LFP [94]. LFP cells
were shown to have a lower SOC estimation error, of 1%, compared to LCO, of 2.3
to 3%, when using ToF and signal amplitude. This was an improvement over using
voltage measurements; LFP had an error of 6% and LCO had an error of 3%. This
suggests that the cathode chemistry has an effect of the reliability of US monitoring.
The authors did not provide a suggestion as to why there is a difference in accuracy.
A possible explanation for this could be the change in cathode mechanical properties
during battery operation. As defined in Equations 2.2 and 2.7, the bulk modulus, shear
modulus, and density of the cathodes will affect the speed of sound and attenuation of
the signal. A smaller change in elastic modulus will result in a smaller change in speed
of sound resulting in a smaller �ToF available to use for SOC estimation. Further
testing is required to determine this discrepancy.

Table 3.1 summarises the research and respective findings in this subsection.
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(a) (b)

Figure 3.2: a) Graphical peak evolution throughout a charging test b) the correlation
plots of the charge states with amplitude and ToF [7].

3.1.2 SOH Monitoring

Sood et al. [81] used two 5 MHz transducers in a pitch-catch mode and cycled the cells
to investigate signs of cell degradation. The ultrasonic response was used to monitor
swelling, electrode expansion, electrode ruffling, delamination and voiding within a LIB.
The LIB was put through numerous charge cycles, and a change in the AScan signal
was detected. The weakened signal was concluded to be from degradation, though
the cause of said degradation was not determined. The cause of the degradation was
suspected to be gas evolution, residual stress on the interfaces or electrode expansion.

Rather than looking at detecting degradation methods, Ladpli et al. [95] used
guided-wave-based US waves to monitor the change in ToF during artificial ageing
of LIBs using bonded piezoelectric transducers. The results, shown in Figure 3.3 a,
demonstrate a decrease in ToF as a battery ages. This contradicts the results found
by Wu et al. [96] (see Figure 3.3 b) where it was found that the deviation of the
increased ToF becomes more prominent as the cell ages. The cause of this increased
ToF is a result of the density changes of the electrodes, as the Li-ion content in each
electrode changes as the cell charges and discharges. A Spearman coefficient greater
than 0.94 was calculated showing a high correlation between ToF and SOH [96]. In
the over-charge test, Wu et al. found that the ToF increased sharply after some time
(2.8 hours). The authors suggested the over-charging caused internal gas generation,
which resulted in cell expansion.

Oca et al. [97] studied Li-ion capacitors abused by mild over- and under-charge.
The capacitors were rated to 2.2 - 3.8 V, with the mild under-charge/over-charge
defined as 2.0 V and 4.5 V, respectively. They found ToF can be used to detect
permanent changes that may not be seen from voltage alone. They state that ToF is
a good indicator of swelling, initiated during discharge over the first mild over-charge,
which agrees Wu et al. [96]. However, they were unable to determine whether the ToF
change was due to change in the electrode material or gas generation.
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Aim Diagnosis Transducer
Setup

Reference

Through-pulse mea-
surements of SOC and
SOH using ToF

ToF had an inverse linear re-
lationship with SOC

2.25 MHz contact
probe

[82]

200 kHz Bonded
transducer

[83]

Linear relation between sig-
nal amplitude and SOC

125 kHz Air-
coupled through-
pulse

[80]

C-rate and tempera-
ture effects on ToF

Relationship between in-
creased C-rate and ToF and
temperature and ToF

25-40 kHz sur-
face waves

[90]

Through-pulse mea-
surements of SOC and
SOH using ToF

Low error estimation of SOC
and SOH, despite shallow
penetration

Surface-wave
pitch-catch

[92]

Model ToF changes
based on electrode
property changes

ToF has consistent correla-
tion with SOC

Model [7]

Table 3.1: Table of SOC diagnosis using ultrasound.

Bommier et al. [98] studied SEI formation within NMC - Si/graphite cells as
well as long-term cycling effects. The cells were instrumented with two 2.25 MHz
transducers in a through-pulse mode. It was found that the onset of gassing - suggested
to be caused by the initial formation of the SEI - was detected by a loss in acoustic
signal. This was only present in cells with Si/graphite anodes [82]. As the cell was
cycled and the capacity drop increased, an upward ToF trend was found.

Robinson et al. [99] used a 5 MHz sensor in 36 locations to spatially resolve
US diagnostics of the electrodes in LIBs. The authors state that the acoustic peaks
were typically doublets, or two peaks in close proximity. These doublets exhibited a
noticeable change during charging and discharging: during charging the earlier peak
would decrease in amplitude whilst the later peak would increase in amplitude. This
was attributed to the density changes in the anodes and cathodes, with one peak
associated to one electrode type. The depth of the anode current collecting tab was
detected due to variation in the ToF across the 36 locations. This suggests that
localised defects could be detected using ultrasound.

In order to test this, the viability of detecting defects within Li-ion cells using US
was investigated by Robinson et al. [100]. Bespoke pouch cells of pristine condition
and built-in defects were compared. The location and scale defects were measured
and verified via the use of X-ray tomography. It was found that the signal must be
tailored to the cell. A microscale defect was also recorded, that was ca. 20 µm in
diameter. An area of 200 µm around the defect was observed in a commercial cell to
create an acoustically resistive ’void’, affecting the propagation pathway. This resulted
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(a) US evolution demonstrating the change in
ToF during a full charge and discharge cycle for
a single AScan peak. A comparison between
different cycles shows a general decrease in ToF
as the cell aged. Recreated from [95].

(b) First reflection of an AScan after different
charge cycles. An increase in ToF can be seen
by the shift of the first peak to the right, but
the rate of change of ToF decreases as the cell
is further cycled. A change in amplitude of the
peaks is also observed. Recreated from [96].

Figure 3.3: Comparison of ToF change of a single AScan peak from two cells during
aging testing.

in a delayed response in the signal, which was not detected in the bespoke cells.
Table 3.2 summarises the research and respective findings in this subsection.
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Aim Diagnosis Transducer Setup Reference
Detection of degrada-
tion methods

Amplitude decreased as the
cell was cycled

5 MHz pitch-catch [81]

ToF shift during cell
ageing

ToF decreases as cell ages Guided-wave pitch-
catch

[95]

ToF increases as the cell ages 1 MHz pulse-echo [96]
Capacitor degradation
during over- and un-
dercharge

ToF shifts could be used to
detect gas swelling and SOC
changes

125-500 kHz through-
pulse

[97]

US detection of SEI
formation and cycle-
induced capacity loss

Onset of gassing from SEI for-
mation was detected by the
ToF. ToF increased as capac-
ity dropped

2.25 MHz through-
pulse

[98]

Spatial resolution of
electrodes

ToF shifts agreed with previ-
ous reports. Able to detect the
depth of the anode current col-
lecting tab.

5 MHz pulse-echo [99]

Detection of localised
defects in cells

Defects were measured and
verified

10 MHz pulse-echo [100]

Table 3.2: Table of SOH diagnosis using ultrasound.

3.1.3 Summary

Recent research had suggested that US monitoring of LIBs could be used to infer
the SOC and SOH of cells despite it being an emerging field. It has been posited
that information regarding the internal conditions of cells could be provided without
damaging the cells. The technique could also be used in tandem with conventional
BMSs to provide a more concrete understanding of cells. However, use of US to
identify and decouple the failure modes in LIBs requires further work.

It is difficult to identify features within a cell as the US signal is complex due to
the superposition of the main pulse and smaller internal reflections. It is suggested
that defects and degradation could be detected, and characterised by depth and size,
using US. But the failure mechanism/mechanisms causing the degradation were not
discernable without the use of other techniques. This also means multiple defects
could not be separated from each other, as the effects would be combined within the
US signal.

Ultrasonic monitoring of LIBs is subject to limitations. Notably, as the monitored
cell experiences degradation or develops defects, the ultrasonic signal response under-
goes analogous changes, such as a global ToF shift [95, 96]. Such changes can have an
adverse effect on the precision of SOC estimations, as this is reliant on the shift in
ToF.

There are some disagreements in the literature; for example, the ageing of a cell
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has been shown to both increase and decrease the ToF. The cause of this discrepancy
could be the behaviour exhibited by the cell as it ages; gas generation would reduce
the acoustic signal and SEI formation would increase the ToF due to an increased path
length - the SEI formation creates new layers within the cell [98]. Further research is
required to decouple gas generation, electrode delamination, voiding and electrode
expansion such that the effects due to ageing can be isolated.

The impact of temperature on ToF measurements is a subject of debate within the
literature. Preliminary research has suggested that temperature may have a reduced
effect on ToF within earlier ranges (up to 5 µs) [6], though modelling data argues
that temperature variation could reduce the reliability of the US signal [7]. Further
investigation is imperative to determine the influence of temperature, both in static
and dynamic states, on US measurements conducted at varying ToF ranges.

3.2 Thermal Runaway
Thermal runaway is a significant safety concern for LIBs as it can lead to a fire and/or
an explosion [101,102]. The occurrence of TR events are rare, but as the use of LIBs
increases it is important to develop technologies that prevent TR and allow detection in
its earliest stages. There are two practical detection methods that can be incorporated
into LIBs for the early detection of TR onset. These are expansion (dilatometry,
strain/force) and acoustic (acoustic emission, US probing) based methods [85].

TR within a LIB is a process in which the exothermic chemical decomposition of
the active battery materials and electrolyte lead to exponentially increasing reaction
and heat generation rates with temperature [103,104]. Failure within LIBs leading to
TR can be caused by thermal (e.g. cell overheating), physical (e.g. cell penetration)
and electrical (cell over-charge) abuse. During failure, multiple events occur including:
cell swelling; SEI decomposition; gas generation; the separator melting; electrolyte
evaporation; internal short-circuiting and; cathode-electrolyte interaction [37,102–112].
See Table 3.3 for the expected temperatures and temperature rates of the events stated,
which is visualised in Figure 3.4 along with the effects from over- and under-charging.

Feature Expected value Reference
Swelling/delamination 40°C / 60°C [107]
SEI decomposition 57°C†, 80°C‡ [37, 113]
Electrolyte evaporation 60 - 100°C [114]
Anode decomposition 80 - 160°C [115–118]
Separator melt (PE/PP) 130°C /170°C [102]
Onset of self-heating 0.02°Cmin−1 [119]
Onset of Thermal runaway 1.0°Cmin−1 [119]
†Theoretical
‡Detectable

Table 3.3: Summary of the events during thermal runaway and their respective onset
temperatures.
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Figure 3.4: Generalised safe operating range of Li-ion cells, and events that occur
outside said range, recreated from [32].

3.2.1 Thermal Abuse

LIBs have an optimum operating temperature of 20 °C to 40 °C [120]. Outside this
range, the battery experiences accelerated ageing [121]. The increased ageing is caused
by the build-up of the SEI, increasing the internal resistance of LIBs. The SEI is
the reaction between the active electrode materials and conductive salt within the
interface between the separator and the active electrodes, namely the anode [122].
The chemistry of the cathode and SOC of the cell both affect the thermal stability
(i.e. onset of thermal decomposition) and heat released during TR, shown in Table
3.4 [104,123–126].

LFP cells tested under adiabatic calorimetry in an accelerated rate calorimeter
(ARC) were observed to not undergo TR below 28% SOC, but at SOC greater than
28% TR onset occurred at approximately 200 °C, as seen in Figure 3.5. The anode
was the major influence on self-heating in the cell at an SOC above 28% up to 100%.
Above 100%, the cathode and anode have more equal influence [119]. This has been
explained as a fully lithiated anode generates an order of magnitude more heat than a
fully lithiated cathode [112,118].

LCO cells have been observed to have poorer thermal stability than LFP cells. At
50% and 100% SOC, the LCO cells were found to have a much greater explosive power
than the LFP cells, reaching an equivalent of 1.77 g of TNT at 100% SOC [136]. The
TNT equivalents can be seen in Table 3.5. Though it should be noted that while both
chemistries exhibited high temperatures and pressures, LCO cells exhibited greater
temperatures and pressures.
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Compared to LCO, LMO exhibit a greater thermal stability across all SOC up to
120%. This was examined by Hernandez et al. [125]. Two types of 18650 cells, one
LCO and one LMO, were charged to the desired SOC, then placed in an ARC. The
cells were heated using a Heat-Wait-Seek (HWS) method, which heated the cells by
5 °C with a waiting-step of 30 minutes and a seeking-step of 5 minutes. The seeking
step monitored for high self-heating rates, defined as above 0.05 °C min-1. As stated,
LCO cells undergo TR at 50% SOC and above. LMO cells undergo TR at 75% SOC
and above, with consistently lower temperature increase rates compared to LCO cells,
as seen in Figure 3.6 [125].

Synthesized LiMnPO4 (LMP) cells have been found to be less thermally stable
than LFP cells, as greater amounts of heat are produced when overheated at a
delithiated state. This is accompanied by a lower onset temperature on par with NCA
cells [111,137].

3.2.2 Mechanical Abuse

Penetration induced TR in an array of NMC cells was investigated by Feng et al. [103].
The first battery was penetrated by a nail to a depth of 8 mm at a speed of 10 mm/s.
From penetration, it took around 10 seconds for the penetrated cell to reach TR,
with the following cells reaching TR due to the heat from their respective preceding

Cathode Ref. Temperature Range of Decomposition (°C) Heat Release (J g�1)
LCO [127] 220-500 450

NCA [128] 160 850�100
[129] 200 793

LMO
[130] 225-400 350�100
[127] 150-300 450
[131] 89 2014.3

LFP [132] 190-285 290
[133] 180 145

NCM

[134] 17 322.7
[134] 178 364.3
[134] 183 534.6
[134] 199 645.8

Table 3.4: Reaction properties of different cathode materials [135].

Cathode Material SOC (%) TNT Equivalent
(gTNT/18650 cell)

LFP 50 0.11
LFP 100 0.23
LCO 50 0.88
LCO 100 1.77

Table 3.5: TNT equivalent per individual 18650 type cells at thermal runaway [136].
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(a) (b)

Figure 3.5: (a) Rate of temperature change of LFP cells at different states-of-charge
within an ARC. Regions: I - first exothermic event (self-heating); II - endothermic
event (venting); III - second exothermic event (first peak temperature rate); IV -
third exothermic event (second peak temperature rate). (b) Thermal map of (a)
stating when a cell underwent self-heating and entered thermal runaway at the tested
states-of-charge. Reproduced from [119].

cell. Once TR was achieved in the first cell, it took around five seconds for the
sixth cell to reach TR. It was found that the TR onset temperature was lower for
penetration than for uniform heating TR. The cause of TR was the breakdown of
the separator, causing short circuiting [103, 138]. However when penetrated, the
temperature distribution through the cells was not uniform, as the heat generation
localised around the penetrated area. This creates a temperature gradient in the cell.
The TR propagation is independent of fire during the self-heating, as the heat transfer
between the cells had little variation from the cells that caught fire and those that did
not [139].

The thermal and electrochemical behaviour of a penetrated cell is independent of
the penetration speed [140, 141]. The location of the nail when penetrating had an
effect on the thermal behaviour. Penetration at the edge of the electrode was found
to be more dangerous, as the heat dissipation to the cell wall/nail was limited by the
separator and electrolyte thermal conductivity [142]. The SOC of the cell had an
effect on the onset of TR, similar to [119]. For 18650 type cells with cathode material
of 98% NMC and 2% LMO, an SOC of less than 50% would not lead to TR when the
cell is penetrated, which was found to be higher than the cutoff for uniform thermal
heating of 28%. The maximum temperature of the cell was also dependent on the
SOC: a higher SOC results in a higher TR maximum temperature [143].

3.2.3 Electrical Abuse

Over-charging-induced TR is dangerous due to the excess energy in the cell [102, 144].
When the SOC of the cell is charged above 120%, oxidation within the electrolyte
occurs, and lithium deposition on the anode surface begins [145, 146]. This differs
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(a)

(b)

Figure 3.6: Heating rate compared to temperature of a (a) LMO cell and a (b) LCO
cell at various states-of-charge. Recreated from [125].

from the SEI layer as the lithium does not react with the electrolyte. The SEI film
would thicken due to a solvent reaction with the deposited lithium, increasing the
internal resistance [146]. Above an SOC of 140%, the cell would see an increase in the
rate of temperature rise causing: swelling; increased electrolyte oxidation and heat
generation [147,148]. This would cause the SEI to decompose, leading to an lithiated
anode-electrolyte reaction [103,115]. There was a drop in voltage, despite the SOC
increasing [149]. Above 160% SOC, the internal pressure ruptures the cell, leading to
thermal runaway [147].

The heat generation caused by over-charging was investigated by Saito et al. [150],
where it was found the heat generation was closely proportional to the C-rate. This
suggests the heat generation is largely influenced by ohmic heating. The onset of
heating was located in the cathode, regardless of the level of cathode lithiation [151].
The cathode also provides the strongest intensity of TR when heated, compared to
the other materials in the cell [152]. When a cell has been over-charged, a number of
outcomes can occur; the cell can swell from gas generation at low currents and rupture
at higher currents [151].

The effect of over-charging on the onset of TR was investigated by Zhang et al. [153].
The cells were charged to SOCs of 100%, 105%, 110%, 115%, 120% then heated via
HWS. The cells were measured for the self heating temperature, T1 (self-heating
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rate of >0.02 °C min-1), TR trigger temperature, T2 (>5 °C min-1) and maximum
temperature, T3. It is shown that the TR onset temperature decreases with SOC
increase above 100%. It was stated that the time required to reach TR also decreases
up to 4.8 V, suggesting that over-charging can cause an early onset of TR [153,154].

3.2.4 Gas Generation

Gas generation occurs during normal and abusive operation of LIBs. Monitoring
the gas production internally within a cell is challenging with typical battery state
determination methods derived from voltage, current and temperature measurements
[155, 156]. However, mechanical measurements could provide information about
internal condition of cells, specifically regarding to safety, as they can detect the
physical changes resulting from decomposition [85].

The evolution of gases during lithium-ion operation is not fully understood. During
normal operation, multiple gases are generated due to chemical reactions, such as
hydrocarbons and hydrogen fluoride. One such gas is C2H4. During the first cycle,
there is a sharp increase in concentration in C2H4. The formation of the SEI layer
is suggested to be associated with this generation [157,158]. Following the initial
formation, concentration of C2H4 gas increases at a slower rate, independent of the
cycling voltage [158] or stops increasing [159]. CO is believed to evolve simultaneously
with C2H4, but can be attributed to the absorbed-on-cathode atomic oxygen during
electrolyte decomposition [160]. Increase in the concentration of CO2 rise is believed
to be a result of a chemical reaction between residual moisture and CO evolution on
the anode during the charge cycle [159]. H2 evolution is believed to be the result of
residual H2O in the cell [160,161]. A comprehensive review of gas generation and
evolution during normal operation is covered by Rowden et al. [158].

The generation of gases can cause internal structural changes and delamination
when a cell is heated above normal operating temperatures. Gas pockets have been
seen using CT and X-ray imaging when the surface temperature reached values greater
than 100 °C [108,162]. Over-charging a LCO pouch cell showed that swelling began
at 40 °C with no adverse changes to the voltage profile, while delamination was
observed at 60 °C with a rise in voltage as internal resistance increased due to gas
generation and delamination [107]. Compared to temperature rate data [103,104] this
shows that gassing occurs before significant rates are recorded, and hence provides an
opportunity for the early detection of TR. In these cases, gas was generated from the
decomposition/degradation of the electrolytes and SEI, which can be a result of both
thermal and electrical abuse.

NMC cells have a similar thermal stability to LCO, as at 50% SOC the cells do not
undergo TR [163]. This was observed using force readings, along with temperature
and voltage readings similar to the methods mentioned above. Notably, for both
50% and 100% SOC for NMC cells, there was an abrupt and substantial rise in force
readings, followed by a subsequent decline due to off-gassing. This observed pattern
exhibited a strong association with the generation and subsequent venting of gases.
The rate of gas generation was found to be faster at higher SOC than lower SOC, and
this was observed in the force readings [163].
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Swelling is not uncommon to observe in abused Li-ion pouch cells. The swelling
increases the stress on the cell casing and internal layers leading to cell rupture and
delamination, respectively [164,165]. The delamination of the internal layers in the
jelly roll of hard cased cells (cylindrical and prismatic) is caused by the gas generation,
along with the heat generation [108,144]. The gas will also increase the overall thermal
resistance of the cell signi�cantly [165, 166]. This is due to the increased spacing
between the layers, where the initial thermal resistance of the air is negligible compared
to the layers.

3.2.5 Detection of TR

Failure mechanisms can be present in the lead up to TR, such as gas generation;
temperature increase; and voltage drop. In order to detect TR, monitoring attempts
of these mechanisms have been made.

As stated in Section 3.2.4, gas generation occurs before changes in temperature.
Modelling the e�cacy of gas generation monitoring as a TR detection method has
been performed by Cai et al. [167]. Nine NMC 18650 cells were modelled in a three
by three grid in the centre of a cylindrical drum with a radius of 0.292 m and a
height of 0.85 m. The model estimated centre cell was externally short circuited and
underwent TR. The drum was modelled at atmospheric CO2 concentrations - 400 ppm
- and would detect TR at a CO2 concentration of 2000 ppm. The time taken for the
neighbouring cells to undergo TR was 710 s, called tcrit . The gas sensors detected
TR after 85 s, which was signi�cantly quicker than tcrit . At t crit , the drum surface
temperature changed by less than 0.001 °C.

Force sensors have also been used to measure gas generation during TR. A cell
was �xed in place, with force sensors attached to the corners of the �xture in order
to measure battery expansion [163]. Two NMC pouch cells underwent internal short
circuiting, one at 50% SOC and one at 100% SOC. Only the 100% SOC cell underwent
TR. However, the force sensors were able to detect internal cell pressures for both
tests accurately when compared to the modelled pressure increase. Both tests saw a
quick drop in force, which was due to the cells venting.

Attempts to use temperature for TR onset detection have been made. External
surface temperature measurements were unable to provide enough time in order to
shut o� the cell before TR and more extreme reactions, such as �res, could occur [168].

Seven sensors - voltage; gas; smoke; temperature; pressure; creep; and force -
were tested and compared by Koch et al. [169]. Three experiments, V1; V2; and V3,
involved cells undergoing TR. V1 was a 20 Ah NMC cell that underwent thermally
induced TR. V2 and V3 involved multiple NMC cells undergoing penetration induced
TR. V2 and V3 used 65 Ah cells and 58 Ah cells, respectively. The capacity of the
cells di�ered between tests, but were consistent within each test. The sensors were
based on three criteria: detection speed; signal clarity; and sensor feasibility. Each
sensor was graded good, neutral or bad for these criteria, see Table 3.6 for performance
in these criteria. It was found that no single method was deemed the 'favourite'.

In a similar fashion, Klink et al. [170] compared seven detection sensors. These
were: voltage; current; temperature; strain; gas; smoke; and pressure. A model-
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Sensor Detection Speed Signal Clarity Sensor Feasibility

S1 - voltage Bad Good Good
S2 - gas Good Good Bad
S3 - smoke Bad Neutral Neutral
S4 - creep Bad Bad Good
S5 - temperature Neutral Neutral Neutral
S6 - pressure Good Bad Good
S7 - force Good Bad Neutral

Table 3.6: Evaluation of di�erent sensors based on three criteria. Signal clarity
describes how close the detection signal comes to a step function and how easy it is to
evaluate it, whereas sensor feasibility evaluates how easy the sensor can be deployed.
Reproduced from [169].

based method was also compared. The experimental methods were all capable of
detecting TR more than �ve minutes before TR onset, which was the baseline for the
work. The model was the quickest in detecting TR; TR was detected signi�cantly
earlier compared to the �ve minute pre-warning time. The smoke and gas sensors
also achieved this. There were eight criteria the sensors were tested on: detection
time; certainty; localisation; monitoring; complexity; integration; scalability; and
transferability. The model performed the best against these criteria, with voltage,
gas and smoke performing the best out of the experimental methods. This is in
disagreement with Koch et al., as the smoke sensor did not perform as well in their
work [169]. Further investigation is required to conclude the e�ectiveness of these
sensors. There was contention over the e�cacy of the gas sensor. Koch et al. stated
that the gas sensor is not feasible given the large size and energy requirement [169],
while Klink et al. stated that it is a viable method [170]. Both papers were in
agreement of the feasibility of the other sensors.

3.2.6 Summary

Li-ion cells can be damaged by multiple abuse mechanisms, including thermal, mechan-
ical and electrical. These mechanisms can cause failure mechanisms such as: electrode
delamination; electrode decomposition; short circuiting; gas generation; and cell self
heating, all which can lead to thermal runaway. The chemistry and SOC of the cell
has also been shown to have an e�ect on the behaviour of TR, including the onset of
TR and the overall hazards from the failed cell. Research into the detection of TR is
limited, and not always successful [171].

Multiple sensors for detecting TR have been tested including gas, temperature,
voltage, smoke, and force [167� 170]. Not all these methods were able to detect TR
individually, but were successful when combinations of the sensors were used. The gas
sensor was shown to have good detection speed and signal clarity across multiple tests,
however there is contention with the feasibility of such a sensor [169,170]. Current
BMS struggle to monitor gas production [155,156]. US has been shown to be sensitive
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to internal changes within cells in Section 3.1.2, such as gas generation [100], whilst
having a smaller form factor and lower power consumption, which may make it a
viable method of detecting TR.

3.3 Ultrasonic Monitoring of Li-ion Abuse and Ther-
mal Runaway

As shown in Section 3.1, US monitoring of LIBs has been a growing �eld in the last
decade. While Section 3.2 showed that TR monitoring of Li-ion batteries has been
a large �eld for over a decade. However, there has been little work that considers
coupling these two research areas which together have the potential to make signi�cant
advancements in the detection of TR. However, interest in coupling these two areas
have developed in recent years.

In 2019, Robinson et al. [6] looked into the cycling behaviour of LIBs using US,
and assessed the impact of thermal expansion caused by temperature change during
charging. A 210 mA h LCO cell was cycled at 1 C, with the US data at 25 °C and
30 °C being recorded. The cell was then heated in a climate-controlled environment,
with the US data being recorded at the temperature extremes. From the AScans of
the climate-controlled tests it was observed that there were no signi�cant changes in
the low ToF peaks (0 to 5 us). However small changes in the signal amplitude were
observed; the 30 °C signal had a slightly greater amplitude over the 25 °C signal for
most of the peaks. The authors suggested the change in intensity was due to variations
in the Young's modulus rather than temperature.

Chang et al. [172] cycled LCO cells over a temperature range of 0 - 60 °C. Using
US, it was demonstrated that the cells underwent catastrophic failure across the
temperature range. Lithium plating typically occurs below 10 °C with this cathode,
which can lead to excessive gassing if a high temperature shift occurs. In order to
monitor this, cells were cycled at 1 C at temperatures below 10 °C then heated to
20 °C, 30 °C, 40 °C, 50 °C and 60 °C. It was found that for all tests, the ToF shifted
after cycling and heating, with the shift increasing in magnitude with temperature.
All tests also saw a loss in acoustic signal. The 60 °C test saw signal loss within one
hour of reaching the target temperature and the 20 °C test losing acoustic signal after
approximately 63 hours of reaching the target temperature. This was suggested to be
caused by accelerated electrolyte degradation at higher temperatures, combined with
the lithium plating.

Zappen et al. [121] measured in-plane and through plane signals during the thermal
abuse of a pouch cell. The cell was heated with pauses until 110 °C, at which point
it was allowed to passively cool. When plotting the US signal amplitude against
temperature, changes in the signal were identi�ed at 65 °C and then again at 90 °C.
This is in the temperature range of SEI decomposition and electrolytes evaporation.
Unlike other work, Zappen used the centre of gravity (µ s) of the US signal to infer
material changes. The centre of gravity allows for the optimal fraction of the peak that
contains the most information about the peak position, using the original signal or the
1st or 2nd derivatives [173]. The centre of gravity is dependant on the speed of sound
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through the medium as well as the signal intensity. For both the signal intensity and
centre of gravity, there was a signi�cant change at 90 °C. The signal intensity reduced
while the centre of gravity increased for both in-plane and through-plane readings.

Pham et al. [165] investigated gas-induced delamination during thermal runaway
using US. A trend of increased ToF was observed during gradual cell heating, which
was attributed to the decrease in density of the electrodes, leading to a decrease in
propagation speed. The rate of heating, and therefore the rate of propagation of
thermal runaway, had a positive e�ect on the ToF shift; a more gradual propagation
resulted in a more gradual ToF shift. A gradual thermal runaway propagation also
led to prolonged gas generation, which meant a greater time between the loss of the
US signal and the onset of thermal runaway. The test used two 210 mA h cells. Cell 1
underwent gradual heating, whilst cell 2 underwent more aggressive heating. The more
gradual heating of cell 1 resulted in a sharper increase in ToF and a more abrupt loss
of signal compared to cell 2, yet the onset of failure began later. It was suggested that
the quicker propagation of TR in cell 1 was due to the lower temperature gradient,
resulting in a higher average temperature.

Owen et al. [174] looked into the behaviour of US signals based on changes in
temperature and charge cycling rates. It was found that, at constant SOC, the ToF
increased as the temperature increased, with the shift becoming greater at lower SOC.
This was measured over a range of 0 to 10 µs, focusing on the �rst echo around 8 to
9 µ s. The relationship between temperature and ToF was linear across all SOC, as
well as the gradient of temperature and SOC. The authors also looked into decoupling
the temperature e�ect on ToF from the SOC. This was achieved by subtracting
the change in ToF caused by temperature change - from a separate test - from the
measured change in ToF from the charge cycle. The di�erence between the corrected
and measured ToF was shown to diverge more as the temperature increased during
discharge, suggesting temperature has an e�ect on the change in ToF shown in Figure
3.7. The resultant shifts in ToF were suggested to be due to material changes of the
electrodes as they �relaxed�, as indicated by a similar change in the voltage.

Appleberry et al. [175] used pitch-catch US monitoring to provide warnings about
cell over-charging, and test feasibility of stopping cell operation (E-stop). The warnings
would occur if the signal amplitude would reduce by at least 3.5 standard deviations
from normal operation, and the cell would stop when the amplitude dropped below
10 standard deviations. The US detection consistently identi�ed failure conditions
as each test resulted in a warning and a triggered E-stop. Time before warning and
E-stops did vary between the tests (see Table 3.7.) At the point of these warning the
signal amplitude decreased rapidly. The loss of amplitude was attributed to the gas
generation from the overcharge scenario.
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Figure 3.7: Di�erence in ToF variation due to temperature e�ects, superimposed on
the voltage pro�le. Adapted from [174].

Experiment Induced failure Warning before
failure

E-Stop before
failure

Time from
overcharge to
failure

1 � 23� C, CC-overcharge 124 min (81%) 54 min (35%) 154 min

2 � 23� C, CC-overcharge 90 min (66%) 90 min (66%) 136 min

3 � 23� C, CV-overcharge 93 min (93%) 92 min (92%) 100 min

4 � 23� C, CV-overcharge 348 min (99%) 347 min (99%) 352 min

5 65� C, CV-overcharge 21 min (84%) 15 min (60%) 25 min

6 65� C, CV-overcharge 20 min (65%) 19 min (61%) 31 min

7 65� C, CV-overcharge 12 min (75%) 4 min (25%) 16 min

8 65� C, CC-overcharge 76 min (50%) 58 min (38%) 151 min

9 65� C, CC-overcharge 285 min (99%) 139 min (48%) 289 min

Table 3.7: Summary of experiments and the respective response time for the warning
and E-stop compared to the failure time, reproduced from [175].
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3.4 Compilation of Published Work on Ultrasonic
Monitoring of Lithium-Ion Cells

Table 3.8: Compilation of Published Ultrasonic Detection Work.

Authors, Reference Test Parameters Analysis
2013

Sood et al. [81] Frequency: 5 MHz
Mode: Pitch-catch
Room Temperature
C-Rate: 0.5C

Weakened acoustic signal
and delayed response due to
degradation

2015
Hsieh et al. [82] Frequency: 2.25 MHz

Mode: Pitch-catch
Room Temperature
Chemistry: LCO
C-Rate: 0.4C

Ultrasonic response was cor-
related with SOC. Increase
in SOC resulted in decreased
TOF and signal amplitude

2016
Ladpli et al. [95] Frequency: 100-200 kHz

Mode: Pitch-catch -
Rayleigh
Temperature: 23°C
C-Rate: 0.18C

Cell degradation resulted in
decrease in global TOF

2017
Gold et al. [83] Frequency: 200 kHz

Mode: Pitch-catch
Room Temperature
C-Rate: 2C and 4C

Slow re�ections were sensi-
tive to SOC in terms of TOF
and amplitude. Change in
signal was due to volumetric
expansion/contraction of an-
ode

Davies et al. [94] Frequency: 2.25 MHz
Mode: Pitch-catch
Room Temperature
Chemistry: LCO and LFP
C-Rate: 0.5C

Di�erent chemistries can af-
fect TOF estimation er-
ror. Acoustic estimation was
more accurate than voltage
measurement based estima-
tions

2018
Ladpli et al. [92] Frequency: 100-200 kHz

Mode: Pitch-catch -
Rayleigh
Temperature: 30°C
C-Rate: 0.1C

Rayleigh surface waves were
able be used to accurately es-
timate SOC and SOH

Continued on next page
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Authors, Reference Test Parameters Analysis
2019

Popp et al. [90] Frequency: 30 kHz
Temperature: Cycled be-
tween 5 - 45°C in 10°C steps
Chemistry: NMC
Mode: C-rate: 0.1, 0.5 and
1C

Higher C-rates resulted in
longer TOF. Higher temper-
atures also resulted in longer
TOF

Chang et al. [80] Frequency: 400 kHz
Mode: Through pulse
Temperature: 25°C
Chemistry: NMC
C-Rate: 2C and 4C

Air coupled ultrasonic de-
tection is feasible. Fast
waves were sensitive to SOC
changes, along with slow
waves.

Wu et al. [96] Frequency: 1 MHz
Mode: Pulse-echo
Temperature: 45°C
Chemistry: LCO
C-Rate: 0.5C

TOF increases with cell
degradation. Internal gas
generation can be detected
via ultrasound

Copley et al. [7] Model based on conditions
from [82]

Small changes in in electrode
material properties can have
signi�cant e�ects on TOF.
TOF has a stable correlation
with SOC, but amplitude is
not. Frequency can a�ect sig-
nal reliability based on pene-
tration power

Oca et al. [97] Frequency: 120 - 500 kHz
Mode: Through pulse
Chemistry: NMC
Temperature: -30 - 70°C
C-Rate: 10C

TOF was able to detect per-
manent changes from abu-
sive charging that voltage
measurements could not see.
TOF could be used to detect
swelling

Robinson et al. [99] Frequency: 5 MHz
Mode: Pulse-echo
Chemistry: LCO
Room Temperature
C-Rate: 0.035C

Individual peaks of a re�ec-
tion were coupled. The am-
plitude of the doublets were
inversely related. Localised
defects could be detected us-
ing ultrasound if spatially
monitored

Continued on next page
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Authors, Reference Test Parameters Analysis
Robinson et al. [6] Frequency: 2.25 MHz

Mode: Pulse-echo
Chemistry: LCO
Temperature: Controlled
C-Rate: 1, 2 and 4C

Temperature had no observ-
able change on fast wave
TOF. Signal amplitude saw a
change with a change in cell
temperature. This was sug-
gested to be due to material
property changes rather than
temperature

2020
Robinson et al. [100] Frequency: 1 MHz

Mode: Through pulse
Chemistry: LCO
Room Temperature

Purposefully built-in cell de-
fects were detected using ul-
trasound. A microscale de-
fect was also detected that
was not built-in. The defects
were con�rmed through the
use of X-ray tomography

Bommier et al. [98] Frequency: 2.25 MHz
Mode: Through pulse
Chemistry: NMC
C-Rate: C/50, C/12, C/7,
C/5 and C/2.5

Gassing potentially caused
by SEI formation and growth
was detected by the TOF.
TOF increased with cell
degradation.

Chang et al. [172] Frequency: 2.25 MHz
Mode: Through pulse
Chemistry: LCO
Temperature: 0 - 60°C
C-Rate: 0.1 and 1C

An increase in temperature
so an increased shift in TOF
to a higher value. Higher
temperatures also saw a
quicker loss in acoustic signal
response once said tempera-
ture was reached

Zappen et al. [121] Frequency: 2.25 MHz
Mode: Through pulse and
Rayleigh
Chemistry: NMC
Temperature: 2K/min un-
til thermal runaway, ramp
with pauses until venting and
ramp with pauses until 110°C
Charge Levels: 50% and
100% SOC

The signal intensity was
weaker at higher tempera-
tures

Pham et al. [165] Frequency: 2.25 MHz
Mode: Pulse-echo
Chemistry: LCO
Room Temperature
C-Rate: 0.5C

Increase in temperature saw
an increase in TOF. A higher
rate in temperature increase
saw a greater increase in
TOF.

Continued on next page

41



Authors, Reference Test Parameters Analysis
2022

Owen et al. [174] Frequency: 5 MHz
Mode: Pulse-echo
Chemistry: LCO
Room Temperature
C-Rate: 0.2, 0.5 and 1C

TOF saw a linear increase
with temperature at constant
SOC. Lower SOC saw a
greater TOF shift with tem-
perature. Temperature ef-
fects were decoupled from
the TOF. Achieved through
subtraction of TOF change
via temperature from a sep-
arate test from TOF change
from cycle test.

Appleberry et al. [175] Frequency: 500 kHz
Mode: Through pulse
Temperature: Room Temper-
ature and 65°C
C-Rate: C/0.38

Ultrasonic detection of fail-
ure conditions before cell
went into failure. Warn-
ings and emergency stops
were given before failure with
varying levels of success

3.5 Review Discussion

Ultrasonic monitoring of the Li-ion cells has been researched and implemented by
numerous researchers as reported in literature. Either by direct coupling or air coupling,
the SOC of cells can be accurately estimated over a large range of frequencies. The
sensors are low cost and easy to implement onto current cells, however the form factor
of many sensors used are too large for practical applications. Individual transducers,
which have a small form factor, have been successfully used at low frequency. Pitch-
catch and pulse-echo inspection modes have both proven e�ective at monitoring LIBs.
The bene�t of this approach is the ability to measure the internal failure mechanisms
of the cell in-situ, allowing for the detection of gas generation, swelling, lithium-plating
and ageing of cells in a non-destructive method. Detection of these behaviours can
occur much earlier using ultrasound compared to more conventional BMS systems.
While research has shown the aforementioned failure mechanisms can be detected
in dedicated failure tests, further work is required to identify which failure mode is
occurring within a cell under real world operating conditions. Considering that failure
modes of this type can occur simultaneously there is also the need to deconvolute the
signals of concurrent failures so that the correct failure mechanism is identi�ed.

Abuse conditions have been widely studied in LIBs as a result of the inherent risks
of this technology, notably the risk of thermal runaway. The cathode material has a
major e�ect on the stability of the cell, causing the onset of TR to vary across LIBs.
Independent variables in the cell, such as the SOC, C-rate and temperature, also have
an e�ect on the stability of the cell. The monitoring of TR can be detected when
the cell is electrically, thermally or mechanically abused. The cause of internal gas
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generation, and subsequent cell swelling, has been researched in di�erent chemistries
and cell form factors. However, the detection of TR is still needing development,
as these methods require external variables to monitor the cell. External variables
include, but not limited to, open-circuit voltage characterization and coulomb counting.
Open-circuit voltage characterization requires cutting o� power to the cell to allow for
an extended period of rest, meaning it is not applicable for in-situ use [176]. Coulomb
counting requires knowledge of the initial SOC and cell capacity, and is at risk of errors
such as time oscillation drift [177]. The use of a BMS with the addition of ultrasonic
sensors to monitor the internal and external behaviours of cells could improve the
detection of abuse symptoms, allowing for the mitigation of thermal runaway during
cell operation.

Recently research has begun into the use of ultrasound to monitor temperature and
TR e�ects in LIBs. Symptoms of abuse conditions can be detected by ultrasonic signals
during thermal and electrical abuse testing. The coupling of the temperature and SOC
e�ects on the ultrasonic signal is an aspect that needs addressing in order to allow this
application of ultrasound to be accurate. Ref [6] determined that temperature did not
have an e�ect on the ultrasonic signal within 5µs, as the di�erence in the AScans at
25°C and 30°C showed slight variation but was suggested to be caused by di�erences
in the elastic modulus. However, refs [7,174] found that when charging/discharging,
the temperature, and rate of change, causes the ultrasonic signal to deviate from the
expected result outside of 5µs. During operation, cells generate heat energy due to
internal resistance. This heat energy causes thermal expansion in all layers of the
cell, increasing the volume of the cell. This results in a longer ultrasonic path, and
therefore longer ToF. Thermal expansion also increases the speed of sound, which
would decrease the ToF. Additional to these thermal e�ects, the (de)intercalation of
lithium-ions within the electrodes and their movement through the cell will change the
elastic modulus, density and volumes of all layers, thereby a�ecting the speed of sound
and ToF. As shown by [174], temperature has an overall increase in ToF. This suggests
that the thermal expansion of the cell has a greater e�ect than the density change
due to temperature and the change in material properties due to (de)intercalation.

3.5.1 Conclusion

ˆ There has been limited discussion on the e�ects of temperature on the signal
during cycling. Within that there is disagreement. An attempt to decouple
temperature e�ects from charge has been made.

ˆ There is contention on which section of the signal should be used for estimations.
Processing methods are rarely described.

ˆ No discussion about ultrasound using frequencies above 5 MHz, hereby called
high frequency.

ˆ Disparity on the behaviour of ultrasound as cells degrade. Some state that
ultrasound tends to a greater speed, whilst others found that ultrasound tends
to a slower value.
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Chapter 4

Introduction to Publications



This chapter introduces the publications that comprise the research in this thesis,
including published articles and submitted manuscripts. It contains four sections, each
covering an individual publication in order of thesis appearance. For each publication,
the title and reference (where applicable), author contributions, and the paper's
contribution to the literature are provided. Paper 1 addresses the literature review
forming Chapters 2 and 3, whilst Papers 2, 3, and 4 correspond to Chapters 6, 7, and
8 respectively. All experiments performed in these papers followed the baseline setup
shown in Figure 4.1. The batteries used in these studies were instrumented in the
same con�guration, as shown in Figure 4.2.

Figure 4.1: Baseline setup for all tests.

Figure 4.2: Example of instrumented battery with a thermocouple and a piezoelectric
transducer.
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4.1 Paper 1

Title

A review of ultrasonic monitoring: Assessing current approaches to Li-ion battery
monitoring and their relevance to thermal runaway [178]

4.1.1 Publication Information

The �rst paper is published in the Journal of Power Sources which has provided
con�rmation that the published journal article �can be posted publicly by the awarding
institution with DOI link back to the formal publications on ScienceDirect�.

In this publication, I, the candidate, co-wrote the manuscript with Dr Royce Copley.
The review was conceptualised by Dr. Royce Copley. I, the candidate, identi�ed the
progress of ultrasonic monitoring of lithium-ion batteries and the gaps found within
in regards to temperature calibration. For the manuscript itself, I, the candidate,
performed a critical analysis of the literature and wrote the �ndings of the review. Dr.
Royce Copley assisted in the writing of the manuscript. Finally, the project received
supervision from Prof. Rob Dwyer-Joyce and Prof Solomon F. Brown, with help
editing and reviewing from Dr. Peter Bugryniec.

4.1.2 Paper Contribution

The �rst paper published focused on reviewing and identifying the current state
of the art of ultrasonic monitoring of lithium-ion batteries. The review was split
into three sections: ultrasonic monitoring of lithium-ion batteries; the detection and
mechanisms of thermal runaway induction methods of lithium-ion batteries; and the
use of ultrasound to detect and monitor when lithium-ion batteries were entering
thermal runaway, with an emphasis on temperature.

The �rst section describes the use cases of ultrasound for charge and health
monitoring. These variables were able to be detected using a variety of frequencies,
though the majority are around 2-5 MHz. Di�erent coupling methods and wave
propagation modes all provided accurate state-of-charge (SOC) estimations through
the use of cheap commercial sensors. The detection of internal failure mechanisms
could be detected earlier with ultrasound than with more conventional detection
methods. However, the identi�cation of the failure mechanisms, and isolation in the
case of multiple active mechanisms, was not viable with the state-of-the-art. The
second section found that there have been advancements in the understanding of
failure mechanisms that lead to lithium-ion thermal runaway. The cathode chemistry
was found to be a source of instability in lithium-ion batteries. Other major factors
of instability include C-rate, SOC and battery temperature. Thermal runaway onset
can be detected, regardless of the abuse case. Some methods that were used for
detection are not suitable for in-situ use, as they require knowledge that cannot be
obtained during battery operation. The third section found that the temperature-
charge relationship with the US signal needed to be decoupled in order to increase the
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e�cacy of estimating the state-of-charge and to assist in thermal runaway detection.
There is contention in the literature on the e�ect of temperature on the ultrasonic
time-of-�ight (TOF) when measuring the SOC. There was data suggesting there was
a greater impact from temperature at later time-of-�ight ranges. The decoupling of
temperature and charge has been started, but further tests need to be performed
in order to con�rm the usability of decoupling. In conclusion, this literature review
provided an insight into the current advancements of ultrasonic monitoring of lithium-
ion batteries, and provided a direction for future research to aim for. It was found
that detection of SOC and state-of-health (SOH) was possible using ultrasound. There
is a need to decouple the temperature e�ects from the acoustic response in order to
improve charge estimations and improve detection of the onset of thermal runaway.

4.2 Paper 2

Title

Battery age monitoring: Ultrasonic monitoring of ageing and degradation in lithium-ion
batteries [179]

4.2.1 Publication Information

The second paper is published in the Journal of Power Sources which has provided
con�rmation that the published journal article �can be posted publicly by the awarding
institution with DOI link back to the formal publications on ScienceDirect�.

In this publication, I, the candidate, co-wrote the manuscript together with
Joshua Green, an undergraduate student on a summer research internship under my
supervision. I, the candidate, led the experimental set-up, performance and analysis
of ultrasonic detection of long term cyclic battery degradation. The manuscript was
written by myself, the candidate, with assistance writing the introduction by Joshua
Green. The work, shown in Chapter 6, describes the manner in which ultrasound can
vary when detecting cell degradation, along with the �uctuation in ultrasonic TOF
measurements that match the SOH �uctuations. The manuscript was supervised by
Prof. Robert Dwyer-Joyce and Prof. Solomon Brown, with help editing and reviewing
from Dr. Peter Bugryniec.

4.2.2 Paper Contribution

The second paper published focused on investigating the use of ultrasound to monitor
ageing and degradation in lithium-ion batteries. The study consists of four parts: the
use of TOF signal shifts to monitor SOH; the investigation and determination of the
degradation mechanism; the relationship between normal use-case degradation and
the ultrasonic time-of-�ight; and the correlation of state-of-health �uctuations and
the associated observations by the time-of-�ight.

The �rst part brie�y summarises the equations and physical phenomena that allow
for the use of ultrasound to be used to monitor LIBs. Focus is given to the equations
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governing the speed of sound of a material, the acoustic attenuation and the re�ection
observed as an acoustic wave reaches the interface of two heterogenous materials.

The second part analysed the degradation of two pouch cells subjected to 100
charge-discharge cycles at low C-rates to minimise temperature-induced degradation.
This was con�rmed through the comparison of temperature and SOH data, which was
determined via Coulomb counting. Both cells showed measurable SOH loss, but the
loss of SOH was not perfectly linear due to observations of noticeable �uctuations,
largely in cell B. These �uctuations were linked to the regeneration phenomena. An
incremental capacity analysis (ICA) was performed, and the resultant curves showed
consistent in the voltage peaks to a higher voltage as the cells were aged, suggesting
the dominant degradation mechanism was the loss of lithium inventory (LLI), likely
due to SEI growth.

The third contribution established the relationship between the ultrasonic TOF
signal and SOH degradation. The tracking of multiple peaks within the A-Scan revealed
permanent TOF shifts that could be correlated to capacity fade. The strength of
these correlations was con�rmed via Spearman correlation coe�cients, which all
showed a value exceeding 0.8. Peaks that were recorded earlier in the capture window,
which represent peaks that have less superposition and information of deeper layers,
exhibited stronger and more consistent correlations with SOH than later re�ections.
These observations suggest that the TOF of the selected peak has an e�ect on the
estimation accuracy of the SOH. The use ofR2 provided evidence that the linearity
of the relationship between the TOF and SOH shifts is strong, with the earlier TOF
peaks having a slightly stronger correlation than the later peaks. The identi�cation of
chemistry a�ecting the polarity of the permanent shift in the TOF was performed by
comparing the experimental results to those of other studies.

The fourth section evaluated ultrasonic sensitivity to unexpected SOH �uctuations.
TOF �uctuations observed per charge cycle aligned with SOH �uctuations, highlighting
the capability for ultrasound to track irregularities of a battery's ageing behaviour
in real time. Cross-correlation analysis revealed strong temporal alignment between
TOF shifts and capacity anomalies, with the majority of selected peaks showing zero
time lag between ultrasonic and electrochemical changes. This simultaneity provides
evidence of ultrasound o�ering the potential for early warning diagnostics. Only one
peak showed time-lag behaviour inconsistent with other measurements, suggesting
occasional sensor-speci�c anomalies. Overall, the section demonstrated that ultrasound
is capable not only of tracking long-term degradation but also of detecting short-term
perturbations in capacity caused by reversible or irregular mechanisms.

In summary, the paper demonstrated that ultrasonic TOF shifts o�er a reliable,
non-invasive method for monitoring both progressive and irregular SOH degradation
in lithium-ion batteries. The study con�rmed that signal quality is in�uenced by peak
selection and path length, that acoustic monitoring can detect both stable trends and
transient anomalies, and that cathode chemistry may have an e�ect on the behaviour
of the permanent TOF shift. These �ndings underscore the viability of ultrasonic
sensing for advanced battery diagnostics and highlight the need for expanded datasets
across chemistries and degradation modes.
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4.3 Paper 3

Title

Acoustic Assessment of Lithium-Ion Batteries: Unravelling Temperature and Charge
Contributions [180]

4.3.1 Publication Information

The third paper is published in the Journal of Power Sources which has provided
con�rmation that the published journal article �can be posted publicly by the awarding
institution with DOI link back to the formal publications on ScienceDirect�.

In this publication, I, the candidate, wrote the manuscript with supervision from
Prof. Rob Dwyer-Joyce and Prof. Solomon F. Brown. In this research, I, the candidate,
conceptualised a novel method to identify and decouple temperature and charge e�ects
on ultrasonic monitoring of LIBs. I, the candidate, also performed the experimental
set-up, performed the experiment and led the analysis of the data. Joshua Taylor
assisted with the analysis and visualisation of the relationship between the TOF and
temperature. Dr. Robert Milton assisted with the code used to perform the GSA
analysis, and reviewed the visualisation of such analysis. The work, shown in Chapter
7, investigated the e�ect on temperature on the acoustic TOF measurements, as
previous studies stated it was not a major factor with little to no evidence to support
such a statement.

4.3.2 Paper Contribution

The third paper planned for publication focused on the combined and individual
in�uences of temperature and SOC on the ultrasonic TOF in LIBs. A large portion
of the research was dedicated to isolating the thermal and electrochemical e�ects
to better understand their role in acoustic monitoring of LIBs. This was motivated
by existing work in the �eld, where SOC had been considered the primary factor
in�uencing TOF, while the e�ect of temperature was largely disregarded or stated to
be negligible without strong supporting evidence.

The work introduced a novel experimental approach, using a thermal-SOC matrix
to control and monitor the acoustic response across stable temperature and charge
conditions. Through empirical testing, it was shown that temperature had a consistent
and dominant e�ect on TOF, producing a strong positive linear correlation due to
material expansion and density changes. SOC, by comparison, exhibited a negative
linear e�ect, driven by lithiation-induced changes in the electrodes. The distinction
between these two variables was made clear by tracking TOF shifts across multiple
acoustic peaks and cells, revealing consistent behaviour, though with some variance in
response magnitude between cells of the same batch.

A Global Sensitivity Analysis (GSA) using the �rst and second order Sobol' indices
was then applied to determine the statistical independence between temperature
and SOC e�ects. The results con�rmed that temperature dominated the variance in
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TOF, while SOC had a smaller, though measurable, contribution. The co-dependence
between the two variables was shown to be statistically negligible. This �nding was
signi�cant in demonstrating, for the �rst time, that temperature and SOC can be
treated as independent inputs in acoustic interpretation of battery state.

The method and results presented here lay the groundwork for future decoupled
ultrasonic monitoring of SOC and thermal behaviour without the need for additional
sensing. This work was the �rst to apply a statistical framework such as a GSA to the
acoustic monitoring of LIBs and has brought necessary attention to the importance of
accounting for temperature.

4.4 Paper 4

Title

Acoustic Assessment of Lithium-Ion Batteries: Regression Modelling of Li-ion Battery
State-of-Charge and Temperature

4.4.1 Publication Information

The third paper has been submitted for consideration as a research paper in Applied
Energy.

In this publication, I, the candidate, wrote the manuscript with supervision from
Prof. Rob Dwyer-Joyce and Prof. Solomon F. Brown. In this research, I, the candidate,
along with Dr Robert Milton and Prof. Brown, conceptualised the research through
my knowledge of the ultrasonic measurements and Dr. Milton's knowledge of machine
learning (ML) and development. Dr. Milton developed the software used for the linear
and Gaussian process regression while I, the candidate, completed the formal analysis
and visualised the �ndings.

4.4.2 Paper Contribution

The fourth paper focused on the development of machine learning algorithms to
estimate SOC and temperature of lithium-ion batteries solely through ultrasonic
monitoring, removing the need for additional equipment such as thermocouples. The
method was based on the �ndings of Paper 3, exploiting the independent in�uences
temperature and SOC have on the ultrasonic signal through the use regression models.
The study consisted of four main components: the comparison of linear regression
(LR) and Gaussian process regression (GPR) approaches; robustness testing across
multiple charge cycles; noise tolerance analysis; and investigation of ultrasonic peak
formatting e�ects on model performance.

The �rst component established that LR outperformed GPR when generalising to
independent test cycles, achieving mean absolute errors of 0.40% for SOC and 0.03°C
for temperature during cross-validation. Contrary to expectations that complex non-
linear models would be necessary, the simpler linear approach proved more robust, with
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GPR showing signs of over-�tting to training data characteristics. The computational
e�ciency of LR also made it more suitable for embedded battery management system
applications.

The second component demonstrated that the LR model maintained reasonable ac-
curacy across sequential charge cycles, with performance varying between cycles. SOC
estimation showed strong correlations for most cycles, whilst temperature estimation
exhibited some variability. This highlighted the method's capability for short-term
monitoring.

The third component con�rmed the LR model's tolerance to Gaussian noise
levels up to 15%, though error margins increased primarily at extreme SOC and
temperature ranges. Interestingly, moderate noise injection (5-10%) improved some
performance metrics, suggesting the baseline models were over-�tted and bene�ted
from regularisation e�ects that would be seen in real-world applications.

The fourth component revealed the importance of peak selection and temporal
sequence preservation. Using all available peaks, either with no change or averaging
provided optimal performance, whilst using a limited number of peaks or randomising
their order substantially degraded accuracy. This indicated that individual ultrasonic
peaks contain distinct information that cannot be simpli�ed without compromising
estimation quality.

The work identi�ed systematic biases in predictions, particularly at charge cycle
boundaries, attributed to ultrasonic hysteresis e�ects from cell degradation that linear
regression cannot adequately capture. The curved residual distributions suggested
opportunities for non-linear modelling approaches to better represent the underlying
ultrasonic-battery relationships.

The novelty of this work was the successful demonstration that a single piezoelectric
crystal could provide accurate estimations of both SOC and temperature through
machine learning, e�ectively creating an "ultrasonic thermocouple" that replaces
physical temperature sensors. This proof-of-concept established the potential for
simpli�ed battery management architectures with reduced sensor requirements whilst
maintaining critical monitoring capabilities. However, the research highlighted the
need for larger datasets, validation across diverse battery chemistries, and development
of non-linear models to address systematic biases before practical implementation
could be achieved.
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Chapter 5

Conclusion



5.1 Concluding Remarks

The growing popularity of lithium-ion batteries (LIBs) as both portable and stationary
energy storage solutions cannot be overstated. This trend is driving increased demand
across multiple markets, particularly in the electric vehicle (EV) sector with the
number of EVs on the road to increase from 10 million in 2021 to upwards of 190
million by 2030 [181]. The stationary EES market is also expected to grow from
56 GWh as of 2021 to 2850 GWh by 2040 [182]. Such growth is largely motivated by
the global push for decarbonisation, which seeks to replace traditional fossil fuel-based
technologies across all sectors. Despite their widespread adoption, the understanding
of the topic of LIB safety remains limited, leading to growing area of research. With
this expected increase in growth, there must be a corresponding increase in safety and
monitoring methods to reduce potential risks to both consumers and industry.

This is emphasised by the increase in the number of �res in personal light electric
vehicles (PLEV), rising from two �res in 2017 to 211 in 2024 in the UK [183]. Of the
e-bikes speci�cally, 75% of the �res were due to aftermarket conversion kits, and there
is evidence suggesting that some �res were caused by incompatible chargers, rated up
to double the voltage of the battery involved in the �re [183]. However, with regards to
domestic battery energy storage systems (DBESS), the number of incidents has been
consistent since 2011, whilst the number of DBESS products sold has increased [184].
This highlights an issue with no OEM manufacturers using adequate BMSs on their
batteries, resulting in avoidable abusive usage of LIBs.

Ultrasonic monitoring o�ers a non-destructive, compact approach for detecting
internal material changes in LIBs. This thesis investigates its application for measuring
SOH and temperature. Thereby showcasing the broad versatility ultrasound can
provide both research and industry. Throughout this work, ultrasound has been
used in two distinct ways: �rst, to understand how the SOC, SOH and temperature
a�ect the ultrasonic signal; and second, to reverse-engineering the signal to estimate
arguably, the two most important battery parameters - SOC and temperature. In
this thesis, three experiments have been presented, each presenting novel work that is
either published or submitted for review to leading scienti�c journals.

The thesis provides an in-depth exploration of the mechanics behind this emerging
methodology and incorporates both empirical and statistical analyses. The results sug-
gest that ultrasonic monitoring can play an integral role of future battery management
systems (BMSs), complementing existing techniques providing information on the
internal mechanical structural changes alongside the already provided electrochemical
information. This gives the BMS a more comprehensive dataset for battery monitoring
and management.

5.1.1 Research Paper 1

Research Paper 1 investigated how acoustic signals evolve with battery degradation
by performing long-term cycling on LIBs. A single bonded transducer, set up in a
pulse-echo mode, was used during standard charge cycling tests of 100 cycles. A
consistent shift in TOF was observed as the batteries aged, strongly correlating with
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capacity loss, indicating a measurable decline in SOH.
The analysis revealed that the earlier peaks within the ultrasonic response were

more reliable indicators of SOH likely due to the reduced superposition of internal
re�ections. A peak captured later in the response will be the culmination of multiple
re�ections from within the battery, providing more information than can be extracted,
but also increasing the complexity of untangling such information. In addition, the
study demonstrated that ultrasonic signals could track both long-term degradation
and non linear per cycle SOH �uctuations, such as those caused by regenerative
phenomena and manufacturing variations. It was suggested that the direction of
permanent TOF shifts was in�uenced by cell chemistry, through a discussion of
previous studies compared to the experiments performed.

5.1.2 Research Paper 2

Research Paper 2 explored the individual and combined e�ects of temperature and
SOC on the TOF response in LIBs. By exposing batteries to thermal and charge
cycles, a matrix of temperature and SOC states was produced. This was performed in
a climate controlled environment, using a single transducer, pulse-echo mode setup.
The study demonstrated that while both variables in�uence the TOF, temperature
has a dominant and independent e�ect on the signal.

A positive linear relationship was observed between the TOF and the temperature,
primarily caused by the thermal expansion, and change in sti�ness, of the internal
layers. In contrast, a change in SOC resulted in a negative linear correlation in TOF.
This was driven by the change in material properties of the electrodes, mainly the
negative anode, due to the lithiation/delithiation. Crucially, through the use of a
Global Sensitivity Analysis (GSA), the codependence of temperature and SOC on the
signal was shown to be statistically insigni�cant.

These �ndings demonstrate the predictable and consistent in�uence temperature
and SOC have on the TOF. The linearity and statistical independence of these
variables provide strong evidence that both can be independently estimated using
only ultrasonic measurements, potentially removing the need for additional sensors in
future battery systems.

5.1.3 Research Paper 3

Research Paper 3 demonstrated the �rst application of machine learning algorithms to
ultrasonic LIB monitoring, investigating whether regression models could accurately
estimate SOC and temperature using time-of-�ight measurements. Linear regression
(LR) and Gaussian Process regression (GPR) were compared across multiple training
and testing charge cycles with varying noise levels and peak formatting approaches.

The study revealed that the LR outperformed the GPR when generalising to
independent test cycles, achieving strong correlations and low error margins for both
SOC and temperature estimation. This �nding was counter-intuitive, as the GPR was
expected to better capture non-linear ultrasonic-battery relationships, and performed
better during cross validation. The linear model demonstrated robust performance
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across consecutive charge cycles, though systematic bias was observed at extreme
charge states due to non-linear behaviour.

Peak formatting analysis showed that maintaining the peak order had a signi�cant
e�ect on the estimation, with randomising the order of all available peaks producing
notably worse accuracy than other formats, such as selecting a limited number of peaks
from di�erent time points in the ultrasonic response. The method proved tolerant to
multiple Gaussian noise levels, with moderate noise injection seeing improvement some
estimation metrics likely due to regularisation e�ects. These �ndings demonstrate that
machine learning can be adopted to not only track battery state parameters in-situ
for post use analysis, but estimate multiple parameters, potentially simplifying BMS
instrumentation by reducing equipment requirements.

5.2 Limitations and Future Work

The work presented in this thesis developed methods that used MLs and produced
experimental data that provided insightful results. The �ndings of this work have
successfully answered the research questions proposed in Section 1.2. In doing so,
more questions and avenues for future research presented themselves that can further
improve the utilisation of ultrasonic monitoring of LIBs.

5.2.1 Research Paper 1

The work presented in Research Paper 1 showed a consistent correlation between TOF
shifts and the degradation of LIBs. This work was performed on two pouch cells that
were from the same manufacturing batch. This limited the conclusions of the results.
The battery-to-battery variation, despite being from the same batch, was likely due
to transducer bonding or manufacturing variation. The lack of temperature control
resulted in ambient temperature variation alongside the internal heat generation of the
charging/discharging, adding an additional variable a�ecting the battery degradation.
The single cathode chemistry limited the conclusion of the cathode having an e�ect
on the TOF shift direction to only an implication, despite the comparison to previous
research.

In order to further the �ndings of this work, repeats of this experiment should
be performed. This should be done with various cathode chemistries, and a larger
number of batteries being cycled in tandem. This will provide results explaining the
di�erence in chemistries within the literature, and will allow for the assessment of
the generalisation or deviation of the observed trends. Performing this experiment
in a temperature control chamber would reduce the environmental impact on the
battery degradation. Extending the length of the test to end-of-life would observe
whether the ultrasonic behaviour is consistent as the degradation persist. The addition
of post-mortem analysis would con�rm the degradation mechanism of the batteries,
potentially associating certain mechanisms to behavioural di�erences in the TOF
measurements.
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5.2.2 Research Paper 2

A large part of this study was dedicated to the e�ects of temperature on the ultrasonic
signal, speci�cally the TOF, alongside the SOC. The focus on temperature was chosen
due to the lack of interest shown within the literature. The work presented in Research
Paper 2 established the individual and combined e�ects that SOC and temperature
had on the TOF measurements. Notably, the dominance temperature had, as well as
the lack of combined in�uence on the TOF, leading to the work conducted in Research
Paper 3.

All measurements were conducted using discrete SOC steps and a �xed temperature
pro�le per SOC state. This limited the resolution of the dataset, and excluded dynamic
charging conditions seen in real-world use. The chemistry of the batteries, being
purely NMC, prevented evaluation of whether the observed linearity and independence
between variables holds across di�erent cathodes. Additionally, the magnitude of
TOF changes with temperature and SOC varied between batteries from the same
batch, indicating possible manufacturing variations that may reduce con�dence in the
reproducibility of the results.

Future work should apply the GSA to data collected from a standard charge
cycle, within a temperature control chamber. This would determine whether the
statistical independence of temperature and SOC e�ects on the ultrasonic response
is universally valid. Similarly to Research Paper 1, repeating this experiment with
di�erent chemistries would allow for the comparison of the ultrasonic behaviour; to
con�rm if the linearity and magnitude of the relationships between SOC, temperature
and TOF is universal or not. Performing this with greater temperature and charge
resolution would provide greater granularity and insight.

5.2.3 Research Paper 3

The machine learning approach presented in Research Paper 3 showed promising
results for ultrasonic estimation of multiple parameters of LIBs, but several limitations
constrained the broader applicability of these �ndings. The study was conducted on
only two cells from the same manufacturing batch and chemistry (NMC), limiting
conclusions about generalisation across di�erent battery types and manufacturers. The
training and testing cycles were sequential, providing limited insight into long-term
model stability as batteries undergo signi�cant degradation over extended cycling.

The systematic bias observed in residual analysis, particularly the curved dis-
tribution indicating consistent over- and under-estimation at di�erent SOC ranges,
suggests that linear regression oversimpli�es the non-linear aspects of relationships
between ultrasound and the battery. The pronounced hysteresis e�ects, which has
been observed to increases as cells undergo cycling within literature, indicated more
complexity in the relationship that may not be accurately modelled with a simple
linear regression.

Future work should validate the model across larger battery populations with
diverse chemistries and manufacturing batches to assess generalisation capabilities.
Investigation into non-linear regression models, such as neural networks, could address
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the limitations identi�ed in the residual analysis. Testing on charge cycles further
removed temporally from the training data would assess long-term model stability
and robustness to battery degradation e�ects. Additionally, investigation of dynamic
charging conditions rather than controlled laboratory cycles would better re�ect
real-world operating scenarios.
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Chapter 6

Battery age monitoring: Ultrasonic
monitoring of ageing and degradation

in lithium-ion batteries



Abstract

Lithium-ion batteries, widely used in modern technology, degrade with use, leading
to reduced capacity and power output. Monitoring and diagnosing this degradation
is essential, and ultrasound has emerged as a potential tool because of its low cost
and non-destructive nature. Studies have noted changes in ultrasound behaviour
with battery degradation, making it potentially valuable for tracking battery health.
However, the behaviour of ultrasound as a battery degrades has been an issue within
studies. This paper explores the relationship between state-of-health (SOH) loss and
permanent ultrasonic signal changes over 100 charge cycles. A strong correlation was
found between SOH reduction, observed to be caused by the loss of lithium inventory
(LLI), and shifts in ultrasound signal responses. The analysis of individual peaks
within a single acoustic signal showed consistent shifts in time-of-�ight (TOF), often
trending toward shorter TOFs. In particular, the rate of degradation was not entirely
linear, with �uctuations observed across the cycles. These �ndings suggest that
ultrasound can e�ectively monitor the rate of lithium-ion battery degradation. Future
work could expand on these results by inducing varied degradation conditions and
cathode chemistries to determine speci�c TOF shifts, enhancing detection methods
for di�erent degradation mechanisms in lithium-ion batteries.

Keywords: Lithium-ion battery; Battery Degradation; Ageing mechanism; Incre-
mental capacity; Ultrasonic acoustics
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6.1 Introduction

6.1.1 Battery SOC and SOH

Lithium-ion cells have become commonplace in handheld electronics, such as mobile
phones and laptops, and in larger energy storage, such as electric vehicles and grid
storage since their commercialisation in the 1990s [3� 5]. This can be attributed to their
high energy density, high operating voltage, no memory e�ect, and small levels of self
discharge [7,185]. However, there are limitations with this technology: stress-induced
material damage, capacity fade, and thermal instability which can lead to thermal
runaway. Optimal use will provide a �nite number of charge/discharge cycles, and
nonoptimal use will lead to faster degradation of cell life and an increased rate of loss
of cell performance [186].

In order to ensure safe, e�cient usage of lithium-ion cells, battery management
systems (BMS) have been developed and deployed. A BMS can estimate the state-of-
charge (SOC) of a lithium ion cell, which is the ratio of the current cell capacity to
the maximum capacity of the cell. This can be estimated using measured values, such
as Coulomb counting and open circuit voltage lookups, or using modelling approaches
such as electrochemical circuit models and neural networks [49,187]. Other examples of
common BMS methods include: the equivalent circuit model, utilising the open-circuit
voltage, ohmic internal resistance, and resistor-capacitor network to model a cell [4];
and support vector machines, which use machine learning algorithms to estimate
SOC [49]. These approaches each have their individual bene�ts and drawbacks:
experimental methods require less computational e�ort and allow easier estimations
than modelling approaches, whilst having greater estimation errors [51].

BMSs are capable of providing state-of-health (SOH) estimates based on compar-
isons between current and past cell performance [178], or by measurable parameters
and comparisons to electrochemical models [51]. These parameters include, but are not
limited to, internal resistance, terminal voltage, and self-discharge resistance [188,189].
However, all these methods use values that measure the electrical state of the cell and
do not provide accurate measurements of the internal physical state of the cell [190].
Hybrid approaches, involving both empirical data and models, can greatly improve
SOH accuracy [191], but these require large datasets and greater computing power.

Estimating the SOH of a cell is a complex task. Several de�nitions and methods
are being deployed for SOH estimations. See ref [192] for further details. The SOH can
also be estimated as a function of open circuit voltage (OCV), incremental capacity
analysis (ICA) curves, [193], and based on the internal resistance of the cell [194]. One
of the most common methods to estimate the SOH is by coulomb counting [51]. It
is de�ned as the ratio of the maximum capacity at cycle t,Qt (A h), to the original
maximum capacity, Q0:

SOH =
Qt

Q0
� 100% (6.1)

This allows for the capacity fade of the cell to be measured, which can be caused by
multiple physical and chemical reactions. These are outlined in the supplementary
material in Figure S1.
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6.1.2 Ultrasonic Non-Destructive Monitoring of Lithium-ion
Batteries

Recently, there have been many studies using ultrasound to measure internal changes
in-situ in order to estimate the health and performance of lithium-ion cells [90,94� 96,99].
Ultrasound is de�ned as sound with a frequency above the human hearing range,
normally around 20 kHz [61]. It is a well-developed non-destructive technique used
for detection of surface and subsurface changes in bodies of interest. Piezoelectric
transducers are excited to generate ultrasonic pulses that travel through bodies of
interest and get partially re�ected at interfaces, such as between two materials, a crack
or an air bubble. In addition to monitoring, ultrasound has been used to improve the
leaching of active materials from spent LIBs [195,196] which exposes the cells to high
powered, continuous wave. The improvement in the electrochemical performance of
LIBs via ultrasound has also been investigated by subjecting cells to a continuous low
power acoustic energy [197].

The relationship between ultrasonic signals and battery SOH is complicated when
considering the numerous side reactions that can a�ect the SOH. Side reactions occur
almost everywhere because of the electrochemical nature of LIBs, both during normal
and abusive conditions. Such reactions include lithium plating, SEI formation and
growth, gassing, electrode delamination, and porosity [198,199]. Post-mortem analysis
has con�rmed these reactions to be detected, however there is an issue of decoupling
these e�ects for more accurate detection. If multiple reactions occurred within a cell,
the ultrasonic response would not be able to discriminate between them.

When LIBs are cycled, there is a cyclical, reversible change in the TOF through the
cell that correlates with the SOC. As the cell is charged, the TOF decreases; as the cell
is discharged, the TOF increases. There are di�erent reports on the direction of the
permanent TOF shift in the literature. The TOF also experiences an non-reversible
shift as the cell degrades, which is independent of the SOC. This overall TOF shift
is related to the SOH (distinct from the cyclical TOF change driven by the SOC)
and is hereafter called the permanent shift. The permanent shift has been observed
with di�erent acoustic frequencies, from 90 kHz to 2.25 MHz. The direction of the
permanent shift varies within the literature; a permanent shift to a shorter TOF was
observed by [95,200], while a longer permanent shift was observed by [94,96,201].

Using a low C-rate reduces the self-heating temperature of the cell due to ohmic
heating (heat from the resistance of lithium-ions moving through the electrolyte)
and allows for even lithium-ion deposition dispersion [202]. This allows for a more
isolated look at degradation methods caused by chemical physical reactions as a result
of normal operation rather than as a result of extreme external factors. As stated
in [203], some degradation methods occur outside the safe operating conditions, such
as cathode degradation at relatively high temperatures (45 °C) [204] and electrode
damage and potential rupture at high C-rates [205].

In this work, temporally resolved ultrasonic TOF measurements are performed
in lithium-ion cells to investigate the e�ect of cell degradation on the permanent
shift of the acoustic signal. The cells were cycled for over 100 cycles at a low C-rate
within the manufacturer's voltage limit to mitigate pronounced degradation whilst
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ageing. The cycle number was selected as the cells were rated for 301 cycles by the
manufacturer, so the e�ect of cell ageing is accelerated. This allows for a comparative
exploration into ageing and the e�ects on the ultrasonic response. Multiple re�ections
were analysed to investigate and compare correlations and permanent shift directions
between peaks with di�erent TOF within the A-Scan.

6.2 Experimental

6.2.1 Battery Instrumentation

This work involved testing two nominally identical cells, cell A and cell B. The cells
were commercial pouch lithium-ion batteries 2000 mA h with consisted of a cathode
with NMC chemistry and a graphite anode (stock number 125-1266 RS Pro, London,
England) with dimensions of 63 x 43.5 x 7 mm. The cells were purchased at the
same time, from the same manufacturing batch and were manufactured on the same
day. The cells were instrumented with a single ultrasonic piezoelectric transducer of
dimensions 10 mm x 5 mm with a central frequency of 2 MHz. (DeL Piezo Specialties,
LLC, FL, US), which were bonded to the cell surface using a commercial adhesive.
The centre frequency in�uences the penetration depth, signal attenuation and wave
sensitivity. Based on previous studies [7,82,206], 2 MHz was determined as the most
suitable frequency. Each cell was instrumented with a single transducer that will act
as both transmitter and receiver. A thermocouple was attached to the surface of each
cell to record the surface temperature.

6.2.2 Ultrasonic Pulsing and Receiving

The acoustic response was obtained using a Picoscope 5444D oscilloscope, operated
by proprietary Picoscope 6 software (Pico Technology, Cambridgeshire, UK). The
Picoscope acted as both a function generator and an acoustic DAQ. The signal was
produced by, and the re�ections were captured by the Picoscope.

The acoustic signal was controlled through a bespoke virtual instrument (VI) built
in LabVIEW, utilising the Picoscope 6 software. This VI also allowed recording of
the surface temperature along with the ultrasonic signal, both of which were recorded
once a minute. Each capture lasted for one second and recorded 50 pulses, of which
the average was taken and used for analysis. The resolution of each pulse was 3900
discrete measurements. This provided a sampling interval of 7.7 ns over a time window
of 30 µs. The source wave for each pulse consisted of three sinusoidal waves, with an
amplitude of � 2 V, that transmitted through the cell and were re�ected back to the
transducer once they reached the opposing face of the cell. The surface temperature of
the cells was monitored using a K-type thermocouple. The temperature was recorded
using the NI-9211 temperature input module (National Instruments, TX, US).

Both cells were cycled at the same time. To capture the acoustic data from both
cells, a bespoke multiplexer was used to connect the cells to the Picoscope. This
allowed a single Picoscope channel to be used. A sequence table was created to control
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the acoustic inputs and the parameters of the recorded response. As the cells were
connected through a single channel, cells were recorded sequentially. The VI was also
designed to receive multiple thermocouple inputs at the same time.

6.2.3 Battery Cycling

The cells had a maximum charge rate of 0.5 C and a maximum discharge rate
of 1 C and were cycled at 600 mA h (0.3 C) using a MACCOR Model 4600A
Automated Test System (MACCOR, OK, US) in a constant current-constant voltage
(CC-CV) cycle. Internal heat generation has been shown to have a dependency
on the C-rate, with higher C-rates resulting in greater heat generation [207]. An
increase in heating can cause accelerated ageing in LIBs [208]. The focus of this
work is to investigate degradation through internal mechanical and structural changes
with reduced in�uences from controllable factors such as C-rate and temperature.
Ultrasonic equipment can be sensitive to temperature, and the exploitation of this is
called ultrasound thermometry [209]. To reduce the in�uence of temperature on the
ultrasonic response to ensure that cell ageing has the greatest in�uence, the C-rate for
this work was kept low. The charge cycle saw the cells charged between 3.0 V (0%
SOC) and 4.2 V (100% SOC). The upper and lower voltages were held constant until
the current dropped below 60 mA h (0.03C) (see Table 6.1).

Phase Mode Voltage (V) Current (mA)

Charge Constant current 3.0 to 4.2 600
Constant voltage 4.2 600 to 60

Discharge Constant current 4.2 to 3.0 600
Constant voltage 3.0 600 to 60

Table 6.1: Charge cycle parameters.

6.2.4 Signal Processing

The charge data, surface temperature, and acoustic response were recorded every 60
seconds throughout the test. The re�ected signal (A-Scan) of cell A at the beginning
of the test is shown in Figure 6.1a. The acoustic signal contained information such
as the TOF and the signal amplitude. The charge data includes information on the
voltage, current and estimated battery capacity. To correlate the acoustic data with
the charge and temperature data, a method called peak tracking was employed. In
Figure 6.1a, the �rst seven peaks are related to the pulse generated that created the
acoustic signal and the associated damping. These peaks are highlighted by the blue
shading. The other peaks relate to re�ections or re�ected signals - acoustic signals
that have travelled through the cell and returned to the transducer. As lithium ion
cells have multiple layers, either rolled or layered, there are many interfaces. The cells
used in this work were purchased from the same batch at the same time. Due to the
nature of cell manufacturing, there may be di�erences between the cells.
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Each interaction between the acoustic signal and an interface results in a part of
the signal being re�ected in the original medium and a part transmitted in the new
medium. Therefore, some signals can get trapped re�ecting between two interfaces,
whilst some of the signal travels through the entirety of the cell. The signal detected
by the transducer is a superposition of all the re�ections that have split within the cell.
A single interface cannot be related to a single peak as a result of this, as the number
of interfaces that are superimposed in the signal increased as the TOF increased.
Therefore, the highest peak is unlikely to have the best correlation, as investigated
by [7]. In order to ensure that the peaks analysed provide the strongest correlation to
the loss in SOH, a peak tracking method was employed.

Peak tracking involved selecting individual peaks and recording the respective TOF
and amplitude change throughout the cycles [7]. This is done by creating windows
centred on the peaks representing a set time either side of the selected peak in the
TOF domain. Between each data point, the greatest amplitude is found within the
window range is found, and the windows were shifted to maintain the original set
distance from the new peak. This is repeated throughout the dataset, resulting in
a spectogram of the A-Scan focused on the peak in question. This method allowed
for the identi�cation of the peak that had the strongest correlation with the internal
battery changes.

Selecting multiple peaks individually creates the capability to compare the results
of individual peaks across the A-Scan. In doing so, two peaks were selected for each
cell. For cells A and B, these are Short A, Long A, Short B, and Long B, respectively.
The naming convention is related to where in the A-Scan (i.e. the TOF) the peaks were
selected. Short A and Short B were selected from earlier peaks in the A-Scan, and Long
A and Long B were selected from later peaks. The reason for this is due to the internal
structure of the cells tested. The cells have a prismatic winding construction which
results in spacing in the centre of the cell. This spacing is enough to create an acoustic
barrier and was con�rmed by Copley et al. when a genetic algorithm was able to
accurately predict the internal construction of the cell [210]. The algorithm identi�ed
an irregularity in the centre of the cell, which corresponds to a prismatic winding
construction. This spacing resulted in a proportion of the signal being re�ected. The
resultant re�ected signal is a half-re�ection in which the signal has only travelled back
and forth through half the cell. As such, the second re�ection was a superposition of
the half-re�ection after two passes, and the full re�ection having made one pass.

Figure 6.1a shows the A-Scan of cell A. The two peaks, Short A and Long A,
are highlighted with the dotted lines. The green shaded area identi�es the �rst two
re�ections, or the �rst half-re�ection and �rst full re�ection, as described earlier. The
blue shaded area therefore emphasises the third and fourth re�ections. The change
in the TOF of peak Long A, highlighted in Figure 6.1a, over all the charge cycles
is shown in Figure 6.1b. The colour of the plots change from yellow to blue as the
signal amplitude decreases. The red line denotes the location of the peak that is being
tracked within the peak window of Long A. In order to improve the signal-to-noise
ratio of the signal, the selected peaks were denoised using wavelets via the wdenoise
function in MATLAB.

What can be seen in Figure 6.1b is a cyclical increase and decrease in ToF alongside
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