
eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk

Universities of Leeds, Sheffield and York

Deposited via The University of Sheffield.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/id/eprint/203538/

Version: Accepted Version

Article:

Copley, R.J. and Dwyer-Joyce, R.S. (2023) Prediction of the internal structure of a lithium-
ion battery using a single ultrasound wave response. Journal of Energy Storage, 72, Part 
E. 108778. ISSN: 2352-152X 

https://doi.org/10.1016/j.est.2023.108778

© 2023 Crown Copyright. This is an author produced version of a paper subsequently 
published in Journal of Energy Storage. Uploaded in accordance with the publisher's self-
archiving policy. Article available under the terms of the CC-BY-NC-ND licence 
(https://creativecommons.org/licenses/by-nc-nd/4.0/).

Reuse 

This article is distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs 
(CC BY-NC-ND) licence. This licence only allows you to download this work and share it with others as long 
as you credit the authors, but you can’t change the article in any way or use it commercially. More 
information and the full terms of the licence here: https://creativecommons.org/licenses/ 

Takedown 

If you consider content in White Rose Research Online to be in breach of UK law, please notify us by 
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request. 

mailto:eprints@whiterose.ac.uk
https://doi.org/10.1016/j.est.2023.108778
https://eprints.whiterose.ac.uk/id/eprint/203538/
https://eprints.whiterose.ac.uk/


1 

 

Prediction of the internal structure of a lithium-ion battery 

using a single ultrasound wave response 
 

R.J. Copley and R.S. Dwyer-Joyce. 

 

Department of Mechanical Engineering, University of Sheffield, Sheffield, UK. 

Abstract 

 

This paper describes a means to predict the internal structure of a lithium-ion battery from its 

response to an acoustic impulse, using a machine learning algorithm. Lithium-ion batteries 

are sealed components and the internal states of the cell such as charge, health, and presence 

of structural defects are difficult to measure. Ultrasonic inspection of lithium-ion batteries is a 

recent and growing area of research. Reflected and transmitted ultrasound pulses are 

proposed as a non-invasive means of gaining insights into the internal structure and changes 

within the closed body of a cell. However, the multiple layers present in a lithium-ion cell are 

problematic when attempting to interpret waveforms as many internal reflections 

superimpose. Attributing specific features of a cell to wave characteristics is challenging. 

  

In this work a genetic algorithm has been developed as a means to reverse engineer a single 

ultrasound wave response to predict the internal layered structure of a lithium-ion battery cell. 

A first randomised guess at the layered structure is made. A numerical wave propagation 

model is used to predict the ultrasound waveform associated with that structure. This 

waveform is then compared with a measured or reference waveform to establish its fitness. 

The layered structure is generationally mutated until the predicted waveforms converge on 

the reference signal. As this occurs the predicted layered body reveals insights into the cell 

structure under inspection. 

  

Initially, the algorithm was tested against an idealised model battery and its predicted 

waveform, giving a model-model verification. Further, experimental ultrasonic reflection 

signals were captured from small capacity lithium-ion cells. Estimations of layer structure 

predicted by the model were compared with CT-scans of the cells to assess performance. The 

genetic algorithm was found to be effective in converging the predicted wave response to the 

reference signal and creating accurate battery structures. It was shown that only part of the 

waveform was required to generate accurate predictions, which is helpful in avoiding parts of 

the signal contaminated by near field transducer effects. 

  

It was demonstrated that the genetic algorithm can predict material wave speed to 40-1100 

m/s (3-29 %) accuracy when battery layer geometry is provided; and thicknesses to within 

approximately 0.02-7.5 µm (1-13 %) when material properties are provided. Providing the 

genetic algorithm with parameter constraints; either the layer topology and/or the material 

properties, substantially improved predictions to estimate the wave speeds on average to 

approximately +/- 50 m/s (3-4 %) and the layer thicknesses +/- 5 µm (7-8 %). 

 

This raises the possibility of the use of this approach to predict state of charge when the 

battery construction is known, or the presence of internal defects and damage to a known 

battery material composition. 
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1. Introduction  

 

There has been a substantial increase in the use of lithium-ion batteries in a range of 

applications, from handheld consumer technology to electric vehicles, since their introduction 

in the 1990’s. This growth is expected to continue over the course of the next 10 years 

especially in the electric vehicle market [1]–[3]. To facilitate the safe, efficient, optimal usage 

of lithium-ion batteries, battery management (BMS) systems have been developed and 

employed. BMS have traditionally used external battery measuring methods such as coulomb 

counting, open-circuit voltage look-ups, and electrochemical impedance spectroscopy for 

battery reporting of state of health and state of charge [4]–[6]. More recently, non-invasive, 

real-time internal battery changes have been measured using ultrasonic pulse responses [7]–

[10]. Piezo-electric transducers were used to generate ultrasonic pulses that partially reflected 

and transmitted at the different layers within the battery. The recorded wave amplitude 

variation with time, known as an A-scan, is a composite of these internal reflections (or 

transmissions). The changes in wave response have been found to correlate with battery state 

of charge (SoC) and state of health (SoH) [11]. There is good progress in this growing area of 

battery monitoring research, including spatially resolved measurements [12], defect detection 

[13]–[15] and real time degradation monitoring [16]. However, due to the large number of 

layers contained in lithium-ion cells [17], gaining deeper insights from ultrasonic wave 

responses remains challenging. 

 

Genetic algorithms (GA) have been used in battery monitoring research previously where 

combinations of genetic algorithms and multivariate regression accurately estimate and 

model the State of Charge in Electric Vehicles [18]. In ultrasound, genetic algorithms have 

been employed in solving inverse problems in tomographic reconstruction, using time-of-

flight data from ultrasound transmissions [19] and genetic algorithms have been utilised for 

processing and analysing ultrasonic signals obtained during thickness measurement, primarily 

in oil duct inspections, with the aim to accurately identify ultrasonic echoes for precise 

thickness measurements and detection of flaws such as cracks and corrosion [20]. Ultrasonic 

sensing of lithium-ion pouch cells has been combined with data fusion analysis [21], and 

ultrasonic analysis and machine learning techniques have been applied to predict state of 

charge and health of batteries [22]. However, no study has been found that employs genetic 

algorithm to gain insights from ultrasound responses in order to assess the internal structure 

of a lithium-ion cell. 

 

In this work, a genetic algorithm has been constructed with the aim of using a cropped 

section of a single ultrasonic wave response to determine the component cell layers that 

would create that reference signal. In this way the internal structure of a cell can be reverse 

engineered from an ultrasonic reflection and transmission signal.  This approach could then 

potentially be used to identify cell structure, charge, defects, or damage from easily measured 

ultrasonic signals. It was reasoned that genetic algorithms, with their inherent ability to 

search across a large, complex solution space, would be particularly well-suited for this task. 

The potential complexities and non-linearities involved in the wave response of a lithium-ion 

cell are unsuited to deterministic methods, while a genetic algorithm can explore and adapt to 

these complexities over multiple iterations. The choice was further motivated by the 

algorithm's robustness to local minima. The successful application of the approach, as 
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demonstrated by the results, vindicates this choice, and supports the continued use of such 

evolutionary computation techniques for similar challenges in the future. 

2. Background 

 

A wave incident at an interface between two bodies will cause some portion of the wave to 

transmit through the boundary with the remaining wave energy reflected. Each time this 

occurs, a new wave is created which subsequently travels through the body, encountering 

further interfaces according to the same rules. Taking measurements from an ultrasound 

response through a multi-layered lithium-ion battery is challenging due to the super-position 

of individual wave components; there is little physical insight available from individual 

reflections in an A-scan [17]. These theoretical challenges associated with ultrasonic 

monitoring of batteries are described in this section.  

 

a) 

 

b) 

Figure 1: a) Schematic of waves travelling through a 3-layered body. Nodes indicate reflection/transmission events at 

each interface generating new wave paths. Waves all travel normally through the body – in the schematic the x-axis is 

the time of travel.  b) An A-scan showing accumulation of the wave paths into a series of reflections. Peaks are colour 

coded according to the path followed. 

 

Figure 1a shows the evolution of waves travelling through a simple 3-layered body. Nodes 

are marked at each location where the signal transmits and reflects creating a new wave path. 

The proportion of the wave amplitude reflected at each interface is described by a reflection 

coefficient R. Reflection coefficient depends on the acoustic impedance mismatch between 

the two materials according to; 

 

𝑅 =
𝑧! − 𝑧"

𝑧! + 𝑧"
	 Eq. 1 

 

Where zn is the acoustic impedance of the material 𝑧# = (𝜌#	𝑐#), ρ being the material density 

and c being the sound velocity for the material. The reflection coefficient R varies between 0 

and 1 and the transmission coefficient, T is 1-R. 

 

As lithium-ions pass between anode and cathode during charge cycling, the material density 

will change. This has two effects, firstly changing the acoustic impedance mismatch and 



4 

 

hence wave reflection; and secondly changing the speed of sound and hence time of flight 

through the battery. 

 

When a single pulse is generated and the reflections are received, multiple reflections are 

associated with each layer, Figure 1b shows the received A-scan from pulsing through the 3-

layered body. The peaks are colour coded to show the origin of each peak in the wave 

response. In this highly simplified construction, the A-scan quickly produced reflections that 

would be difficult to attribute to any one specific layer with certainty. 

 

A lithium-ion battery is a multi-layer construction, consisting of multiples of anode, cathode 

and separator layers, each of which is referred to in this work as a ‘unit cell’, see Figure 2. 

The cell size depends on the number of unit cells contained in a battery and will relate to the 

battery capacity. This raises two important issues, firstly, the dimensions of the layers 

themselves becomes an issue, with waves spanning multiple layers, the subject of discussion 

in the section 2.1. Secondly, the number of layers creates a complex and chaotic wave 

environment and quickly becomes difficult to identify wave paths from A-scans, this is 

discussed in section 2.2. Note here that the battery construction is defined in terms of a cell 

during discharge, without reference to charge cycling in this work. These definitions are 

consistent throughout. 

 

 
Figure 2: Schematic showing the roll construction inside a typical pouch cell. The roll creates multiple layers through 

which the sound wave will pass (here modelled as an 1D array). A single assembly of separator, cathode, separator, 

anode is here termed the ‘unit cell’. 

2.1. Partial Reflections 

 

In current literature on the ultrasound monitoring of lithium-ion batteries many studies use 

sensors/pulse frequencies between 2 MHz and 2.5 MHz [7], [16], [17], [23]–[26]. With layer 

thicknesses in a battery cell approximately 25-100 µm, the wavelength (λ) from these 

frequencies will span multiple layers at once travelling through the cell. The wave travels 

through the cell and returns to the sensing edge with undefined characteristic responses as 

shown in Figure 3 (for illustrative purposes this figure has been created using wave 
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propagation modelling through a layered body described in Section 3.1). The response from 

the pulsed sine waves (red box) reaching the far side of the cell may be detectable (magenta 

box), however a collection of undefined peaks is also found in the green boxed region in this 

instance. 

 

 
a) 

 
b) 

Figure 3: a) Pulse/echo path taken through a model multi-layered cell. Transmitted waves (shown in the red box) and the 

‘reflections’ from the far side of the cell (magenta box) are highlighted, undefined accumulated received signal is 

highlighted in the green box, b) A-scan showing the pulse/echo regions in red/magenta boxes and undefined 

accumulated signal in the green box. 

 

Waves have a more complex relationship with material interfaces where the waves span 

multiple layers. In a layered system where the wavelength is shorter than a single layer 

thickness there will be clear reflected and transmitted sine waves. Whilst in the case where 

wavelengths span multiple layers partial reflections ’alter’ the waves as they pass through 

layers. This continual misshaping occurs and compounds throughout the journey of the 

waves. All these partial reflections superimpose to form a complex pattern that is difficult to 

interpret. 

 

2.2. Accumulated Constructive/Deconstructive Interference 

 

The creation of new waves at each interface causes rapid escalation in signal response 

complexity, even with a few layers. This is demonstrated in Figure 4 which shows a six-layer 



6 

 

body, for simplicity, each layer is of equal thickness. Each node shows the possible pathways 

a wave would take to reach that point. The values along the left-hand edge (the sensing edge 

during pulse/echo, single sensor configuration) are of particular interest. In fact, the sequence 

formed along this edge is known as the Catalan numbers. This number sequence provides a 

solution to many counting problem applications, such as polygon triangulation, binary trees, 

and multiplication ordering [27], [28]. In this case the chaotic extent of constructive and 

deconstructive signal interference can be described using the formula  

 

𝑝$ =	
(2𝑙)!

𝑙! (𝑙 + 1)!
	

Eq. 2 

 

Where p is the total number of pathways taken through all transmission/reflection routes to 

gain a ‘full reflection’ from an opposing face in pulse/echo configuration, through l number 

of layers. The accumulation of partial reflections prior to a full reflection form in the signal 

response, their features are difficult to interpret and can obscure the location of the full 

reflection. Summing these features along the sensing edge show the return of 196 unique 

wave paths through these 6 layers. 

 

 
Figure 4: Accumulation of partial transmissions/reflections as an incident pulse travels through a six-layered body. Each 

node shows the number of paths that will arrive at that point with varying degrees of strength. 

 

In previous battery modelling [17], to simulate a typical lithium-ion cell, approximately 20 

unit cells (anode-separator-cathode) were defined. Each unit cell has 4 boundaries giving a 

body with at least 80 layers. Using Equation 2 the full reflection through an 80 layered body 

would contain the accumulation of approximately 1.13 × 1045 wave paths. 

 

Further, to estimate the permutations of layer properties, assume the material wave speeds of 

the three component parts of a unit cell can range from 500 m/s to 6000 m/s, rounded to the 

nearest 100 m/s for simplicity. The thickness of each layer can range from 50µm to 100µm 

rounded to the nearest 5 µm. Half the number of active layers can range from 5 to 10 with a 

repeat of this around the centre space. Giving 113 x 563 x 5 ~ 1.17 x 109 permutations.  

 

There are therefore two difficulties when interpreting acoustic responses when the waves 

cross many layers whilst travelling through the battery cell. Firstly, even if differences 
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between cells, or the same cell in different states (e.g. charge or health) are very minor and 

localised, the chaotic nature of the wave response would cause the small change to be 

difficult if not impossible to interpret – the butterfly effect. The second problem is the vast 

scope for layer property differences in a closed system such as a lithium-ion battery cell. 

Without knowing the exact material properties of all layers contained within the cell, 

predicting, and evaluating an ultrasound wave response is problematic. 

 

2.3. Use of Chaotic Accumulation of Partial Waves in GA Estimation 

 

Considering the above, it is evident that the signal response, particularly in pulse/echo sensor 

configuration, produces a waveform with subtle features specific to the precise layered 

structure under inspection. This paper suggests a method to use this chaotic and unpredictable 

nature of the wave response to reverse engineer the signal into the properties of the layers 

contained within a battery cell. 

 

A heuristic approach to this problem is considered, providing approximations and estimations 

rather than the perfect solution. Metaheuristics are a set of intelligent strategies designed to 

enhance the efficiency of approximation techniques when dealing with larger scale, 

combinatorial, non-linear optimisation problems [29]. One such example is the genetic 

algorithm (GA), which is a nature inspired, population-based metaheuristic algorithm where 

the fittest solutions pass information to subsequent generations [30]. GA’s are commonly 

used to solve complex problems from a range of fields such as; scheduling, forecasting, 

image/video processing, medical imaging, and engineering [31]. 

3. Algorithm Construction 

 

3.1. Multi-Layer Acoustic Reflection Model 

 

The algorithm is based on the multi-layer cell acoustic reflection model, developed in 

previous work [17], which follows from similar models in engineering acoustics [32]–[34]. 

The model predicts the passage of a wave perturbation through the layered body, based on a 

finite difference solution to the 1D wave partial differential equation: 

 

𝑢%% = 𝑐!𝑢&&	 Eq. 3 

 

Where u is the wave position in space x and time t. The wave speed c is applied as an array of 

values simulating the material wave speed in each layer. The differences in speed values 

between nodes provide the material interfaces from which reflection and transmission events 

occur. 

 

Simulated ultrasound pulses are transmitted through the candidate layers to retrieve the wave 

response provided for that cell estimation. Figure 5 shows a typical modelled cell and the 

resulting output. In the left-hand picture, an array of 22 unit cells is constructed; the greyscale 

shows the variation in material wave speed, due to variations in density and elasticity in each 

layer material. The right-hand side shows the simulated A-scan wave response from the 

modelled cell.  
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Figure 5: (Left) Battery cell modelled layers, greyscale represents material wave speed, layer thickness drawn to scale. 

(Right) Predicted pulse/echo wave response from these modelled battery layers. (Black waves are used throughout to 

represent a reference wave). 

 

The GA is designed to predict a layered structure that generates a wave response that is 

matched to this reference signal. Initially, the GA is tested using this model-model method. In 

theory, at least, the wave can be fully matched and therefore exact layers can be found. Later, 

the GA is used to predict the layered structure associated with an experimentally measured 

single ultrasound wave response from a commercial lithium-ion pouch cell. Applying this 

method to experimentally obtained cells is limited to the quality of available modelling 

techniques. The GA is model independent, the A-scan generation from layered properties can 

be obtained by any means to help improve accuracy.  

 

3.2. Genetic Algorithm Structure 

 

A flow chart of the GA construction is shown in Figure 6. An initial random guess of the 1D 

layered battery structure is made, constructed according to rules set out to simulate a lithium-

ion battery cell as described in Figure 2. In section 4 we explore how starting with some 

predefined parameters affects the solution. 

 

A population of mutations is created, and the model of section 3.1 used to predict the acoustic 

response of each mutation. The acoustic response from each candidate in the population is 

compared to the measured reference acoustic response, and the fittest chosen for propagation. 

The GA runs until either a threshold below which a solution is considered close enough is 

reached, or when an imposed time limit is exceeded. 
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Figure 6: Genetic algorithm flow schematic. An initial guess at the cell layer structure is made; a population of mutations 

is created. The ultrasonic response of each mutation is predicted. Each predicted response is compared to the measured 

ultrasonic response. The fittest solution is chosen for propagation. (Red waves are used throughout to represent a latest 

match of the entire waveform). 

3.3. Mutation Rules 

 

The mutation rules form one of the most important parts of the GA, shown graphically in 

Figure 7. The basis of the cell construction for each candidate follows the same structure: 

 

{casing : n(unit cells) : central separator : n(unit cells [mirrored]) : casing [mirrored]} 

 

Where n is the number of unit cells where each unit cell is comprised of (cathode-separator-

anode-separator) as shown in Figure 2. There are five methods of mutation, denoted M1 

through to M5, each of which occur at the specified mutation rates. 
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Figure 7: Schematic diagram of the five mutation rules used to generate a new population. 

M1. In this strand one of the following mutations can occur in the casing layers: 

a. An additional layer is inserted in a randomised position. 

b. A random layer is removed.  

c. The ordering of layers is randomly swapped. 

d. A new randomised set of layer parameters (number of layers, wave speed, 

thickness) is generated. 

M2. In the unit cell, the thickness of one of the layer types can be randomly altered. 

M3. In the unit cell, the wave speed of one of the layer types can be randomly altered. 

M4. The ordering of thickness or wave speed parameters can be swapped randomly. 

M5. The number of units cells can be changed to a new random value. 

The rules for these mutation events occur according to chance for each candidate at each 

generation. 

 

3.4. Fitness Testing - Wave Matching 

 

For the GA to work, a suitable fitness test must be applied to each candidate to determine 

which waveform is most closely matched to the reference signal. There are three main steps 

to ensure the best matched candidate is chosen, such that the fittest layer parameters can form 

the basis for the next generation. Figure 8 shows a selection of sample candidates together 

with some illustrations of measuring methods. In each case the reference signal is displayed 

in black, whilst a candidate waveform is shown in green. 

 



11 

 

1. Correlation was used to compare the likeness of two signals. In the example shown 

in Figure 8a, for candidate 1 a strong relationship is evident by visual inspection, 

although the two signals are slightly out of phase. Compare this to the waveform of 

candidate 2 in Figure 8c, where the reference and candidate signals are closely 

matched in phase. The waveform of candidate 3 is shown in Figure 8d, here the signal 

is anti-phase with the reference. 

2. Dynamic time warping (DTW) is a more robust method of measuring the similarity 

of two signals that have different phases or have common features out of sync [35], 

[36]. This forms the second fitness test for each candidate, an illustration of which is 

shown in Figure 8b. Notice the lines are not horizontal here, they match common 

signal features providing good matching measurements for signals slightly out of 

phase. 

3. Correlation symmetry is where the correlation difference between the first and 

second half of the candidate waveform is measured. Ensuring that the signal has a 

good match with all parts of the reference rather than a strong partial relationship, the 

GA can mitigate the risk of becoming stuck in local optima. In Figure 8 the red lines 

measure the correlation for the first half, blue lines for the second. This process is 

only completed for the correlation tests, as such the measuring line approximations 

are shown as grey for the DTW in Figure 8b. 

 

  
a) b) 

  
c) d) 

Figure 8: Search regions from three candidates (green) compared with reference signal (black). a) Correlation when out 

of phase, b) dynamic time warping when out of phase, c) unbalanced correlation, in phase with, d) anti-phase 

correlation. (Green waves are used throughout to represent the latest match of the search region). 

 

In this instance, the layer parameters that created the waveform of candidate 2, the fittest 

candidate, would be passed to the next generation as the basis for the new population. The 

mutation and selection of the fittest candidate will repeat until the fitness rating value drops 

below the set threshold, or the GA is timed out. 

 

3.5. Monitoring GA Progress 
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This section demonstrates how the GA attempts to estimate the reference cell structure shown 

at the top of Figure 3 and monitor its performance at each iteration. The plots in Figure 9 

track the layer parameters of the fittest candidate of each generation. Figure 9a shows the 

number of unit cells (green) in half of the cell (mirrored around the centre winding space). 

The colour coded dots on the right-hand axis are pinned at the value producing the best 

solution found by the GA. 

 

Figure 9b shows the predicted wave speeds for anode, cathode, separator, and casing. Figure 

9c shows the predicted layer thickness for each component. Together these plots show the 

layer parameters for the fittest candidate selection at each generation. 

 

a) 

 

b) 

c) 

Figure 9: Live search parameters, (a) number of unit cells predicted (b) wave speed of components and (c) thickness of 

individual layers. 

 

The changes driving the GA finding better solutions are based in the fitness testing part of the 

GA. Each time a new best solution is found, the candidate signal is plotted against the 

reference for direct comparison. In Figure 10a the fittest match from an early generation is 

displayed; this is the best solution found at that point. The top panel shows the selected 

search region, subjected to the fitness testing, whilst the bottom panel shows the whole signal 

length with the search region shaded in grey. 
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a) b) 

Figure 10: Best match plots, black plot is the reference signal, green is search region best match, red is full wave 

response match, a) early test best match and b) late test best match. 

 

The match is clearly better by the later generation (Figure 10b) with the green and red lines of 

the candidate waveform closely resembling the reference. Interestingly, as the solution 

converges around the search region, so does the entire waveform around the reference signal. 

This adds weight to the argument that a small sample of the signal contains precise details 

about the specific layer construction of a cell. This is a useful finding if this GA wishes to 

avoid unwanted artefacts in the ultrasonic signal such as transducer ring-down, which can 

occur in the early part of a signal. 

 

A GA progression dashboard is presented in Figure 11. This visually demonstrates the 

evolution of the predicted cell structure as its waveform increasingly aligns with the reference 

signal. The red horizontal line, shown across the bottom panels of the dashboard, marks the 

generation of the last, best found solution and corresponds with the graphical prediction, 

component wave speed, number of layers, and layer thickness for that prediction. 

 

The success of the GA is measured in the bottom right corner of the dashboard. The blue line 

shows GA threshold tracking and should converge to the dotted line on the left, while the 

orange line shows the correlation for the full wave response with the reference, ideally 

trending towards 1 on the right. The learned layer progression is displayed in the top left 

corner of the dashboard, where common layer dimensions are collated and shown. The wave 

response for the search region and full response signal for the last best solution are compared 

with the reference in the centre and right side of the top panel of the dashboard. 

 

Videos of shortened sequences of the GA progression dashboard are included in the 

supplementary material which help visualise context and development of each panel. 
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Figure 11: Dashboard for GA progression. Top panel left to right: ‘Learned layer’ development, search region best 

match/reference and full wave best match/reference comparison. Bottom panel left to right: Battery layer graphical 

prediction development, wave speed and thickness predictions for each generation, GA metric tracking (the blue line is 

an arbitrary wave matching parameter and full wave correlation). 

 

As the solution evolves from generation to generation, it is not necessarily the case that a new 

mutated population retains all the fittest aspects of the structure. A certain aspect of a solution 

(e.g., separator location and thickness) might repeatedly appear in an early generation and 

then not in later generations. It is useful to track where the same aspects of a structure are 

repeatedly observed appearing in multiple generations; these are denoted ‘learned layers’. 

 

The location (i.e. the x-coordinate – distance from the battery left edge) of each layer 

boundary is recorded at each generation. These boundary positions are sorted into set bin 

widths to uniformly accumulate the data. The dashboard in Figure 11 shows a snapshot of the 

learned layers. The animated videos in the supplementary materials show more clearly the 

accumulation of the layer information. 

4. Parameter Overrides 

 

In practical application it is reasonable to assume that some battery parameters would be 

known or at least closely estimated prior to commencing a search. The initial conditions can 

therefore be set overriding some of the cell parameters; casing, anode, cathode and separator 

layer thicknesses and wave speeds, casing layers and number of unit cells. The override can 

be performed by reducing the search range, for example, without an override an anode would 

have a material wave speed range of 500-6000 m/s, this could be altered to 4000-4500 m/s. 

 

In these test cases two overrides are evaluated: 
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(a) Known battery geometry. All parameters apart from the material wave speed of each 

layer are set precisely according to the reference object. The GA is then searching to 

determine the wave speed for the cathode, anode, and separator layers only. This could, 

for example, be used as an approach for determining the state of charge of the battery, 

since the charge will change the density and hence wave speed in the electrode layers.  

(b) Known layer properties. Wave speeds for each layer material are input to the GA as 

constants, leaving the algorithm to search for the layer dimensions and battery 

geometry. This could, for example, be used to detect geometric irregularity during 

manufacture or damage to the battery structure. 

Figure 12 shows the results for each of these two cases.  For the known geometry case there 

is almost no noticeable discrepancy in the predicted wave form (Figure 12a). All features 

now match closely in the search region and in the full signal match. This further reinforces 

the assumption that the subtle features of a signal response are unique to the specific layer 

structure under inspection. The shading/wave speeds for all unit cells is estimated with very 

high accuracy (Figure 12c). It would be expected that allowing longer search times using a 

stricter accuracy threshold value would give the GA an opportunity to refine the search even 

further. 

 

For the known battery materials case (Figure 12b), again the GA closely matches with the 

predicted wave response to the reference. The predicted battery geometry matches well with 

the modelled reference cell, the dimensions are accurate, and the number of layers is well 

defined as shown in the graphical comparison in Figure 12d. 

 

  
a) b) 

  
c) d) 

Figure 12: Best match plots using overrides, a) early test best match, b) found solution match and c) GA estimation 

synchronised with sample cell parameters from modelling. (Blue waves are used to represent a final GA prediction once 

stopping conditions are reached). 
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5. GA Testing on Modelled Reference Battery 

 

In this section a model-model comparison has been conducted. A reference cell layer 

structure was created, and the reflection model used to generate the associated reference 

waveform (the actual layer structure and the waveform are shown in Figure 5). The GA was 

then used to generate a predicted layer structure based on the waveform matched to the 

reference waveform. 

 

Performance of the GA can be monitored in two ways; the success of wave matching, and the 

quality of the battery cell layer estimation compared to the reference object. Both are 

described in this section. 

 

5.1. Evaluation: Wave Matching 

 

The plots previously shown in Figures 10 a&b demonstrate the evolution of the waveform 

and the matching progress throughout the generations. Where the reference signal is plotted 

in black, and the latest best match is overlaid in red. Here it is shown that the later wave more 

closely matches the reference. The dashboard in Figure 11 (top right panel) shows the latest 

best match. Particularly viewing the animated search sequences in the supplementary 

material, the convergence of the GA predicted wave response to the reference wave is clear. 

 

The dashboard plot in Figure 11 (bottom right panel) also shows the tracking of the GA 

progression metrics. The key metric driving the search is the wave match fitness testing 

which produces a value which aims to be closer to the low threshold. Whilst there is some 

erraticism in the search the trend is towards the threshold as the GA successfully converges 

the search region to the reference. In addition, the correlation of the full predicted wave 

response with the reference wave is monitored, it would be hoped that as the search region 

converges, the correlation will improve or stabilise. This is seen in the dashboard. 

 

4.2. Evaluation: Battery Layer Prediction 

 

Table 1 shows the numerical results from GA searches for four different starting conditions: 

● Test 1 - a ‘free’ search in which no known or estimated values are predefined. 

● Test 2 - a ‘thickness’ search where the material properties and number of layers are 

predefined. 

● Test 3 - a ‘material properties’ (wave speed) search where the number and thickness 

of all components is predefined. 

● Test 4 - a ‘constrained’ search where the possible range of wave speed and thickness 

values is constrained to within predefined limits. 

 

 
Location from battery 

front edge (mm) 
Material Properties 
Wave Speed (m/s) 

Component Thickness (µm) 
Number 

of 
Layers, # 

Parameter 
Casing 
Position 

Centre 
Space 

Position 
Anode Cathode Separator Anode Cathode 

Separato
r 

 

Reference 

True 
Value 

0.2201 2.4625 3800 5700 1128 96.0 60.0 25.0 22 

TEST 1: Free Search 

Prediction 0.1537 2.4091 1046 4366 5573 40.8 48.4 60.6 22 
Error (+/-) 0.0664 0.0534 2754 1334 4445 55.2 11.6 35.6 0 
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Error (%) 30.2 2.2 72.5 23.4 394.1 57.5 19.3 142.4 0 

TEST 2: Thickness Search (casing, speed, and layer overrides) 

Prediction 0.2303 2.4628 3800 5700 1128 103.3 52.2 24.8 22 

Error (+/-) 0.0102 0.0003 - - - 7.3 7.8 0.2 - 
Error (%) 4.6 0.0 - - - 7.6 13.0 0.8 - 

TEST 3: Wave Speed Search (casing, thickness, and layer overrides) 

Prediction 0.2196 2.4628 4905 6000 1090 96.0 60.0 25.0 22 

Error (+/-) 0.0005 0.0003 1105 300 38 - - - - 
Error (%) 0.2 0.0 29.1 5.3 3.4 - - - - 

TEST 4: Constrained Search (Speed: +/- 500 m/s of known, Thickness: +/- 15 µm of known)  

Prediction 0.2110 2.4641 3802 5698 1020 91.0 68.0 24.0 22 

Error (+/-) 0.0091 0.0016 2 2 108 5.0 8.0 1.0 0 

Error (%) 4.1 0.1 0.1 0.0 9.6 5.2 13.3 4.0 0 

Table 1: Predictions of the GA for four test cases with differing pre-loaded initial conditions. The results shown are 

predictions of; location of two battery components, wave speeds of the layer materials, thickness and number of layers. The 

prediction accuracy in each case is shown. Cells highlighted in orange have been pre-loaded into the GA and held constant. 

Cells highlighted in green have been constrained to lie within predefined limits. 

 

The results show that the GA is capable of making a highly accurate representation of the cell 

when constraints are applied to the search. In the case of a completely free search, whilst 

accuracy is greatly reduced, it is worth noting that when inspecting the graphical comparison 

(Figure 13) of the GA and reference geometries, some resemblance is still apparent. 

 

 
Figure 13: GA prediction compared to reference layers from a free search case. 

 

A constrained search, where the parameters have predefined ranges around the known value, 

yield better results. This search can estimate the wave speed, on average to approximately +/- 

50 m/s (3-4 %) and the layer thickness +/- 5 µm (7-8 %). When overrides are used and some 

parameters are considered known values and the GA is tasked to find the unknown 

parameters, again the GA performs well and predicts the material wave speed to within 

approximately 40-1100 m/s (3-29 %) when thicknesses are provided and thicknesses to 

within approximately 0.2-7.5 µm (1-13 %) when wave speeds are provided. The searches 

covered in these results are typical of those obtained and are achieved with a 30 minute time 

limit for the GA search and a population of 100. Increased time and/or population would be 

expected to return superior results. 

6. GA Testing on a Measured Battery 

 

The GA was tested on experimentally obtained reference waveforms from two commercial 

lithium-ion pouch cells. Cell 1 was a RS Component 190 mAh cell model HPL402323-2C 

with dimensions 25 mm x 24 mm x 4.2 mm. Cell 2 was a Farnell 165 mAh model LP-

402025-1S-3 with dimensions 26 mm x 20 mm x 3.8 mm. 
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6.1. CT Scan Data and Measured Ultrasonic Waveforms 

 

CT scans of the internal structure of both cells were obtained. The CT-scans were conducted 

on a Zeiss Xradia 620 Versa X-ray microscope. The scan used a 4 × lens at 4 second 

exposure providing resolution with a pixel size of 3.89 µm. 

 

For the ultrasound wave response acquisition, commercial longitudinal contact transducers 

were used to both transmit and receive an ultrasound pulse in a pulse/echo arrangement. The 

sensor was clamped in place and a high temperature ultrasound gel was used as a couplant. 

The sensor was connected to a PICOSCOPE 5000 Series oscilloscope which was used to 

generate the pulse and record the reflected waves. The pulse consisted of 3 sine waves at a 

frequency of 2 MHz, the response signal captured was 0-16 µs with a time resolution of 2-8 

ns. Bespoke LabView software was used to control the PICOSCOPE in both signal 

generation and capturing the signal response. The response capture range was 0-16 µs with 

the cell charged to a nominal capacity. More details of the experimental procedure that was 

used to obtain the ultrasonic waveforms can be found in previous work [17].  

 

Figure 14 shows the CT scan for the RS cell (Cell 1). The green square is a crop of the layer 

structure and is annotated to show the cathode with the aluminium (Al) current collector and 

the anode/separator with the copper (Cu) current collector. The separator itself is low density 

and is not clearly visible in this scan. The structure is marked according to the scans of 

similar nature by taken by Gelb for the ZIESS Xradia 520 Versa technical document on 

lithium-ion battery imaging [37]. 

 

 
Figure 14: Two scans taken of the RS HPL402323-2C battery cell; low resolution 14.26µm pixel (blue) and high resolution 

3.89µm pixel (red), crop of layers showing electrodes and current collectors (green). 

 

The scanned layers from each of the cells in shown in Figure 15. To the right of the scans is a 

measured sample ultrasound waveform captured using 2 MHz pulses in a single sensor, 

pulse/echo configuration. These waveform responses were used as references for the GA to 

estimate the layer properties such that the output could be compared directly with CT scans. 
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The search region selected for each test is shown in the grey boxed region of the waveform in 

Figure 15. Setting the search region in this way avoids the ringdown region (i.e., the region 

close to the initial burst of the sensor where the piezo-electric element experiences some 

residual vibration after electrical oscillation has ceased). 

 

 
Figure 15: (Left) Battery cell reconstructed layers observed in the CT-scan. (Right) Measured pulse/echo wave response 

from scanned cell. The GA search region is shaded in grey. 

6.2. Predicted Battery Structure 

 

Having the CT scan data provides an opportunity to compare the scanned layers with the GA 

layer estimations, the results are shown in Figure 16. Looking firstly at the cell properties 

estimated by the GA in the lower half of the comparison. The number of unit cells is well 

estimated with 6 and 5 predicted in the half-battery, matching with the CT scans of Cells 1 

and 2 respectively. Whilst the precise synchronisation of the unit cells is not accurate, the GA 

has made a good attempt at predicting the overall cell structure of each of the cells. 

 

  
a) b) 

Figure 16: GA estimation synchronised with sample cell parameters from small capacity cell CT scan and learned layer 

boundaries for a) cell 1 and b) cell 2 

 

It is important to note at this point that the GA is unable to find a perfect match with the CT 

scan. Principally, this is because the low density of the separator means it is hard to detect in 

the CT scan. This means that the repeating unit cell in the CT scan image is of the form: 

 

{anode-current collector-anode-cathode-current collector-cathode} 
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Whilst the model is based on a repeating unit cell of the form: 

 

{cathode-separator-anode-separator} 

 

Changing the unit cell structure to [ABACDC] as opposed to [ABCB] would be desirable for 

future work. However, the assortment of diverse materials, current collectors that are 

typically made of dense aluminium (Al) and copper (Cu), porous electrodes with positive 

metal oxide and negative graphite components, and a separator would present distinct 

characteristics when evaluated via different methods, such as X-ray tomography and acoustic 

wave transport. 

7. Discussion 

 

In the present study, it was observed that during the (GA) operation, the parameters defining 

individual battery components did not converge to a single solution. Rather, they exhibited 

dynamic behaviour, scanning a broad parameter space and unveiling various combinations 

that effectively matched the resultant waveform to the reference wave derived from the 

examined cell. This behaviour might be attributed to the inherent complexity of the lithium-

ion battery layered structure and the superposition of internal reflections. 

 

An important result of this research did not lie in the convergence of individual parameters 

but in the convergence of a chosen region of the resulting ultrasound waveform response. 

Despite obstacles such as local optima, the GA successfully refined the waveform 

progressively, converging towards the reference wave. 

 

Currently, the method lacks precision when performing a free search. The wave matching 

will converge closely around the reference, but the search is susceptible to getting trapped in 

local optima despite initial efforts to circumvent this. Although quantitatively less accurate, 

the graphical representation can mimic the reference cell, as shown in Figure 13 and 

important values such as the inner dimension of the casing and the size of the central space 

around which the layers wind are frequently well-defined. Attempts to use the method to 

measure state of charge were hindered by this lack of accuracy, being significantly greater 

than the material differences during charge states. Therefore, enhancing the precision of the 

method is vital to harness its potential for battery state measuring and defect detection. 

 

The GA can swiftly generate accurate representations of the battery cell layers when using 

parameter overrides or constraining search values. If some prior component knowledge is 

provided to the GA, it can estimate the material properties and layer thicknesses with 

excellent accuracy. This possibility makes the GA method a potentially robust tool in 

ultrasonic battery monitoring and broader battery management systems. Additionally, the GA 

consistently identified certain true aspects about the layers, even with the potential for 

imperfect structure predictions. This ‘learned layer’ information could serve as valuable data 

for machine learning applications, contributing to future searches and potentially improving 

prediction accuracy and convergence speed. 

 

In the test results presented in this study, a time limit of 30 minutes was set. During this 

period, approximately 80-100 generations occurred each with a population of 100 candidates. 

The algorithm consequently generates around 8000-10000 potential battery geometries, each 

with a distinct and precise set of parameters. Considering that an 80-layered body would 
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present approximately 1.17 × 109 permutations as discussed in section 2.2, this GA search is 

deemed well-guided and computationally cost-efficient.  

8. Conclusions 

 

This study proposes a novel and powerful method to extract rich information from a sealed 

lithium-ion cell. The only requirement is a single wave response to an ultrasound pulse sent 

through the battery. From this a small section of the wave can be selected as a search region, 

avoiding unwanted artefacts such as transducer ring down or signal attenuation. 

 

A genetic algorithm has been built to harness the complexity of battery structures of unknown 

layers, dimension, and material properties. Candidate battery structures were evaluated by 

predicting the ultrasonic response using a numerical wave propagation model. This predicted 

wave response was compared to the measured response to select the fittest candidates. The 

iterative passing of generations allowed the search to find wave responses that matched ever 

more closely during test progression. 

 

The GA has been evaluated in two ways; firstly, by requiring it to predict a known idealised 

model battery structure with its predicted waveform (a model-model comparison), and 

secondly, by using a measured ultrasonic waveform from a pouch cell where the internal 

structure has been obtained by CT scan (a model-experiment comparison). In all cases the 

GA worked well to predict the internal structures. 

 

The GA was evaluated on test cases where no prior knowledge of the internal structure was 

provided. In practical application it is likely that some information will be known (for 

example the number of layers and the unit cell topology, or the material properties of the 

components). Where extra information was used as model input, the GA performance 

improved substantially, and almost perfect predictions were achieved. The study illustrated 

that, given the material thicknesses, the genetic algorithm can approximate the speed of 

material waves with an accuracy of 40-1100 m/s (3-29 %), and with material properties 

provided, it can estimate thicknesses within roughly 0.2-7.5 µm (1-13 %). 

 

The accuracy of the predictions significantly improved when constraints were applied to the 

genetic algorithm, either through the layer topology or the material properties. With these 

parameters in place, it was possible to estimate wave speeds with a precision of 

approximately +/- 50 m/s (3-4 %), and layer thicknesses to within +/- 5 µm (7-8 %). This 

raises the possibility of using the GA to predict the state of charge (as this affects the 

electrode properties), or the presence of damage or defects (as this changes the layer 

structure). 
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