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Abstract: Lithium-ion batteries are a key technology in supply chains for modern electric vehicles. The
production of lithium-ion batteries is complex and can be prone to defects. As such, the detection of
defective batteries at end-of-line is critical to ensure performance and safety for the consumer. Existing
end-of-line testing relies heavily on electrical measurements for identifying defective cells. However,
it is possible that not all pertinent information is encoded within the electrical measurements alone.
Reversible expansion in lithium-ion cells is an indicator of lithiation within the cell, while irreversible
expansion is a consequence of the ageing process, unexpected expansion may indicate the presence of
undesirable defects. By measuring expansion in addition to electrical measurements, we aim to make
better and faster quality predictions during end-of-line testing, thereby facilitating the early detection
of potential defects. To make these predictions, we implement artificial intelligence algorithms to
extract information from the measurements. The training of these networks requires large amounts
of training data, which is expensive to produce. In this paper, we demonstrate a first order physical
modelling approach for generating synthetic data to pretrain artificial intelligence algorithms that
perform anomaly detection on lithium-ion battery cells at end-of-line. The equivalent circuit model
used to generate voltage curves could be fit to real data with a mean absolute error of less than 1 % and
the expansion model could be fit to a mean absolute error of less than 2 % of the measured values. By
pretraining the artificial intelligence network using synthetic data, we can leverage existing physical
models to reduce the amount of training data required.

Keywords: Lithium-ion Battery, End-of-Line Testing, System Modelling, Artificial Intelligence, Cell
Expansion, Cell Defects

1. Introduction
The production of lithium-ion batteries is a critical process in the manufacturing of modern

electric vehicles. Lithium-ion battery technology requires complex, multi-step processes to generate
cells, in which defects are likely to arise in various stages. These defects can have effects ranging
from poor electrical performance to catastrophic thermal runaway, both of which must be avoided.
Even a small number of defective cells can pose significant dangers to people and infrastructure; this
underscores the necessity to identify and mitigate potential safety risks as much as possible to avoid
both loss of trust in the technology and economic consequences for manufacturers.
As such, end-of-line testing is an important step in ensuring the safety and performance of products that
contain lithium-ion battery cells. Existing end-of-line testing approaches typically rely on electrical and
temperature measurements during battery cell testing. Lithium-ion battery cells experience reversible
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swelling due to the intercalation and deintercalation of lithium-ions into and out of the active materials
within the cell. In addition to the unavoidable ageing process, irreversible expansion can occur due
to undesirable gas formation, formation of the solid electrolyte interphase (SEI) and lithium plating,
among other undesirable events within the cell. By characterizing the volume expansion of these cells,
in addition to standard electrical and temperature measurements, there lies the possibility of gaining
additional insights into the quality of cells during final testing.

The resulting data from these end-of-line tests will be complex multivariate time series data.
Artificial intelligence algorithms have shown promise in extracting meaningful information from
multivariate time series data, such as those we are collecting. These algorithms typically require a
large amount of training data, which for end-of-line battery testing is expensive and time consuming
to generate. In this paper, we propose a first-order physical model to generate synthetic cycling data
for pre-training and evaluating the usefulness of artificial intelligence networks.The intention of this
synthetic data is for the pre-training and evaluation of unsupervised methods, therefore we only must
consider the modelling of normal, and not defective, lithium-ion battery cells.

2. Background
End-of-line testing is an ubiquitous step performed at the end of the battery manufacturing

process. Not only to remove defective cells, but also to assign grades indicating performance. End-of-
line testing can involve visual inspection and various electrical measurements to ensure the cell meets
design requirements [1–3]. Currently, there is no universally accepted standard for these end-of-line
tests, and each cell manufacturer employs its own procedures.

In addition to electrical measurements, one could also measure the volume expansion of the
battery cell to gain greater insights. Volume expansion in lithium-ion cells has irreversible and
reversible manifestations; both modes of expansion provide valuable information regarding potential
performance and manufacturing defects. Manufacturing defects could include issues such as uneven
electrode coating, metal particle contamination, poor electrode sheet alignment, and compromised
separator material, among others [4]. Irreversible expansion can be caused by the formation of the SEI
layer, results of gas formation, or lithium plating, all of which are a result of undesirable electrochemical
reactions occurring within the cell [5,6]. Reversible expansion is inherent during charge/discharge
cycles because it is a product of the intercalation of lithium ions between the positive and negative
electrodes [7]. A number of researchers have measured battery expansion during ageing, however the
goal of their research was to validate battery expansion models, rather than to identify defects within
the cells [8,9].

To extract information from the multivariate time series generated during end-of-line tests,
artificial intelligence methods have shown promise in both anomaly detection and classification
applications [10,11]. Artificial intelligence is already being used for assessing performance and quality
in lithium-ion batteries. When large amounts of training data are available, artificial intelligence (AI)
algorithms can glean more information from datasets than is possible with more traditional data
analysis techniques [12]. One of the most common use cases for AI in lithium-ion battery applications
is for remaining useful lifetime (RUL) predictions [13,14]. In RUL applications, large datasets can be
generated using relatively few batteries. These datasets typically include information on time, current,
voltage, and temperature, and are collected over several months through continuous charging and
discharging of the batteries. Some researchers have attempted to use artificial intelligence to improve
quality assurance. In comparison to RUL prediction, where multiple datasets can be generated from
a single battery, quality assurance prediction necessitates one battery cell for every training sample.
Generating a dataset that includes both normal and abnormal cells is particularly challenging and costly
because it is rare to find multiple cells displaying the same type and position of defects. Moreover,
these cells must be managed under the strictest safety conditions due to their potential risk of fire
and explosion [4,15]. The controlled introduction of relevant defects is also very time-consuming and
safety-critical [16]. To circumvent expensive and time-consuming dataset generation, some researchers
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are developing quality assurance predictors trained on synthetic data. Jia et al. created an internal
short circuit classifier, trained on nearly exclusively simulation data [17]. Another example is the work
of Turetskyy et al., who trained a neural network to solve for unknown parameters in electrochemical
models, using simulated voltage and current curves, as well as electrode information [18]. Both works
showed accurate predictions on computer generated training data.

3. Methods and Materials
3.1. Measurement During Cell Cycling

The pouch cells used in this study have a nominal capacity of 1 Ah and are composed of a LiNi0.6

Mn0.2 Co0.2 (NMC622) cathode and an artificial graphite anode. The cells have a dimension of 66
mm by 51 mm by 3 mm. Cycling was performed using a Basytec CTS Standard battery tester. To
avoid inducing thermal expansion Cycling was performed with 0.5 C charge current and 1 C discharge
current. Data from the battery tester was acquired with a sampling rate of 1 Hz. The recorded cycles
are conducted on new, unaged cells.

In our previous study, the pouch cells were cycled without any external pressure [19]. These
measurements were performed to assess the homogeneity of swelling across the cell’s surface during
cycling. However, in practice, pouch cells are nearly always cycled under compression to prevent
delamination and ensure good contact between the various components within the cell [20–22].

A testing setup, developed by Fraunhofer ISE [23], was used to compress the battery cell in a
vertical position. The apparatus is shown in Figure 1. To achieve compression, the test rig is composed
of two pressure plates: one fixed and one moveable. A pneumatic cylinder applies a defined force
against the moveable pressure plate and holds it in place. At the connection point between the movable
pressure plate and the pneumatic cylinder piston, a ball joint is utilized. This ball joint allows the
pressure plate to move in the direction of the piston as the cell expands uniformly, and rotate with
respect to any non-uniform expansion of the battery cell. Three displacement sensors, which are
connected to the fixed pressure plate, can measure this uniform or non-uniform movement of the
moveable pressure plate. We utilize chromatic confocal point sensors produced by Precitec Optronik
GmbH with a 2 mm measurement range, a linearity of 260 nm, and a measurement spot size of 6 µm.
This design enables the measurement of the spatially resolved expansion and contraction of the
battery cell.

Figure 1. Simplified drawing of battery cell test rig (patent pending: [23]). The left drawing shows a side
view of the test stand. The dashed line represents the outline of the battery cell. Points 1, 2, and 3 indicate the
sensor positions for contactless distance measurements using chromatic confocal point measurement. The right
drawing shows the front view of the test stand, where components, such as the piston and ball joint, required
for cell compression are illustrated. Points 1,2, and 3 again represent the projected positions of the contactless
measurement probe.
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To ensure constant temperature conditions, the entire cycling program was performed in a climate
chamber, a KB 720 produced by Binder GmbH, held at a temperature of 25 ◦C.

3.2. Cell Characterization

To perform equivalent circuit modelling, an open circuit voltage (OCV) curve is necessary. This
curve was generated by charging the battery cell up to its upper cut-off voltage of 4.2 V with a charging
rate of C/10. A resting phase of 1 h was implemented to ensure thermal equilibrium after charging the
battery cell. Discharging was then carried out with a discharge rate of C/10 in steps of 2 % depth of
discharge (DoD) until reaching the lower cut-off voltage of 3.0 V. These DoD steps were determined
using coulomb counting. After every 2 % DoD discharge step, a resting phase of 1 h was performed.
A voltage drop can be seen at the beginning of the rest phase. This resting phase is then used to
determine a thermal equilibrium as well as a load-free voltage level. At the end of the rest phase the
voltage level is taken to be the OCV at the corresponding state of charge (SoC). The measurement used
to generate the OCV curve discharge is shown below in Figure 2.
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Figure 2. Current and voltage measurement data for open circuit voltage curve generation. Black dots denote
points where open circuit voltage values were taken.

3.3. Modelling

To simplify the modelling and reduce the effects of thermal expansion in the battery cell, the
cycling was performed at relatively low currents, which kept heat generation negligible during the
measurements. As such, no thermal modelling has been performed, and thermal contributions have
not been considered in the electrical or expansion models.

3.3.1. Equivalent Thevenin Circuit Model

When modelling the electrical behaviour of lithium-ion cells, one could use either an electrochem-
ical model, or an equivalent circuit model [24,25]. The most common approach to electrochemical mod-
elling is to utilize a pseudo 2-dimensional (P2D) interpretation of the dynamics inside the cell [26–28].
While P2D models offer a physical way to model the electrical behaviour cell, developing these models
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is complex and computationally expensive. The goal of this publication is to develop a first order
method for generating synthetic data, rather than to generate the most accurate representation of the
electrochemical dynamics within a lithium-ion cell. We therefore opt to implement an equivalent
circuit model (ECM) to generate synthetic electrical data in favour of making use of an electrochemical
model. ECMs are widely used to model the voltage output of a cell under different loading condi-
tions [25,29–31]. The circuit diagram for the ECM is shown in Figure 3, where an integer number, n, of
resistor-capacitor (RC) pairs in series are used to reproduce the transient voltage response of the cell
during charge and discharge.

Figure 3. Equivalent circuit model for a lithium-ion battery with an arbitrary number of resistor-capacitor elements.

Starting from Kirchoff’s second rule, we generate the following expression for the output voltage

Vo(k) = VOC(SoC) + R0i(k) +
nrc

∑
j=1

Rj(SoC)ij(k). (1)

It has been demonstrated that the resistors in the RC pairs, Rj, have a SoC dependency [25,30,31], and
we therefore must select an expression f (SoC) such that

Rj(SoC) = f (SoC), (2)

where f (SOC) will be selected during model fitting.
Next, we require an expression for the current through the resistive element in the jth RC pair.

This gives
ij(k + 1) = exp(−Ts/τj)ij(k) + (1 − exp(−Ts/τj))i(k) (3)

where Ts is the sampling period, k is the integer-valued time step, ij is the current through the jth

resistive element, τj is the time constant for the jth RC pair, and i is the applied current [30]. For any
RC pair, the time constant is given by

τ =
1

RC
. (4)

The state of charge is updated using current counting. This gives the expression

SoC(k + 1) = SoC(k) +
Ts

3600 Cn
i(k) (5)

where Cn is the nominal capacity of the battery cell in Ah, which is multiplied by 3600 to convert the
measurement to As.

3.3.2. Expansion Model

To develop an expansion model, we consider first the expansion behaviour of an unconstrained
cell, as outlined in Krause et al. [? ], prior to considering the expansion behaviour of a compressed cell.

Before considering the expansion of the composite cell, we first look to the expansion behaviour of
the individual electrode materials during lithiation. The cell being modelled has a graphite anode and
a NMC622 cathode. The electrode deformation as a function of lithiation is taken from Clerici et al. [32]
for graphite and Quilty et al. [33] for NMC622. The lithiation curves for both electrode materials were
taken at 1 C. Electrode deformation is plotted as a function of SoC in Figure 4. Note that NMC622
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demonstrates a linear relationship between expansion and lithiation. In addition, this material exhibits
no hysteresis between charge and discharge. In contrast, the expansion of graphite is more complex,
due to the different stages of graphite lithiation.
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Figure 4. Volume deformation ratios ϵe, for graphite and NMC622 as a function of state of charge. Curves are
generated from data in [32] for graphite, and from [33] for NMC622.

The expansion of an uncompressed cell is given by

∆tunc = M Ccase(ϵanξant + ϵctξcttct) (6)

where M is the number of electrode pairs, Ccase is the constraint ratio of the battery case, ϵan and
ϵct are the electrode deformation for the anode and cathode respectively (shown in Figure 4 for a
graphite anode and an NMC622 cathode), ξan and ξct are the active volume fractions for the respective
electrodes, tan and tct are the respective electrode thicknesses.

Now that we have an expression for the expansion of an uncompressed cell, we can consider the
effect of the application of a compressive force on the total expansion. We start with the balance of
forces in the system at an arbitrary point p(x, y), as shown in Figure 5. This yields the balance of forces

Fnet = Fplate − Fcell . (7)

If the plate was not moving and the system were at equilibrium we would have

0 = Fplate − Fcell . (8)

However, the system is not in equilibrium, so we must develop representations for all forces in
the system.
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Figure 5. Force diagram at a point p(x, y) on the pressure plate (right) which is compressing a battery cell against
a fixed plate (left).

While we could model Fpis as an air spring, because the displacement is relatively small, we as-
sume that Fpis is a constant. Fcell is dependent on the unconstrained expansion calculated in equation 6.
We treat the cell as an expanding object with a Young’s modulus E and an area A, to give

Fcell = EA∆tunc. (9)

We are ultimately measuring the movement of a plate with mass m. This gives the differential equation

mz̈ = Fplate − Fcell . (10)

Since this equation is difficult to solve analytically, we implement Euler’s method, yieldingzn+1

żn+1

z̈n+1

 =

 zn + hżn

żn + hz̈n
1
m (Fplate − Fcell)

 (11)

where z is the displacement at point p(x, y) in the z direction, ż and z̈ represent the first and second
derivative with respect to time, and h represents the step size, also with respect to time.

3.3.3. Model fitting

The models for both the electrical and expansion behaviour have now been established. Next
we must develop a fitting methodology, starting with the parameters that must be fit. It is useful to
split the fitting process by whether the cell is charging or discharging. This will leave us with two sets
of fitting parameters. For clarity, we further split the parameters into those needed for the electrical
model and expansion model. For the electrical model we need to fit the parameters, with all variables
being defined above. In total, there are 27 parameters that need to be fit for the electrical model, as
SOCinit is fit only for either charge or discharge, depending on which is performed first.
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P =



R0

R1(a1, b1, c1)

R2(a2, b2, c2)

R3(a3, b3, c3)

τ1

τ2

τ3

SOCinit


. (12)

Out of convenience, Rj is chosen to be of the form

Rj(SoC) = cj exp(−ajSoC) + bj (13)

where aj,bj, and cj must be fit for each RC-pair.
For the expansion model, we fit a separate set of parameters for each of the three sensor positions.

In the expansion model, we bundle some of the variables in the expansion model to single parameters
to be fit. This is shown below.

P =


A1

A2

A3

ż0

SOCinit

 =


Fpis

EAMCcaseξantan

EAMCcaseξcattcat

ż0

SOCinit

 (14)

Since there are three sensors, and we need a set of parameters for both charge and discharge, this gives
30 parameters that need to be fit for the expansion model.
In total, we have 57 parameters that need to be fit. Fitting is performed using the Scipy optimize
package, using the Nelder-Mead method.

4. Results and Analysis
4.1. Measurement

For the purpose of generating model parameters for synthetic data generation, we cycle nine cells.
To obtain equivalent circuit model parameters, voltage curves from all nine cells was utilized. For the
expansion model the information of two from the nine cells is used. The electrical data collected in the
original campaign is used to both verify the model fitting, and to generate parameters for synthetic
data generation. At this time, the limited expansion data is used only to verify model fitting.

4.2. Model fitting

To verify that the models developed in the previous section accurately represent the experimental
data, we fit the models using data from the two cells that provided both voltage and expansion curves.
In Figure 6a, we present the fitted model alongside the experimental voltage curves. The results clearly
show a strong agreement between the model and the data.. We next examine the residuals, shown in
Figure 6b. While it is clear that there are certain segments of the voltage curve that are fit better than
others, the mean absolute error is less than 6 mV with a maximum residual of 24 mV.
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Figure 6. (a) Voltage measurements, plotted in blue, and the fit model (Vo), plotted in orange for a lithium-ion
battery cell discharged at 1 C and charged at 0.5 C. (b) The residuals corresponding to the difference between the
experimental data and the model shown in (a) .

We next fit the model developed for cell expansion during cycling. As we measure cell expansion
at three points, we must fit the model to the data taken at each of the measurement locations. The
overlay of the model on the measurement data taken using the three optical probes in shown in
Figure 7a. The corresponding residuals are shown in Figure 7b. The mean absolute error between
the model and the measurement data is 0.4 µm, 0.2 µm, and 0.2 µm for data taken using measurement
probes 1, 2, and 3, respectively. The maximum residual is 1.5 µm, 1 µm, and 0.6 µm for data taken using
measurement probes 1, 2, and 3, respectively. The mean absolute error corresponds to a percentage
error of 2 %, 0.9 %, and 1 % relative to the average measurement for probes 1, 2, and 3 respectively. The
residuals are evenly distributed about zero, implying a good fit to the measurement data.
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Figure 7. (a) Expansion measurements taken at three different points, plotted in blue, and the fit model, plotted in
orange for a lithium-ion battery cell discharged at 1 C and charged at 0.5 C. (b) The residuals corresponding to the
difference between the experimental data and the model shown in (a). For details on the positioning of the probes,
see Figure 1.
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4.3. Synthetic Data Generation

To demonstrate the synthetic data generation methodology, the electrical model is fit using data
from nine identical battery cells, generating nine different sets of fitting parameters. During initial
inspection of values, it was discovered that for this specific battery cell type, the model could be
simplified. During charge, the values fit for the aj terms were on the order of less than 10−4. Due to
the small aj terms, the input to the exponential function used to calculate Rj approaches zero. This
means that the transient resistance values can be represented as

Rj ≈ cj + bj. (15)

This simplification does not hold during discharge, and equation 13 continues to be a reasonable
representation of the transient resistance values when fitting the model to data taken during discharge.
To assess how the model is being fit to data taken from different battery cells, it is useful to visualize
the distribution of parameters fit in each instance. Plotting the distributions is also useful in assessing
whether any of the cells being used for model fitting are outliers. In order to effectively visualize
the distribution of each fitting parameter, we scale each parameter to the mean, and represent each
individual fit parameter as a percentage deviation from the mean.

Figure 8 shows violin plots for both discharge and charge parameters, as detailed in the previous
section. The distributions demonstrate that there is at least one battery cell with fit parameters that
appear to be outlying. When looking at these distributions, it may be useful to consider that the
mean value of each of these parameters are of different orders of magnitude. The mean and standard
deviation of the model parameters are shown in Table 1.

Table 1. Mean and standard deviation of model parameters for the discharge (a) and charge (b) mode generated
by fitting voltage curves from nine lithium-ion battery cells.

(a)

Mean Std

R0 4.96 × 10−3 Ω 1.42 × 10−3 Ω
a1 4.61 × 101 0.44 × 101

a2 5.17 1.73
a3 1.92 0.25
b1 9.20 × 10−8 Ω 4.86 × 10−8 Ω
b2 4.57 × 10−4 Ω 7.15 × 10−4 Ω
b3 8.04 × 10−2 Ω 0.94 × 10−2 Ω
c1 2.17 × 101 Ω 0.49 × 101 Ω
c2 7.86 × 10−3 Ω 3.25 × 10−3 Ω
c3 1.27 × 10−1 Ω 0.11 × 10−1 Ω
τ1 1.35 × 103 s 0.57 × 103 s
τ2 8.19 × 101 s 1.40 × 101 s
τ3 8.12 × 101 s 0.54 × 101 s

SOCi 1.044 0.007

(b)

Mean Std

R0 2.37 × 10−1 Ω 0.50 × 10−1 Ω
R1 1.57 × 10−1 Ω 0.27 × 10−1 Ω
R2 4.66 × 10−2 Ω 3.33 × 10−2 Ω
R3 1.33 × 10−1 Ω 0.31 × 10−1 Ω
τ1 3.12 × 104 s 0.54 × 104 s
τ2 1.24 × 10−3 s 0.47 × 10−3 s
τ3 3.91 × 101 s 0.79 × 101 s

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 January 2025 doi:10.20944/preprints202501.1725.v1

https://doi.org/10.20944/preprints202501.1725.v1


12 of 17

R 0 a 1 a 2 a 3 b 1 b 2 b 3 c 1 c 2 c 3 1 2 3

SO
C i

Model parameters

200

0

200

400

600
De

vi
at

io
n 

fro
m

 m
ea

n 
(%

)

R 0 R 1 R 2 R 3

1 2 3

Model parameters

200

100

0

100

200

De
vi

at
io

n 
fro

m
 m

ea
n 

(%
)

Figure 8. Violin plots for model parameters for the discharge (a) and charge (b) mode generated by fitting voltage
curves from nine lithium-ion battery cells.

The distributions, plotted in blue, are generated by fitting a kernel density estimation to the values
generated by refitting the electrical model for each of the nine battery cells. Practically, this is achieved
using the gaussian_kde function from the Python Scipy package.

From these distributions, we can then randomly generate parameters to be fed back into the
electrical model, generating a synthetic voltage curve for a battery cycle. An example of this is shown
in Figure 9, where voltage curves measured from three cells during discharge are plotted alongside the
synthetically generated curve, demonstrating our approach to synthetic data generation.
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Figure 9. A comparison of voltage curves taken from three real battery cells during cycling (plotted in blue) each
overlaid with the same synthetically generated voltage curve (plotted in orange).

5. Discussion
We have demonstrated models that are capable of representing the change in electric potential and

change in thickness that occurs when lithium-ion cells are cycled. The models proposed are relatively
simple when compared to others in the literature. It is assumed that simplifying a model may result in
reduced accuracy. When considering the electrical behaviour of a lithium-ion cell, P2D models offer a
more physical representation than is possible with an equivalent circuit model, however they are far
more complex implement [26,27]. Similarly, researchers such as Clerici et al., have demonstrated more
sophisticated approaches to modelling cell expansion, however these approaches require techniques
such as finite element analysis, a computationally expensive endeavour [32]. In this work, we accept
that a decrease in complexity, comes with a decrease in accuracy. That being said, the models developed
are suitable for our use case.

In principle, these models, and by extension, the synthetic data generation methodology, could be
applied to other lithium-ion battery chemistries and formats and other cycling conditions. Both the
electrical and expansion models would need to be adjusted to account for the varying electrode and
electrolyte materials. In the case of prismatic and cylindrical cells, the casing itself applies the required
pressure during cycling, rather than relying on external forces to apply pressure. This would likely
require revisions in the expansion model. When considering other cycling conditions, particularly
at higher charge and discharge rates, it is important to note that neither the electrical or expansion
models take into account the effects of temperature. In our use case, slow cycling is desirable, as it
prevents premature aging in the cells [34]. As a result of cycling slowly, we see negligible fluctuations
in temperature. Therefore, we are free to ignore temperature effects. If one wanted to cycle the cells at
a higher current, or in an environment with fluctuating temperatures, a thermal model would need to
be developed.

The goal of developing the models presented in this work is not to generate the most accurate
representation of lithium-ion battery cell behaviour across all cycling conditions, but to create an easily
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deployable model for the purpose of generating synthetic data. Synthetic data is ultimately used to
help an artificial intelligence algorithm learn features that it can expect to encounter in real data, and
therefore does not need to be a perfect representation of the real system.

It is, however, important that the parameters we sample from are representative of battery cells
exhibiting normal behaviour. From the violin plots shown in Figure 8, it becomes apparent that the
width of the distribution for each parameter is parameter dependent. The differing widths of the
parameter distributions can at least partially be attributed to varying orders of magnitude for each
parameter, as shown in Table 1. Parameters with a very small magnitude are more likely to have a
wider distribution. This is the case when we examine the R2 value in Figure 8b and Table 1b. It is
also useful to consider how a given parameter contributes to the output of the model. For instance
b2 in Figure 8a, has a wide distribution compared to other parameters. When we examine how b2

contributes to the eventual calculation of Vo, we must recall its use as a bias term in equation 13, where
a2,b2, and c2 are used to calculate R2 during discharge. In the case of the R2 term, the c2 exp (−a2SOC)
component is an order of magnitude larger than b2, therefore the model output, Vo, is relatively
insensitive to the value of b2, leading to a wider distribution. Variance in the widths for different
parameters is therefore explainable, and is not a cause for concern in generating synthetic data from
the parameter distributions.

It is important to consider the possibility of outliers in the distributions, as this could cause a
deviation from normal cell behaviour in synthetically generated data. Upon further inspection of the
fit parameters, it appears that two battery cells are contributing to the non-symmetric shape of the
parameter distributions. More battery cells will be cycled to assess whether the two identified cells are
outliers, or if the true parameter distributions are wider than those generated by fitting to only nine
cells. By fitting the models using more cells, we can minimize the effect of outliers, and ensure the
quality of the distributions that parameters are sampled from.

6. Conclusions
We have established the need for end-of-line testing in lithium-ion battery production, the benefits

of an expansion measurement in addition to existing electrical measurements, and the suitability of
AI algorithms in extracting information from multi-sensor testing data. The limitations of using real
battery cells to generate sufficient training data for the effective use of AI algorithms have also been
introduced.

To address these limitations, we have established a methodology for generating synthetic data that
can be used to train unsupervised AI algorithms. We first made expansion and voltage measurements
on nine compressed 1 Ah lithium ion cells under low current cycling conditions. These measurements
were then used to parametrise an equivalent circuit model and model for compressed cell expansion.
Finally, the distribution of parameters from fitting models with data from multiple cells was then be
sampled from, and passed back to the models to generate synthetic data.

This work allows for the production of large datasets without having to cycle a large number
of battery cells. Anomaly detection algorithms for the purpose of identifying abnormal cells during
end-of-line testing in lithium-ion battery production can then be pre-trained using the synthetic dataset.
Real data can then later be used to retrain the models, reducing the number of cells that ultimately
need to be cycled to train algorithms for end-of-line testing.
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The following abbreviations are used in this manuscript:
AI artificial intelligence
DoD depth of discharge
ECM equivalent circuit model
NMC622 LiNi0.6 Mn0.2 Co0.2

OCV open circuit voltage
P2D pseudo 2-dimensional
RC resistor-capacitor
RUL remaining useful lifetime
SEI solid electrolyte interphase
SoC state of charge
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