W) Check for updates

Articles
doi.org/10.1002/batt.202100148 Soories Publishig

Batteries & Supercaps

Estimation of Li-lon Degradation Test Sample Sizes
Required to Understand Cell-to-Cell Variability**
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Ageing of lithium-ion batteries results in irreversible reduction
in performance. Intrinsic variability between cells, caused by
manufacturing differences, occurs throughout life and increases
with age. Researchers need to know the minimum number of
cells they should test to give an accurate representation of
population variability, since testing many cells is expensive. In
this paper, empirical capacity versus time ageing models were
fitted to various degradation datasets for commercially available

1. Introduction

Lithium-ion batteries have grown in importance over the past
decade and are now the key technology underlying applica-
tions from electric vehicles to grid energy storage." High
specific energy, low internal resistance and long lifetime have
already led Li-ion cells to dominate the market for consumer
electronics applications. A crucial issue that strongly impacts
overall system performance is the intrinsic variability in
capacity, resistance and degradation rate between cells, caused
by small variations in manufacturing processes.”™ Quantifying
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cells assuming the model parameters could be drawn from a
larger population distribution. Using a hierarchical Bayesian
approach, we estimated the number of cells required to be
tested. Depending on the complexity, ageing models with 1, 2
or 3 parameters respectively required data from at least 9, 11 or
13 cells for a consistent fit. This implies researchers will need to
test at least these numbers of cells at each test point in their
experiment to capture manufacturing variability.

the typical variability in mature commercially available Li-ion
cells is crucial for understanding the trade-offs involved in
designing battery packs and estimating pack performance and
lifetime on the basis of individual cell performance.

Battery state of health (SOH) is usually defined as the
capacity or impedance/resistance of a cell® under standard test
conditions, and it constrains the useful and safe operation of
batteries. State of health changes with time and usage, and is
influenced both by external factors (such as voltage, time and
temperature) and by internal manufacturing and materials
variations.” Since it has a direct bearing on the economic value
and operation of batteries, the estimation of current and future
Li-ion SOH is a popular area of research.”

Variability in cell capacity and resistance can create differing
loads within a Li-ion battery pack, and depending on its extent,
variability will inevitably impact performance, cost and
safety.”™ There are a variety of sources for this variability, for
instance, thermal inhomogeneities influence SOH and increase
cell-to-cell variability during usage.®'®" However, manufactur-
ing variability, sometimes described as tolerance, is a significant
contributor to cell-to-cell variability.>*'¥ New, nominally identi-
cal cells from the same batch exhibit a spread in capacity
before they have been cycled.*"*' Simulations and experi-
ments have demonstrated that this intrinsic manufacturing
variability is a contributing factor to differing ageing rates
between cells.?3'31>19

There are many possible sources of manufacturing
variability,"” such as variability in electrode thickness and
density,"® fraction of active material, liquid-to-solid ratio and
coating gap." In this work we assume that all intrinsic
variability may be expressed through a single lumped popula-
tion distribution, for each parameter and dataset. A further
contributor to cell-to-cell variability results from variance in
experimental conditions, for example location in a given testing
chamber.?”
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Ageing reduces the performance of a given cell or pack and
increases variability between cells."*'*'*?'% To compound this,
no significant correlation between initial health and ageing
rates and subsequent ageing rates in later life has been found
experimentally,>**?9 although features derived from early
cycle life can be used to accurately predict lifetime.**® Some
authors have found that initial battery health is sometimes bi-
modal.””? It has also been found that Weibull distributions,
common in failure analysis, may be used to quantify battery
end of life statistics.*?"*%3"

In summary, cell-to-cell variability is a significant factor
influencing the performance and value of batteries. As a result,
modelling of battery ageing data is complicated by the
question of how many cells should be tested at each
experimental condition so as to adequately capture the intrinsic
variability. Battery testing involves cost, in time and number of
test channels, and therefore optimising the amount of
information obtained from a test is a key consideration. The
literature seems to have largely ignored the issue of how many
cells should be tested to capture intrinsic variability, and for
practical reasons, most ageing studies use only a small number
of cells (e.g. 1-3) at each test condition. In this paper we
address this question directly by fitting models to ageing data.
There are many options for modelling battery capacity through
life, from empirical curve fits®" through to physical models®?
and machine learning approaches.**¥ Since our aim was to
investigate intrinsic rather than extrinsic variability, we chose as
our modelling approach to use simple empirical curve fits of
health versus time. We examined the consistency of the
resulting model parameters as we added data drawn from
increasing numbers of cells within each dataset, using five
different battery ageing datasets. An estimate of required
sample size was drawn for each parameter in every model for
every available dataset.

2. Datasets and models
2.1. Data

To study cell-to-cell variability, ideally we need data from a very
large number of cells, perhaps thousands. The costs of such
large scale testing would be prohibitive, requiring many battery
test channels for multiple years, and no such datasets are
openly available. As a compromise, however, some ageing
datasets are available with order 10-100 cells cycled identically
(or very similarly). We selected five datasets for analysis based
on the requirement of wanting as many cells as possible to
have been tested within each dataset. Two of these are open
source, and three are from our own experiments. Each
individual dataset used identical commercially available Li-ion
cells, albeit having different manufacturers, chemistries and cell
sizes from dataset to dataset. All datasets used 18650
cylindrical cells, although the methods discussed below can
equally be applied to other form factors. Some of the datasets
featured identical experimental conditions, i.e. each cell was
tested in exactly the same way, whereas others varied the
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testing conditions slightly beyond the expected uncontrollable

experimental variability. The datasets are as follows:

1. Baumhofer-2014®  consists of 48  Sanyo/Panasonic
UR18650E NMC/graphite 1.85 Ah cells in a cycle ageing test
each under the same operating conditions. Data available at
[34].

2. Dechent-2020 consists of 22 Samsung INR18650-35E NCA/
graphite cells each with a nominal capacity of 3.4 Ah. The
cells were cycled with C/2 constant current and a 20% cycle
depth around an average SOC of 50%. Data available at
[35].

3. Dechent-2017 consists of 21 Samsung NR18650-15L1 1.5
Ah NMC/graphite cells. Six of the cells were cycled with 1 C
charge and 6 C discharge current between 3.3V and 4.1V
(90% cycle depth), and 15 additional cells were cycled with
the same voltage range but current rates varied by up to
15 %. Data available at [36].

4. Severson-2019 consists of 124 cells made by A123
APR18650 M1 A with LFP/graphite chemistry, each with
nominal capacity 1.1 Ah. For this work a subset 67 of these
cells with similar load profiles but slightly varying charging
currents was chosen. Data available via.”” The cells in this
dataset are from three different experimental batches so will
have been subjected to higher variance in testing conditions
than the other datasets.

5. Attia-2020 replicates Severson-2019, but with a fixed
charging window of 10 minutes. There are 45 cells in this
set. Data available via [37].

Three of these datasets, namely Baumhofer-2014, Severson-
2019 and Attia-2020, exhibit an onset of rapid degradation in
later life, sometimes called the ‘knee-point’*? The other two
datasets show only linear degradation over usage. The data
prior to the knee-point in the Attia-2020 and Severson-2019
sets was separately extracted to produce two additional linear
ageing datasets.

2.2. Models

The models and the corresponding datasets that they were
fitted to are shown in Table 1. Here, Linear-1 and Linear-2 refer
to the two linear models, having one and two parameters
respectively. Alternatively, LinExp is a combined linear and
exponential model that was used to capture the knee-point
and later life health decay, where this was evident in the data.

1822

Table 1. The dataset and empirical model combinations used here. Linear-
1 is a single parameter linear model, Linear-2 a two parameter linear
model, and LinExp a 3 parameter linear plus exponential model.
Dataset Linear-1 Linear-2 LinExp Ref.
Dechent-2017 X X [36]
Dechent-2020 X X [35]
Baumhofer-2014 X [3]
Severson-2019 X X X [25]
Attia-2020 X X X [37]
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Figure 1. Examples of data and fitted curves. Left to right: Linear-1 model on
model on a cell from Severson-2019.
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(a) Hierarchical model

Figure 2. A hierarchical approach was used to infer population statistics.

The three models are given by the following expressions,
where t is time, B is capacity, and all other parameters
(¢, €y, €5, B, tr, T) were fitted to the data:

Linear — 1: B(t) =100% + ¢, x t m
Linear —2: B(t) =B, +c, xt )
LinExp : B(t) = 100% + ¢; x t — exp[(t — t;) /1] (3)

Linear-1 and Linear-2 differ only by the addition of the
initial capacity B, as a fitted parameter in the latter. The cell
capacities were normalised according to which model was in
use. For Linear-1 and LinExp, the capacities were normalised
relative to the initial capacity of each cell. Linear-2 used
capacity curves normalised relative to the nominal capacity. In
the LinExp model, the initial linear capacity decrease is followed
by a faster exponential decrease with onset time t; and time
constant 7, as shown in Figure 1.

3. Methodology

To quantify cell-to-cell variability, we used an approach called
multi-level Bayes (MLB), also known as hierarchical Bayes,
where the parameters of an individual cell model are assumed
to be drawn from a population distribution, as depicted in
Figure 2a. In this framework, the first level of inference is on the
parameters of an individual battery cell model, and the second
level of inference is on the parameters of the underlying
population distribution.®**? Given some data sub-sampled
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parameter, 6

(b) The relationship between population distribu-
tion and distributions of individual cells/samples.

R
Hg™%%

2
Hg*2o

sub-sample

(c) A sub-sample is part of a sam-
ple, which is part of a population.

from the datasets described above, this approach provides an
estimate of the individual (6,) and the population (u,,%;)
parameter values as well as their associated uncertainties, as
depicted in Figure 2(a) and (b). Therefore one can explore the
trade off between the number of cells’ data used for fitting the
models versus the stability and variance (or standard deviation)
of the resulting population parameter estimates. As additional
data from more cells is included in the estimation, the variance
of the population mean and variance decreases (i.e. we
become more certain of the population model). As illustrated
in Figure 3, we considered the population estimates to be
stable when the standard deviation of the population standard
deviation estimate began to steadily decrease as a function of
sub-sample size (~ :—V). We set the condition of an acceptable
variability as being within a threshold, a, of the stable

Severson-2019-¢¢

) [days]

std(o

20 40

sub-sample size [ ]
Figure 3. Example showing the decreasing standard deviation of the
population standard deviation estimate as the number of sub-samples used
for model fitting is increased. A threshold for an acceptable estimate is

shown (vertical dashed line). Example taken from the t; parameter for
Severson-2019.
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decreasing region. The value of a was set at 10% as shown by
the grey shaded region in Figure 3.

The following conventions are used throughout the
remainder of this work. Figure 2(c) shows the definitions of
population, sample and subsample used. The ‘population’
means the very large (but unavailable) group of all possible
similar batteries produced in the same manufacturing batch,
from which a subset were tested in a lab. (Therefore, we expect
the population statistics to be different for each dataset that
was introduced in the previous section.) A ‘sample’ refers to all
the available full data in a specific dataset. Therefore, a sample
is drawn from a population. Conversely, any time a smaller
subset was drawn from a full test dataset, it is referred to here
as a ‘sub-sample’. Summary sample statistics are denoted with
the Latin alphabet, while population estimates are written
using the Greek alphabet. For example, mean and variance are
(m,s*) and (u, 0?) respectively. The letter k is used to denote
value(s) for a specific cell, and K denotes the total number of
cells. Probabilities and distributions are written in capitals: P, N.
Battery capacities are represented by the letter B.

3.1. Multi-Level Bayes

The parameters of an individual cell degradation model are
assumed to be drawn from a population distribution that is
unique for each dataset, with unknown population mean and
variance. Let B, denote the capacity of cell k over a number of
measurements (i.e. B, is a vector) and 6, denote the model
parameters determining the time evolution of capacity. For
example, for the LinExp model, 6, = (¢, t;x, 7). Assuming
additive and Gaussian measurement noise,

B = f(0)) + & (4)

where sk~N<0,0ﬁ‘k> and f is one of the three models

introduced above.

The parameters of an individual cell model k are themselves
drawn from a population distribution, assumed here to be
Gaussian,

0 ~ N(yg,a§>, (5)

where u, is the group (i.e. population) mean and oé the group
variance. These population parameters are vectors of one, two,
or three elements depending on whether the generative model
is Linear-1, Linear-2, or LinExp, respectively.

To complete the specification of this generative model in
the Bayesian framework requires prior distributions to be
assumed. We used wide Gaussian priors (zero mean, 10*
variance) on the population means x, and uniform distribu-
tions on the population variances. The noise parameters o,
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were assumed to follow a Jeffrey’'s prior, P(of‘_k> ~1/02,, and

were integrated out analytically.

To infer the posterior distributions of the population
parameters u, and o, we used a two step process. In the first
step (first level inference), we fitted individual cell parameters
0, using Markov chain Monte Carlo (MCMC) sampling to obtain
samples from P(B|6,) = [P(Bi|60k, 0ni)P(0nk)d0,,. We then
approximated the distributions for each cell with a Gaussian
using their summary statistics (means L, and variances a;),
which were then used in a second step (second level inference).
This allowed the full posterior distribution of the population
parameters to be written as follows:

Plug, o5|{Bi}) =

// P(Bklek)P(6k|‘ug7Ug)P(ﬂg7Ug)d01...d0K ( )

The above multivariate integral can be evaluated analyti-
cally, owing to the Gaussian approximation to the first level
inference. This yields:

K
P(ttg, g {B}) o [ [N (e, 07 + 2 ) Plg, ) )
k=1

Intuitively, this last expression shows that the posterior
population mean is a Gaussian centred around the weighted
average of the individual cell parameters, where the weights
combine the first level variances (uncertainty on the fitting of
each cell) and the group variance (mixed effect model). After
this, we again used MCMC to draw samples from this posterior
distribution to calculate its summary statistics.

The MLB approach was used to fit the parameters of all the
model/dataset combinations shown in Table 1. That fitting was
performed at all sub-sample sizes from minimum 3 cells, up to
3 less than the full number of cells in each dataset, with 1,000
repeats performed at each sub-sample size using random
selection with replacement. A population distribution was
deemed to have a stable fit if the standard deviation of the
estimate of g, settled to follow a function log y = ax + b where
x is sub-sample size, y is the standard deviation of o, and g, b
are arbitrary slope and offset parameters. As a comparison, the
equivalent result was also plotted when using a simple sub-
sample distribution (SSD) by taking the mean, m,, and variance,
sé, of a given sub-sample:

2 r(Bmmy)”

K
my = %I;Gkv 5g = [ (8)

4, Results

As a reminder, the objective is to quantify the number of
battery cells that are required for a stable fit of a population
model, when cells are selected at random from a population. In
particular, we wish to infer both the parameters of the capacity
fade model for each cell, and the parameters of the underlying
population, including their uncertainties. We now examine

© 2021 The Authors. Batteries & Supercaps published by Wiley-VCH GmbH
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both aspects in succession across the various datasets and
models.

In most cases, the parameter values estimated by MLB for
the population level distributions match that of the sample
distributions. Figure 4 shows two examples of well matched
population and sample distributions, namely from Severson-
2019- ¢; and and Attia-2020- 7. The parameter distribution in
the sample is approximately Gaussian in both cases, matching
an important assumption in the MLB derivation.

There was very little correlation between parameter distri-
butions for any dataset/model combinations. The only signifi-
cant case was for the Baumhofer-2014-LinExp model, where
Pearson’s rank coefficients of 0.94 were found between all of ¢,
t: and 7. Severson-2019 had correlation coefficients of ~0.6,
suggestive of a weak relationship between the parameters of
the LinExp model.

Severson-2019-c¢; Dechent-2020- B,

Z z
5 10 g2
= =]
=g o
L .
[dmm} 9=
0
0.3 -0.2 -0.1 103 104 105 106

¢, [%.days | B, [%]

The MLB results were subject to significant variability when
fitting a single incidence at each sub-sample size. Figure 5
demonstrates a typical set of parameter estimates where it was
hard to interpret the values at small sub-sample sizes. The
mean estimates appeared to be well fit at small values, but the
population distributions only settled when the majority of the
sample was used.

The summary results from 1,000 repeats, with replacement,
were much smoother. The estimated standard deviation of g,
for the Linear-1 models rapidly dropped with increasing
numbers of cells in a sub-sample for all datasets as shown in
Figure 6. The SSD approach produced a lower variance at all
sub-sample sizes, but appears insensitive to small sub-samples.

The results for Linear-2 and LinExp were very similar as
shown in Figures 7 and 8, although there were distinctly less
stable fit for Baumhofer-2014- 7. All three models shared a
reduced standard deviation of o, when using SSD.

Baumhoéfer-2014-7 Attia-2020-7

—6 =

2, 710
=) =)
<5} <5}
3 3

g2 g
o« =

0 0

30 40 50 2 3 4
7 [days] 7 [days]

Figure 4. Generally, the inferred population distributions (lines) and sample distributions (bars) are similar, but there are some exceptions.
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Figure 5. MLB results when fitting a single sub-sample draw have significant variability, shown here using Severson-2019 with the LinExp model. Lines show

mean parameter estimates, shaded region is 1-o about that mean, inset is o,
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Figure 6. Smooth standard deviations are estimated by taking 1,000 random subsamples (with replacement), shown here with the Linear-1 model. MLB is
Multi-Level-Bayes, SSD is sub-sample distribution, over the number of cells in the sub-sample.
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Figure 7. The standard deviations of the population-level standard deviation estimates for the Linear-2 model. MLB shows the Multi-Level-Bayes and SSD the

sub-sample distribution results over the number of cells in the sub-sample.
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Figure 8. The standard deviations of the population-level standard deviation estimates for the LinExp model. MLB shows the Multi-Level-Bayes and SSD the

sub-sample distribution results over the number of cells in the sub-sample.

The linear relationship between sub-sample size and the
log of the standard deviations was deemed to represent a
consistent fit. It was subsequently used to determine when an
‘effective’ sub-sample size had been reached. A model was
considered well fit when the standard deviation of o, was
within a = 10% of this stable section, found using a linear
extrapolation (as plotted in the figures).

Figure 9 shows the relationship between the number of
cells required to achieve ‘stable’ population estimates, vs. the
number of model parameters. The number is shown for all

Batteries & Supercaps 2021, 4, 1821-1829 www.batteries-supercaps.org
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model, dataset and parameter combinations. The mean
required sub-sample sizes for a consistent fit were 9, 11 and 13
for the 1, 2 and 3 parameter models respectively.

5. Discussion
The number of cells required to fit the various models

presented here and capture a stable estimate of the population
variability is of order 10. For the simplest model, Linear-1, the
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u - MLB was found to be a robust fitting mechanism when
15 g researching this work. For example, outliers were successfully
s u .l. ignored in Figure 4 where the sample distribution was not
g - = L easily described as Gaussian. Our current approach assumes a
g 10 1 - - Gaussian distribution at the population level. In the case of a
o = " EE bi-modal (or multi-modal) population distribution, we expect
=2 51 that the MLB method would respond by estimating a wide
s} u standard deviation, but this has not been tested. Extending the
method proposed in this paper to other population distribu-

0 1 2 3 tions would be an interesting subject for future study.

model parameters [ ]

Figure 9. Testing with order 10 cells is required to achieve stable population
estimates, with the number increasing as the model complexity increases.
(Offset x-axis values were used to show identical results.)

number was 9 cells, and for the most complex LinExp model,
the number increases to 13. The results understandably suggest
that increased model complexity leads to an increase in the
number of cells required to be tested to achieve a stable
estimate of the population variability.

The multi-level Bayesian approach produced consistent
parameter estimates from sub-samples. Given that cell-to-cell
variability is an important phenomenon impacting battery
performance, the estimated distributions are an invaluable tool
to use in empirical modelling. Simple sample distribution
techniques are limited to estimates of spread within the
domain of the sample and hence showed less sensitivity to
sub-sample size here when using random selection. The
number of cells required to estimate population variability was
fairly consistent across the datasets investigated here and was
a stronger function of the model complexity than of the
dataset. However, future work could test the robustness of this
conclusion across a wider range of datasets.

The standard deviation of the g, estimates reduced as sub-
sample sizes were increased. In most cases, the SSD and MLB
results also approached the same values as sub-sample sizes
increased because the two techniques will return similar results
at high sub-sample sizes. At low sub-sample sizes SSD was
limited to the variability of the sub-sample, whereas MLB was
less certain, resulting in higher values for both o, and its
standard deviation. In this case, SSD appears to have been
artificially confident as an estimate of the population distribu-
tion.

The chosen threshold condition for a well fit o, parameter
resulted in consistent results. The same consistency was also
found when using other threshold values of a. The hypothesis
that sub-sample size increases with model complexity appears
to be supported. However, it would be useful to explore this in
more depth using larger datasets.

In the derivation of the MLB approach, we assumed there
to be no correlations between parameters in the prior
probability distributions. That assumption was found to be
questionable in two cases here. Future work should explore the
impact of this on population modelling.
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Various ageing mechanisms are likely responsible for the
degradation datasets considered in this paper. In the case of
the Severson dataset, it is likely that degradation was largely
caused by lithium plating,” while on the Dechent-2020
dataset, covering layer formation and jellyroll deformation are
key to degradation.”"

Between the datasets small differences were found. For the
Linear-2 model the datasets Attia-2020 and Severson-2019
show a higher cell number threshold required for population
estimation. The reasons for the trends we see are varied. The
underlying mechanisms may be caused by increased variation
of cycling conditions within the dataset. In order to capture
higher usage variation in addition to intrinsic variability the
number of cells will likely need to be increased. Future research
could look into quantifying both use variability and manufac-
turing variability at the same time.

The fact that more complex models required more cells to
be tested at each test point is challenging for battery lifetime
experiments, since it could increase greatly the number of test
channels and cells required in long term ageing experiments.
We did not extrapolate to higher numbers of parameters or to
other models, but it is reasonable to assume that the issues
explored here will be present in other, more complex cases.

One challenge with the technique used here is that it relied
on limited size samples from the population. Future work could
explore whether larger sample sizes lead to similar results as
found here.

Finally, further work is required to investigate the impacts
of cell-to-cell variability using more complex physics-based
models of battery ageing,®” which can have 5-10 or more
parameters in addition to the 20+ parameters of the required
underlying electrochemical model. Openly available ageing
datasets are at present too small to enable meaningful
calculation of population parameter variability for such com-
plex models using the methods we outline, since the number
of parameters is significantly more than 1-3. One approach in a
future study could be using synthetic datas to study more
complex models with more parameters and test parameter
identifiability."”

6. Conclusions
Simple empirical battery capacity fade models were fitted to a
variety of ageing datasets to quantify the number of cells

required to estimate the variability of the underlying popula-
tion. The number of cells required to give a stable population
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variance estimate was found to vary according to the number
of parameters in a given model. Respectively, 9, 11 and 13 cells
are estimated to be required for models with 1, 2 and 3
parameters. Both sample statistics and population estimates
were shown to stabilise with under 20 cells in most cases but
this relied on there existing a Gaussian distribution of
parameters within the sample, otherwise 20 cells were
required.
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