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ARTICLE INFO ABSTRACT

Communicated by J.E. Mottershead The complex nature of lithium-ion battery degradation has led to many machine learning-
based approaches for health forecasting being proposed in the literature. However, machine
learning using sophisticated models can be computationally expensive, and although linear
models are faster they can also be inflexible. Piecewise-linear models offer a compromise—
a fast and flexible alternative that is not as computationally expensive as techniques such as
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Eilf]:;‘ﬁieon neural networks or Gaussian process regression. Here, a piecewise-linear approach for battery
Degradation health forecasting, including an automated feature selection step, is compared to a Gaussian
Health process regression model and found to perform equally well in terms of the median error on
Bayes a training dataset, and indeed somewhat better at the 95th percentile of error. The feature

selection process demonstrates the benefit of limiting the correlation between inputs. Further
trials found that the piecewise-linear approach was robust to changing input size and availability
of training data.

1. Introduction

A significant focus of recent battery literature has been on developing data-driven approaches for modelling degradation [1].
Many of the suggested approaches use machine learning (ML) techniques to try to predict current battery state of health (SoH),
future SoH, or remaining useful life (RUL). However, training a machine learning model, such as a neural network, can be
computationally challenging—either needing extensive quantities of data, and/or scaling poorly as the dataset grows in size. With
some approaches (e.g. Gaussian processes), making predictions requires all the training data to be available, posing a challenge
for memory requirements and a hindrance for use in control systems [1]. Linear models are a simpler alternative to other ML
approaches [2] that have already demonstrated some success in battery applications. Here, we propose a piecewise-linear model for
forecasting battery capacity without compromising predictive performance relative to a more complex machine learning approach.
This paper is focused on SoH prognosis (i.e., estimate future battery health and lifetime given an assumption of a usage scenario)
rather than on SoH diagnosis (i.e., estimate present health given measured data). A full discussion of these two topics is available
in the literature, e.g. in Sulzer et al. [3].

Battery degradation is complex, caused by a wide range of possible mechanisms, and compounded by dependence on usage
and cell-to-cell manufacturing variability [4-7]. Degradation is usually defined as the change in SoH with usage, either as
a fade in the capacity or increase in resistance of a battery cell (or some combination of these metrics, depending on the
application). The flexibility of supervised machine learning approaches enables accurate models to be constructed from data for
the prediction of battery SoH, RUL or ‘knee point’, when the health decline begins to accelerate [1,8-13]. Combined with ML
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Nomenclature

Acronyms/Abbreviations

EoL End of life

EoL Error End of life percentage error

RMSE Capacity Root mean square error on capacity predictions

RMSE 40 Root mean square error on change in capacity predictions
RUL Remaining useful life

SoH State of health

Mathematical Symbols

Pimprov Performance threshold in model selection
B Typical lengthscale of the splitting variable
AQ Change in capacity

€ Noise over target variables

p(x) Data density function

Pp Pearson’s rank correlation

PP .max Maximum shared correlation between input features
o, Standard deviation of observation noise

a Weighting function used for smoothing
f(X) Function of input array, X

Fop(x) Breakpoint threshold function

N Normal distribution

Hy, Number of sub-models

o Capacity

TEoL Predicted lifetime

ol Observed lifetime

Vi Proportion of time spent between ith and jth voltage percentiles
w Coefficients of a linear model

w Estimate of coefficients of model

X Input array with a data point per row

y Target variable

* Subscript indicating test data

Units

Ah Ampere hours

C C-rate

models, correlation-based feature selection techniques have also been shown to be useful in establishing the key factors that drive
battery ageing [14-16].

Linear correlations have been found between various battery-ageing stimuli/indicators, and SoH. For example, the positions of
peaks within and integrals of incremental capacity curves have been found to vary linearly with capacity loss [16-22]. Similarly, the
cell thermal response may also exhibit a linear relationship with capacity [23,24]. Other features that may correlate almost linearly
with battery health are time in certain voltage regions [16,25-27], internal stresses [19,28] and combinations of impedances [29].
The above-mentioned examples were found in data from controlled experimental scenarios, so may not be universal, but the existence
of linear or almost linear relationships between specific ageing features and battery health, across a range of use cases, suggests
that this is an avenue worth further exploration.

Having said this, depending on the battery ageing dataset, a very simple linear mapping from a battery ageing feature to SoH
may lack sufficient flexibility to accurately capture certain important aspects of degradation. Notably, in some datasets, a “knee
point" appears in capacity fade trajectories for lithium-ion cells undergoing arduous test protocols, and this manifests as a sudden
collapse in capacity [9,30-32]. Such rapid changes in SoH may be associated with input features moving from varying linearly with
SoH to having undefined non-linear relationships with SoH [30,33].

Piecewise-linear models, which consist of a number of separate linear models each valid within a certain constrained range
of behaviour, offer a compromise between simplicity and flexibility. In the context of batteries, they have been used for state of
charge modelling [6,27,34-36] and SoH modelling [2,37,38]. A common approach for piecewise-linear models is to split the linear
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Fig. 1. Battery capacity fade measurement data used in this work, from Refs. [10,44].
Source: Image adapted from Ref. [15].

sub-models according to the stages of cell life [6,34,36,38]. However since cells degrade at different rates even if used identically,
time-based splitting of linear sub-models may give poor performance [39]. Other approaches have separated linear sub-models
according to voltage or state of charge regions [35,40,41]. It has even been possible to construct separate linear sub-models according
to how a cell is being used [42] or to use local linear regression, where linear models are constructed based on a number of nearest
neighbours, to predict capacity loss [43].

Here we propose new approaches for piecewise-linear regression models to forecast battery SoH trajectories up to end-of-life.
The approach automates the locations of the boundaries between the linear sub-models and the selection of the input variable used
to split the sub-models. The number of linear sub-models is also chosen automatically based on a compromise between complexity
and performance. To test the approach, a comparison with a Gaussian process regression machine learning approach was performed.
Gaussian processes have been widely explored for battery degradation prediction in the literature [8,11,13-15] and have proven to
be a powerful tool, offering a challenging comparison to the piecewise-linear method proposed here. A number of other investigations
were also undertaken to assess the resilience of the proposed approach to varying modelling conditions.

2. Data sources

This work uses open-source battery cycling and capacity fade data from two datasets [10,44]. The datasets were produced from
fast-charging experiments using lithium iron phosphate/graphite 18650 cells, manufactured by A123, all cycled in a temperature
chamber set at 30 °C. Capacity estimates were calculated from the repeated 4C discharge cycles. In this paper, capacity is expressed
per cent, normalised relative to the nominal cell capacity of 1.1 Ah.

In these datasets, all cells were cycled to failure, defined as 80% of the 1.1 Ah nominal capacity. The first dataset contained 135
cells, with peak charging currents varying between 3.6C and 8C [10]. The second set, with a further 45 cells, had a fixed charging
window of 10 min but different paths to full charge [44]. Here, all cells with lifetimes between 15 and 40 days were chosen, to
provide a consistent dataset. After these filtering steps, the data from 157 cells was available (Fig. 1) for model fitting and validation.
For completeness, the methods were also re-run against the full dataset of 175 cells (with no filtering out of cells first).

3. Methods
3.1. Data generation and selection

The battery cycling data was reduced from hundreds of millions of rows down to thousands of rows by generating input features
from the raw data. For each 12 h time period, the input features were calculated based on cell use during that time period, as
described in detail below. The available measured variables from which to generate features were current, voltage, temperature,
power, absolute current and absolute power. A capacity measurement was taken at the end of every 12 h time period for which a
cell was tested.

This feature generation approach is very similar to the method used in our previous work [15], building also on Richardson
et al. [13], and briefly described as follows: The raw data consists of voltage, current and temperature time-series (inputs) and
capacity measurements (outputs). The model aims to learn the mapping from inputs to outputs. Rather than learn a direct mapping
to absolute values of capacity, the model learns the mapping to change in capacity associated with the input features within a fixed
period of time (which is arbitrary, but in this case was 12 h) — as shown in Figures 1 and 2 of Richardson et al. [13]. Capacity fade
trajectories over life can then be predicted by adding up these capacity changes cumulatively.

Features can be created from any functions applied to the raw data; in this case features were generated based on time spent
within certain input regions, for every fixed 12-hour period. This may be illustrated by a brief example. Consider two batteries,
one aged at high temperature between 0%-100% SOC, another at room temperature between 40%-60% SOC. Using temperature
and voltage as the key inputs relating to usage, the first step is to compute histograms across all the data. These are then divided
into distinct zones, using percentiles. In this example we would expect to have a room temperature region and a high temperature
region, and also low voltage (low SOC), medium voltage, and high voltage regions. The number of regions is up to the user, but this
can be explored to find a trade-off between flexibility and accuracy. Once the region boundaries have been ascertained from the
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Table 1
Variable bounds used to define regions to generate input features according to the datasets used in this work.
Current Voltage Temperature Power Absolute current Absolute power
Percentile [A] [vi [°C] [W] [A] [W]
1st —4.00 2.00 29.8 -12.8 0.00 0.0
3314 —-0.45 3.12 325 -0.9 1.00 2.8
67th 1.00 3.51 35.0 3.4 4.00 12.4
99th 6.00 3.60 40.6 21.3 6.00 21.3

data, these are fixed. The individual feature values are then calculated simply as the proportion of time spent within each region
within each fixed time window. In the brief example given here, we would therefore expect the high temperature cycled battery to
have non-zero temperature feature values in the high temperature region and zero values of the feature associated with the ambient
temperature region. In this way, the feature rows capture the essence of how the battery was cycled within each 12-hour period.
This approach gives flexibility to capture different types of cycling patterns e.g. within a single battery test, or between the training
and test sets.

For speed, the regions were bounded according to the thresholds derived using the full dataset (rather than just the training
set). This was because it was found that the selected thresholds were very consistent across many randomly selected subsets of
data. Every variable was split up according to how much time was spent within each region so that a cumulative distribution could
be produced from which to draw the bounds. The calculated bounds are given in Table 1. For example, the bounds at the 33"
percentile represent the values of the input variables below which the 157 cells cumulatively spend 33% of their lifetimes. This
approach builds on techniques from existing literature where linear relationships have been found between battery ageing and time
spent in certain voltage regions [15,16,25-27].

From this process, there were 36 possible input features calculated for each cell considering all variables over all variable ranges.
Another 36 were also added by including how each variable changed between time intervals, in addition to the final input feature
being calendar time, giving 73 features in total. These were calculated for each 12 h interval of data, for each cell’s entire life. The
output variable was the change in capacity AQ over each 12 h time interval, with capacity estimated from the 4C discharge cycle
at each time period.

In order to select the most important input features and reduce the total number of features required, the input features which
correlated most strongly with the changes in capacity, AQ, were prioritised. Pearson’s rank, pp, was used to quantify the degree
of correlation. To ensure that input features covered a wider range of variability, selected features were not allowed to share a
correlation coefficient more than pp ., = 0.85.

Features are labelled here according to the raw variable used (e.g. V for voltage) and the percentiles which define the thresholds.
For example, the most important feature impacting ageing was commonly found to be V', 3, i.e. the proportion of time spent
between the second and third variable bounds of voltage within each 12-hour window—the 33rd percentile to the 67th percentile,
equivalent to between 3.12V and 3.51 V. Five features were down-selected and used as inputs for the piecewise-linear model. The
most commonly selected input features were, in priority order, V53, V; 5, experimental time, |P|; 5 (absolute power), and |I]; 5
(absolute current). Later in this paper (Section 3.6) there is also a sensitivity analysis that assesses the required number of input
features in more detail.

The code developed in this work is available online from the following repository: https://github.com/Battery-Intelligence-
Lab/piecewise-linear-rul

3.2. Piecewise-linear model breakpoints

A piecewise-linear model consists of a number of separate linear sub-models joined together, each respectively explaining a
subsection of the overall behaviour of the data. To construct the model one must therefore find, from the training data, the optimal
breakpoints between the linear sub-models.

As discussed in the previous section, the input features were prioritised according to their correlation with capacity fade.
Consequently, the feature with the highest correlation was used to establish the breakpoints for the piecewise-linear model. First, a
monotonic function AQ = AQ(x), where x is the highest priority input feature, was created directly from the data using a weighted
moving average, shown as a black line in Fig. 2(a). The second derivative of this function (weighted by the data density) was used
to find the points of maximum curvature, see Fig. 2(b), and between these points, linear sub-models were fitted.

The weights, a, were calculated from the squared exponential of the distance between the ith value being evaluated, x;, and the
x-values at other data points, x;:

a;; = a(x;, x;) = exp (‘M) @
b

where

max(x) — min(x)

b= 10
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Fig. 2. Example calculation of three breakpoints using the best correlating feature, V, 5. Left to right (a) 40(V,3), (b) resultant splitting points.

The function f,,(x) was then calculated at each point x; using all » output data points 4Q in the training set (Eq. (2)),

= a; ;A0(x;)
Sao(x) = Z % )
j=1 ij

However, this moving average may have large values for the second derivative at the extreme values of input feature x where
there are fewer relevant data points. To alleviate this, a data density function, p = p(x;), was calculated (Eq. (3)) and multiplied by
the second derivative of f,, (calculated numerically through simple differencing) so that changing gradients in regions with lots of
data points were prioritised, as follows,

n
1
p(x,->=;ZH(||x,-—x,||<«r,), 3
Jj=1
where H is a logical function returning 1 when the condition is true and o, is a lengthscale parameter which was set equal to one-
tenth of the range of the splitting variable. We investigated the impact of varying this value and found that results were relatively
insensitive to this. The final expression for the breakpoint selection function, f,,, was therefore

d*f0
fbp(x,-)=,0(x,-)>< |: dx2 ) .

i

The process is illustrated in Fig. 2(b), where the values at the dotted lines are multiplied together to produce the final function
for breakpoint selection. Maxima in that function matched, or were near to, the significant changes of gradient in the training set.

Other approaches to piecewise model splitting were considered (details are in Appendix A). K-means clustering and Matlab’s
fminsearch functions were both implemented as a comparison. K-means was initially used over the full input data, but that gave too
high a weighting to features not correlated with the output. K-means was found to be most successful by using just the first two
high priority features, at which point the results are extremely similar to using curvature, as explained above. Matlab’s fminsearch
allowed for completely free breakpoints selection across the range of the first selected feature.

3.3. Linear regression of sub-models
The sub-model for each partition was fitted using Bayesian linear regression. The target variable y was AQ in each time step.
This was assumed to be a linear function of input feature set X with associated noise, e,
y=fX)+e, e~N(©002).

Bayesian linear regression involves fitting the parameter vector w to create model f(X) = Xw based on the posterior distribution
over the parameters. The input matrix X has a column for every input and a row for every data point. The model parameters w
were assigned a zero-mean Gaussian prior and covariance X,

w~N(0,X%,).

Here, %, was assumed to be a diagonal matrix with a constant variance, ai, = 102, with this value set by observations of the
coefficients in early trials. Varying the prior parameter uncertainty o,, was found to have no impact on performance within an order
of magnitude of 6,, = 10, probably because of the large amount of measurement data. This leads to a mean estimate of the parameters
w as a function of the input variables X, output target AQ and estimates of observation noise o, and covariance X, [45,46],

=02 (c2XTX + 3.1 xTy. @
Predictions of capacity loss are produced by multiplying the test set input matrix, X,, by the parameter estimates,

Yo =40, = X,b. 6]
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Table 2
Piecewise model selection by choosing the smallest number of models n,, within
threshold fippoy Of the peak performance.

n, RMSE 40 [%] < 1+ Bimprov Selection

0.325
0.213
0.201

m

0.192 0.192 n, =4

0.192 0.192
0.192 0.192
0.210

-10 n/a

O NG| AW N -

3.4. Piecewise-linear model construction

The number, n,, of sub-models used in the final piecewise model was calculated by a compromise between predictive
performance and complexity. The procedure is depicted in Table 2. Piecewise-linear models each having different numbers of sub-
models were trained on the training set up to some maximum number of sub-models, taken as 10 in the work here. The selected
n,, was the minimum model size that gave an accuracy below the optimal root mean squared error (RMSE) 4AQ score multiplied by
a threshold (1 + fimproy). For most models here, fiy,r0y = 0.01 was chosen as a threshold.

The piecewise-linear model produces a series of AQ estimates over time. Capacity forecasts are then calculated over full cycle
life of each test cell by summing the predicted AQ estimates in order, starting from assumed initial capacity value.

3.5. Performance metrics

To evaluate the predictive accuracy of the model, three performance metrics were calculated for each forecasted capacity profile.
Firstly, the root mean squared error (RMSE) between observed and predicted AQ provided a measure of the performance of the
model. In addition to this, the capacity profile forecast quality was calculated by using the root mean square error on the capacity,
RMSE Capacity, calculated in % capacity.

Another metric used to assess performance was the lifetime prediction accuracy, with end of life (EoL) point defined as the time
when 80% nominal capacity was reached. The percentage difference between observed EoL, t5,;, and predicted, 7g,;, was taken as
the error to create the metric PEg,;,

PEgo;, = 100% X (tgor, = Tgor.)/tEoL-

Many trials were performed at all test points here so that the quoted forms of the above metrics are the median and 95th percentiles
of the above performance metrics.

3.6. Trial setup

The first trial was a comparison in performance of the piecewise-linear model versus a baseline machine learning tool, Gaussian
process regression (GPR). The same data and features were used as the inputs for the piecewise-linear and GPR models, and
performance was evaluated using the metrics described above. There were 200 repeats of the trial with each repeat using 50 training
cells and 107 test cells.

In addition to this, a sensitivity analysis was conducted to test the piecewise-linear model and feature selection approach whilst
varying assumptions on maximum feature similarity pp ., improvement threshold fiypro,, number of input features, and number
of sub-models. These assumptions were tested one at a time whilst keeping all other parameters constant at the default values used
in the larger scale trial previously described. These default values were pp 0 = 0.85, fimproy = 0.01, max (n,,) = 10 sub-models, 5
input features and 50 training cells. This trial used 20 repeats at each test point each with 107 test cells.

Third, we calculated the EoL error as a function of the number of training cells used, between 5 and 100. In this case we used
K-means and fminsearch to select linear sub-model splitting points, to provide a thorough comparison with the curvature-based
piecewise splitting techniques. Apart from the splitting technique, the parameters of this trial was identical to the first trial.

Finally, to test the behaviour of the algorithm using all available data, the code was re-run with all 175 cells, i.e. including
outliers with very long and short lives.

4. Results
Fig. 3 shows the results of the piecewise-linear model trials calculated with the performance metrics previously described. The

distribution of the results suggests that the piecewise-linear approach produces accurate forecasted capacity profiles. The median
RMSE 40 of 0.17% capacity for the capacity transition model represents an accurate fit. The performance when calculating capacity
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median = 1.1%

median = 0.17% median = 1.6%

95" = 3,19 95" = 6.0%

95 = 0.38%
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RMSE AQ [%] RMSE Capacity [%] EoL Error [%]

Fig. 3. Piecewise-linear model performance in terms of RMSE on capacity changes in each time step, capacity over the whole trajectory, and end of life.
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Fig. 4. Comparison between piecewise-linear modelling and GPR for capacity forecasting.

Table 3
Comparison of performance between full and reduced datasets.
Reduced dataset (157 cells) Full dataset (175 cells)
Performance metric median 95th percentile median 95th percentile
RMSE 40 [%] 0.17 0.38 0.18 0.47
RMSE Capacity [%] 1.1 3.1 1.5 4.6
EoL Error [%] 1.6 6.0 1.5 10.0

trajectories, quantified by RMSE Capacity, was also typically accurate, with a median error value of 1.1% capacity. Finally, the
predicted lifetimes of the cells were accurate to within 1.6% of the observed lifetime in half the test cases.

The median performance of the piecewise-linear modelling approach was extremely similar to that of the GPR approach. The 95th
percentiles of error were slightly improved by using piecewise-linear modelling relative to GPR in Fig. 4, although the difference is
small. The piecewise-linear approach used between 3 and 5 linear sub-models to map the capacity loss based on the data used here,
in 79% of cases. In all cases, the input feature used to calculate the thresholds for the breakpoints between the linear sub-models
was V, 3 which is the proportion of time spent in the mid-range of voltages, between 3.12V and 3.51 V.

Median lifetime predictive performance was found to be unaffected by significant changes in modelling assumptions, Fig. 5. Any
number of sub-models n,, greater than 1 appeared equally accurate. The threshold iy, could be raised to 0.5 without impacting
performance. The input feature selection procedure worked most accurately when maximum shared correlation between features
was 0.6 < pp . < 0.9. On the other hand, the 95th percentiles of prediction error varied more as a function of the modelling
assumptions. For example, increasing the number of input features reduced the end of life estimation error up to 3 features, above
which the improvements were small.

The three sub-model splitting methods presented in Fig. 6 gave very similar results, although using fminsearch was found to be
comparatively more computationally expensive with bigger training sets. All three methods produced good performance with data
from 20 or more training cells. There was only a small improvement in accuracy by increasing the training set to 100 cells’ data.

The histogram of sub-model breakpoints, Fig. 7(a), shows how there were generally common breakpoints chosen between the
linear sub-models. The most common was at V; 3 ~ 0.37, which roughly corresponds to the change from slow linear ageing to faster
degradation, Fig. 2.

As mentioned, to explore the performance of the algorithm using all available data (including outliers), the code was re-run with
all 175 cells. The results are similar to the results already shown, but slightly weaker. They are summarised in Table 3.

5. Discussion
The piecewise-linear model for battery capacity fade produced accurate capacity forecasts and accurate lifetime predictions.

For the same sets of input features, piecewise-linear modelling matched Gaussian process regression with respect to median error
performance, and outperformed GPR for the 95th percentile of performance. This may be because the piecewise-linear approach
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sub-model splitting techniques: curvature (purple), K-means (yellow) and fminsearch (green).
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Fig. 7. Analysis of the piecewise-linear approach and its results. Left to right: (a) Histogram of breakpoints chosen between sub-models, (b) Number of sub-models
used in the large trial in Fig. 3, (c) EoL errors for Gaussian process regression and piecewise-linear regression, sorted by test cell number.

appears less susceptible to small patterns in the training data, potentially reducing overfitting. Using over 8 input features produced
weaker performance, Fig. 5, suggesting that the model was beginning to overfit the data in that case.

The distinction between the two data-driven approaches (piecewise-linear and GPR) appears to be related to a small number of
outliers. Fig. 7(c) directly compares the end of life error results of the two approaches, grouping them by test cell. The GPR results
for the majority of cells were distributed more widely than the piecewise-linear model results. The same effect was seen at higher
error percentiles in Fig. 4. Most data-driven approaches struggle to extrapolate beyond their training data, but linear approaches
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could diverge more slowly in this case, thus reducing the impact of a substandard model at extremes. With a typical value of 4 linear
sub-models used, the piecewise-linear approach was sufficiently flexible to map the trajectories of these rapidly degrading cells. The
uniformly-selected primary input feature V, 5 was used to create the breakpoints between the linear models. The distribution of
those breakpoints, Fig. 7(a), shows that V, 3 ~ 0.37 was the most popular breakpoint. That point corresponds to the end of purely
linear ageing, approximately halfway through cell life—over 50% of all data points in the full dataset were above that value.

Median predictive error performance was consistent across a large range of testing conditions, Fig. 5. Successful prognosis,
especially for cells further from the mean behaviour, requires more input data, as demonstrated by the improving 95th percentiles
in error when more cells, inputs, models and input distinctiveness were introduced. There was a notable improvement when
the maximum allowed correlation between inputs was reduced below 0.90, thereby giving more generality to the model. That
improvement suggests that the maximum shared correlation constraint in the feature selection process is an important factor in
optimising performance.

According to Fig. 5, 3 input features and 2 linear sub-models were required for successful health modelling of the majority of
the cells in the dataset used here. All three piecewise sub-model splitting techniques produced good performance from as few as 20
training cells’ data, although those training cells need to represent a reasonable range of lifetimes.

There are limitations to using a piecewise-linear model. If the relationship between the feature and the capacity fade is highly
nonlinear, this approach will fail to capture it accurately. Second, the proposed model may perform poorly if the cells under
consideration have undergone a wide variety of very different degradation trajectories. The input feature generation and subsequent
regression methods both assume that there are significant similarities between the cells being trained and those being tested. A wider
set of conditions might challenge that assumption.

6. Conclusions

In this work, a combined feature selection and piecewise-linear modelling approach to predict battery capacity fade was detailed
and tested. Under the testing conditions used here, the combined approach produced median RMSE capacity of 1.1% and median
lifetime error of 1.6%. On the data considered here, the piecewise-linear model performed comparably to a Gaussian process
regression model when given the same input features, while outperforming the machine learning method at the 95th percentile. The
approach was robust to reduced number of input features and reduced training set size, and to limitations being imposed on the
piecewise-linear model construction. The feature selection step was shown to give accurate performance by avoiding input features
that correlated too well with each other.

The ability of data-driven piecewise-linear models of battery capacity fade to adapt to wider ranges of use than available in the
datasets considered here remains unclear. Users of these approaches must always be careful to have reliable and appropriate training
data for their application. The work here combines easily understood inputs with simple modelling to construct a flexible and fast
battery degradation model with minimal memory requirements for predictions. The model produces accurate capacity forecasts that
hold up to and after the acceleration of battery degradation in later life.

Declaration of competing interest

The authors declare the following financial interests/personal relationships which may be considered as potential competing
interests: David Howey and Samuel Greenbank report financial support was provided by Engineering and Physical Sciences Research
Council and by Siemens AG. David Howey reports a relationship with Habitat Energy that includes: consulting or advisory. David
Howey reports a relationship with Brill Power that includes: equity or stocks.

Acknowledgements

This work was funded by EPSRC, UK and Siemens Ltd., through an industrial CASE award. For the purpose of Open Access, the
authors apply a CC BY public copyright licence to any Author Accepted Manuscript (AAM) version arising from this submission.

Appendix A. Alternative splitting approaches

The two alternative approaches to finding the breakpoints in the linear piece-wise model were first using the fminsearch Matlab
function and second using K-means clustering. The method using the fminsearch Matlab function represented completely free
selection of the breakpoint positions. The objective function to minimise was error metric RMSE AQ over the entire training set,
and a limit was included such that breakpoints must be fit in size order, to avoid overlapping. K-means clustering was performed
using the Matlab function kmeans. A small trial found that performance was best when using K-means with the first two selected
input features, instead of the full training dataset.
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Appendix B. Gaussian process regression

Gaussian process regression (GPR) is a non-parametric probabilistic approach to regression. It has been used in battery health
and lifetime prediction previously [1,8,13-15]. GPR was used here as a comparison to the piecewise-linear model, performing the
same mapping between the five automatically selected inputs and the output—changes in capacity, 4Q. The rest of the approach
was identical to the piecewise-linear approach. The choice of kernel function for GPR was a radial basis function (a.k.a. squared
exponential), a commonly used stationary covariance function (Eq. (7)) [45]. Automatic relevance determination allowed for a
different length-scale hyperparameter, o, for each input (Eq. (6)).

(6)

Koy (r) = o-? exp (—r?) ()

The GPR model was the same as the one used in Ref. [15], but with 50 training cells and the radial basis function kernel.
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