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Abstract

Lithium-ion batteries are increasingly ubiquitous in modern society but the degradation
of lithium-ion cells is complex and challenging to predict. Data-driven approaches to
estimating and forecasting the state of health of lithium-ion batteries have become
increasingly popular in literature due to the growing availability of battery data and the
improved flexibility of data-driven approaches relative to physics-based modelling. This
thesis begins with a review of health diagnosis and prognosis approaches in battery
literature, including a brief introduction to the principles and challenges of using
data-driven approaches. The subsequent chapters investigate several of the remaining
open questions.

An automated methodology for input feature generation and selection is proposed
and thoroughly tested. Gaussian process regression, a well-known non-parametric
form of supervised learning, is used to map from the input features to changes in
capacity. The inputs are found to be good predictors of degradation and also robust to
significantly increased noise and reduced sampling frequencies for the raw cycle data.

Gaussian process regression produces accurate predictions of capacity here. Piece-
wise, Bayesian linear regression is a faster, more transparent alternative that produces
equally accurate end-of-life forecasts. A battery-focussed performance metric is pro-
posed to assess the accuracy of the output probabilistic predictive distributions of both
regression models. A proposed adaptation to sparse Gaussian process regression is
found to reduce the storage requirements of a Gaussian process battery health model
by 98% without significantly impacting predictive performance.

Lithium-ion cells suffer from cell-to-cell variability in ageing rates, thereby posing a
challenge to the control of battery packs and experimental design. An experiment finds
that around 12 similarly used cells are required to consistently fit a population-level
distribution for an empirical model. By contrast, a Gaussian process regression model
requires under 5 cells in a training set to consistently fit the hyperparameters, but
around 50 cells are required to produce the capacity predictive performance of other

models in this thesis.
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Chapter 1

Introduction

1.1 Lithium-ion battery degradation

Interest in both electric vehicles and reliable grid applications is increasing the relevance
of lithium-ion batteries in the modern world [6]. Lithium-ion batteries suffer from
degradation in health through both use, known as cyclic ageing, and rest or storage,
known as calendar ageing [7-9]. Safe and confident use of cells is reliant on accurate
knowledge of state of health (SoH) and hence degradation [10, 11]. For example,
one source of overheating is overcharging, which creates an excess of heat that can
eventually lead to thermal runaway [12].

Capacity, alongside internal resistance, is one of the most common measures of the
health of a cell [13, 14]. Capacity fade and internal resistance increase are established
metrics of degradation, and are each linked with an array of possible degradation
mechanisms. The variety of possible degradation mechanisms are linked to a further
variety of possible internal and external causes [7, 15]. Manufacturing variability

(sometimes referred to as intrinsic variability, i.e. production caused variability or
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manufacturing tolerance) further confuses the picture because cells of identical chemistry,
form, model and even batch are often found to have differing initial capacities and then
will subsequently age at uncorrelated rates [16-18]. In summary, battery degradation

is a complex phenomenon and as a result is challenging to predict.

Despite the complexity of the underlying degradation, most capacity fade profiles
can be broken down into two or three stages of ageing [19-21], as shown in Fig. 1.1a.
There can be an initial, fast change in early capacity. For instance, capacity can
decrease rapidly due to solid electrolyte interphase growth [19, 21}, but short-term
increases have been seen in some laboratory cells [22]. The initial phase is short, and
is followed by an extensive phase of slow ageing [19, 20]. The development of a solid
electrolyte interphase is a commonly referenced degradation mechanism which usually
creates a square root dependence between time and capacity loss [7, 15, 23, 24]. Particle
cracking, lithium plating and other mechanisms can also have a slowly increasing impact
on SoH [7, 15, 24]. Many cells remain in the slow ageing stage for the remainder of
their useful life, but sometimes a final, accelerated ageing phase has been simulated

[20] and experimentally demonstrated [16, 19, 22, 23, 25].

In many cases, only one or two stages are exhibited. Calenderically aged cells expe-
rience steady, shallow ageing for long periods, with the degradation rate determined by
temperature and state of charge [20, 26-29], and their capacity has been modelled with
simple explicit functions [28, 30-32]. Repeated cycling can also lead to approximately

constant degradation rates, as demonstrated by both datasets in Fig. 1.1b [33, 34].



1.2 Modelling degradation 3
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Fig. 1.1 Example lithium-ion battery health profiles. Most profiles can be broken into
a small number of stages (a) and many exhibit only linear ageing (b). Arduous use
protocols can lead to a collapse in capacity, known as a knee point (c).

The cells shown may have gone on to experience accelerated ageing later on, but that
is beyond the scope of the available data.

Arduous use protocols can result in the catastrophic loss of capacity seen in Fig. 1.1c,
commonly known as a “knee point”. This accelerated ageing has been regularly linked
to lithium plating [23, 25, 35, 36] and occasionally to a number of other degradation
mechanisms such as pore clogging and uneven compression [15, 37, 38]. Confident
prediction of the onset of the knee point has proven difficult; nonetheless, it remains a
critical consideration for the safety of any battery system [16, 22, 39].

The uncomplicated profiles provide hope that modelling lithium-ion battery degrada-

tion should be achievable, despite the inherent complexity of the underlying processes.

1.2 Modelling degradation

There are a number of techniques available for modelling lithium-ion battery degra-

dation. These are loosely split into physics-based techniques (Section 1.2.1) and
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data-driven techniques (Section 1.2.2) based on a subjective judgement, but there is
overlap in many cases. Degradation modelling typically seeks to address three questions:
(1) What is the health now? (2) What will the health be in the future? (3) For how

much longer can this cell be used by a customer?

What is the health now?

Finding the current SoH of a cell is known as diagnosis or SoH estimation in literature.
This thesis uses capacity at rate, meaning the capacity when measured at the cycling
current, as the health metric, but there are a number of possible metrics that one
might wish to know. For example, the open-circuit-voltage capacity is a measure of all
the available charge that can be stored in a cell [34] whereas the internal resistance
is directly related to the deliverable power from a cell, which can also be estimated
directly [40]. One can either estimate the metrics from the cycle data [40, 41] or
perform a reference performance test (RPT) and estimate the health from that [42-45].
Note, the references given here are not exhaustive and fuller descriptions can be found

in a number of reviews [13, 24, 46-49].

Lithium-ion battery diagnosis has received more focus than SoH prognosis in
literature but is not the main focus of this thesis. The work here focusses on the next
question, but the techniques presented here are easily adapted for SoH estimation. The
techniques in Chapter 2 were adapted to perform SoH estimation, the results of which

are found in Appendix B.2.
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What will the health be in the future?

Health prognosis or forecasting aims to predict the trajectory of a given health metric
through cell life, and can form an essential part of health management [50]. It relies on
knowledge of future or intended use. An explicit example is the assumption of continued
similar use in k-step-ahead approaches [51-54]. As a general rule, approaches aiming
to predict the future health trajectory are less certain as the extrapolation length

increases, regardless of whether an empirical or data-driven model is used [55, 56].

The models in all subsequent chapters assume knowledge of future use of all test

cells. Use prediction is beyond the scope of this thesis but is a significant challenge.

For how much longer can this cell be used safely?

The most common approach to answering this question is remaining useful life (RUL)
prediction, i.e. estimating the amount of time or cycles before an end-of-life (EoL)
condition is reached [13, 56, 57]. Predicting RUL can be performed either during cell
life [58-61] or from a specified early cycle [22, 39, 62-64]. End-of-life conditions vary

but are typically taken as a capacity or resistance limit [61].

Beyond the knee point, a cell can be considered to have lost its value for an
application and hence can be considered as analagous to EoL but with a flexible
location in time-capacity space [65]. There have been attempts to explicitly predict
the knee point from early cycles [38, 39, 64], or the equivalent procedure looking at

elbows in internal resistance rises [66, 67].
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1.2.1 Physics-based approaches

Broadly, there are three categories of physics-based approach: electrochemical models,

equivalent circuit models and semi-empirical models.

Electrochemical models aim to describe ageing by modelling specific molecular-
scale degradation mechanisms. These models, sometimes referred to as physical or
mechanistic models, assume degradation occurs through one or more of solid electrolyte
interphase growth [68-71], particle cracking [69, 71, 72], lithium plating [73, 74] or loss
of active material by other means [69, 70]. Electrochemical models can be extremely
precise but rely on detailed information about the cell components and their initial
conditions, and require solving partial differential equations, rendering them challenging

to apply in the real world [24, 75].

Equivalent circuit modelling is a computationally cheaper alternative with fewer
parameters [76]. Equivalent-circuit methods aim to approximate the electrical behaviour
of a cell with a relatively small circuit comprised of some form of voltage source plus a
number of resistors, capacitors, diodes or transformers [77-81]. Equivalent circuits can
be used to estimate states and parameters, such as state of charge and SoH, based on
the usage data, using an appropriate parameter estimation algorithm. A popular tool

is the Kalman filter, a Bayesian filtering mechanism [77, 82].

Both equivalent-circuit and electrochemical models can be useful tools, but a trained
model is usually too specific to be applied to other uses or chemistries or even other

nominally identical cells [24].
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Finally, semi-empirical methods are a simpler and hence more adaptable alternative
(31, 83, 84]. In this case, a model is constructed by specifying the mechanisms and
relationships by which cells will degrade before fitting the parameters of that model.
One example model used four distinct causes of degradation, such as high temperature,
low temperature, and high state of charge, each with a separate physics-based stress
factor [31]. Performance of semi-empirical models is a function of the appropriateness

of the chosen models [31, 84].

Physics-based approaches provide insight and are interpretable but suffer because
they must assume a fixed structure to the degradation model. Battery degradation is
complex and there is significant variability between even supposedly identical cases
[7, 16]. More flexibility is perhaps required for a successful health model that can be

applicable in non-laboratory settings.

1.2.2 Data-driven techniques

Data-driven modelling techniques allow the data to shape the form of the degradation
trajectory. These can be loosely divided into three categories: fixed empirical models
with adaptable parameters, machine learning models, and deep machine learning

models.
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Fixed empirical models with adaptable parameters

The first of the data-driven approaches involves using a simpler empirical model than
those in the semi-empirical approaches but then adapting the parameters of that model
through cell life.

The application of Kalman and particle filtering (PF) techniques to model cell
ageing is a good example. The ageing curve can follow a capacity, (), function as simple
as Q(t) = a + bt [85-87]. The values of a, b and ¢, or parameters within equivalent
functions, will vary over time. The functionality will approximate the degradation
trajectories, but the filtering method aims to improve predictive performance by
adapting to the ageing of a specific cell over time [40, 61, 77, 88-94].

These methods rely on a prior assumption of the shape of the capacity profile. For
example, it is unlikely that the same capacity function should be used for the cells
in Fig. 1.1b as in Fig. 1.1c. This thesis aims instead to present a model that can be

applied in a general case.

Adaptive structure models

All models mentioned previously have fixed structures, as do all models mentioned
below this section, which adapt parameters to fit the model. Adaptive structure models
are more flexible and have been applied for fault detection, but are rare in literature
focussed on battery health [95-97]. Fuzzy systems are a good example of a model with
an adaptive structure [98], which have been applied to k-step-ahead SoH forecasting

[95]. Fuzzy systems, by using fuzzy logic, is a rule-based regression tool that has also
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been proposed as an appropriate SoH estimation method that can handle vague and
imprecise measurement battery data [99].

Fixed structure models were preferred in this thesis because they are more estab-
lished in literature. Focus was instead applied to establishing reliable inputs for the

fixed structure models and reducing the cost of storing and applying them.

Statistical time-series methods

Here, statistical time-series methods are those that specifically target relationships
through time, such as lithium-ion battery degradation, using statistical methods.

One example is the autoregressive integrated moving average, commonly abbreviated
to ARIMA [100]. Previous, i.e. known, targets and forecast errors have assigned weights
that describe their relevance to the forecast of the next time step. ARIMA models
have been used for SoH forecasting [100, 101], but typically need to be combined with
other techniques to map battery degradation [13, 101, 102].

Wiener processes and Gamma processes are other examples of time-series modelling
that have been applied to SoH forecasting [103-106]. Both Wiener and Gamma
processes assume independent incremental changes of some target variable through
time, but differ in the assumed shape of the distribution governing those incremental
changes. Gamma processes assume a monotonic relationship [105], which is not a
strong assumption for battery degradation [22, 33, 107, 108]. In literature, Wiener
processes assume a fixed shape of the underlying degradation trend [103, 104], so were

deemed insufficiently flexible for use here.
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Machine learning approaches

Modelling battery degradation by using machine learning techniques has become
increasingly common in literature [13, 55]. The models in this section are classed as
supervised learning models, which means they are trained based on known input values
and output targets. They are also all examples of regression models, meaning that the
outputs are continuous variables [109-111]. The models referenced here, in general, do
not have predefined mean functions although they may have fixed underlying basis
functions. Some supervised learning approaches include parameters, i.e. they are
formed with fixed basis functions, or they are statistical models, sometimes referred to
as non-parametric. All statistical models used here were Bayesian and there is a fuller
description of Bayesian approaches in Section 1.5. Alternatively, references [109], [110]
& [111] all provide thorough explanations.

Supervised learning techniques take pairs of inputs and outputs to form a training
set. The inputs in this work are column vectors x of length D, with each item
representing an individual input feature x;. The outputs, also known as targets, are
scalars, y. The training data, D, is formed of N input-output pairs: D = {xy, y }1,.
The training data D is used to fit the parameters of the chosen supervised learning
model.

The simplest data-driven models are linear models of the form y = 37  w;z; with
parameter vector w. Linear models are similar to some empirical models but are
classed as supervised learning because the parameters w are exclusively fit according

to how well the model performs on the training data targets. Linear models are fast to
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train, easy to store and easily understood. As a result they have been used as part of
SoH estimation [112-117], health prognosis [118] and RUL and knee point predictions

22, 39, 113, 119].

The support vector machine (SVM) is a kernel-based method which resembles a
linear model in its construction. Instead of using direct inputs, the output is a weighted
sum of kernel values [111, 120]. SVM is a sparse method because only points outside
of a stated tolerance have non-zero weights. A smaller value for that tolerance leads to
more non-zero weights and reduced sparsity [111]. Relevance vector machines share a
functional form with support vector machines but use Bayesian inference to produce a
probabilistic output [121, 122]. Much like linear models, SVMs and RVMs have been
used for SoH estimation [112, 123-126], SoH forecasting [127-129] and RUL prediction

[127, 130-133].

Random forest (RF) regression has been used in battery literature less than other
machine learning techniques. The approach by producing a large number of models
through bootstrapping inputs and taking an average of the outputs [134]. Random
forest regression reduces the risk of overfitting to a training dataset, a known concern
with decision trees, by training many decision trees on randomly chosen subsets of
input variables and randomly chosen subsets of data points [111]. The requirement to
train multiple decisions trees makes RF models challenging to interpret [111]. They

have mostly been used for SoH estimation [134-138].

Gaussian process regression (GPR) is another non-parametric supervised learning

regression tool which can be equivalent to a relevant vector machine regression under
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specific conditions [139, 140]. GPR has been shown to be a powerful tool where there
is good data availability, but, like other statistical approaches, will suffer if forced
to extrapolate significantly [55, 59]. Extrapolation can be strengthened with use of
an explicit mean function [51, 141]. Again, GPR has been used for SoH estimation

[45, 112, 142-147], SoH forecasting [26, 53, 148-153] and RUL prediction [154-157].

After derivations and toy examples later in this chapter, forms of GPR are used
extensively in Chapters 2 and 4. Once trained, the hyperparameters offer insight,
and the overlying structure of GPR is a simple mapping between inputs and outputs.
Nonetheless, GPR relies on good data and so Chapter 2 proposes a method to ensure
the availability of good training and test data. Further, Chapter 4 demonstrates an
approach to reduce the storage requirements of GPR without significantly impacting

predictive performance.

Deep modelling, no parameters

One crucial weakness of GPR and RVMs is how they scale with increased input size.
Computational complexity rises with the number of training data points cubed, O(N?)
[110, 158]. Neural networks (NNs) are a far more scalable solution, typically O(N),
and several forms of neural network have been used in literature to model battery

health in a similar fashion to the models mentioned above [159-164].

However neural networks can act as ‘deep’ learning methods, usually meaning that

there are multiple hidden layers in the neural network. This requires a very large
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amount of data so these methods aim to map lithium-ion battery health based on the
cycle data [41-43, 64, 130, 165-170).

Neural network approaches, especially for deep learning, are arguably black-box
models, i.e. it is extremely difficult to understand the mechanics between inputs and
outputs [147, 170]. For this reason, Gaussian process regression and Bayesian linear
regression were used in this work because the (hyper)parameters offer a more insightful

alternative.

1.3 Input features

Data-driven modelling in the form of supervised regression maps inputs to outputs
based on known input-output pairs. In most cases the inputs are features of the raw
data, rather than the raw data itself. This section explores the input features used in

battery literature and demonstrates the potential impacts of their selection.

1.3.1 Input features in literature

Input features form the entries of column vector x; various sets of features have been
used in literature. The deep learning methods use raw cycle data, i.e. the current,
voltage and temperature data, directly [41, 42] but summary features are required for
a regression tool. Raw data is usually recorded at much higher frequency than any
battery health measurements so the data must be summarised such that the number

of input data points equals the number of targets.
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Time is the most intuitive input feature and has been used in several successful
battery health models [26, 129, 144, 149, 155]. Cycle count is a similarly useful input
and is effectively equivalent to time in the vast majority of laboratory datasets. For
example, the main dataset used in this thesis has a Pearson’s rank coefficient of over
0.99 between time and cycle count [22, 107]. Nonetheless, cycle count is a common
input too [59, 128, 171]. Charge throughput is a related variable and has been used in
regression health models [123, 149, 150, 152]. Time and charge throughput were found
to be the best predictors of the largely linear ageing in the NASA-2014 dataset (see
Section 1.7.2 for details of NASA-2014) despite the random and varied use protocols

[152].

Temperature is a known factor in lithium-ion degradation and it is commonly used
as an input feature [13, 28, 31]. Input features based on temperature generally take the
form of either explicitly using the cell temperature [26, 45, 123, 135, 136, 148, 149, 152]
or measure the temperature response to certain charge/discharge conditions [45, 114,
131, 136, 146]. However the realities of lithium-ion cell testing mean that ambient
temperature is controlled and consistent throughout testing [22, 34, 107] plus there

can be significant issues with measuring temperature accurately [172].

Voltage-based features are among the most common inputs for battery health
models, especially for SoH estimation. Constant current (dis-)charging profiles are
routinely exploited, as are constant voltage phases if present in the data. Voltage-based
variables include voltage difference in a given time interval [45, 125, 146, 154], time

difference for a given change in voltage [45, 125, 138, 143, 146, 154, 164, 173], slope of
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the voltage curve under constant current [45, 138, 143], and time taken to traverse a
specific current interval during constant voltage operation [89, 125, 143, 146, 154, 174].
A further voltage-based input feature is exposure to certain state-of-charge ranges,
which can be observed using either voltage, state-of-charge or depth-of-discharge

measurements [26, 123, 148, 149].

Current and power are the principal controls for any cell but features of them
have only been used in a relatively small number of SoH models in literature [136,
147, 149, 152]. The work in this thesis includes features of current and power as
inputs because knowledge of at least one of current or power will be application driven.
Current has appeared in SoH estimation models indirectly. These models use the
capacity from a subset of a charging cycle as an input to predict the full capacity

[113, 116, 133, 137, 146, 148, 151].

Differential voltage analysis and incremental capacity analysis are techniques that
use the derivatives of the relationship between voltage and charge throughput during
constant (dis-)charging to understand state-of-health. Peak position, peak height,
and integrals across specific ranges have all been considered as inputs for degradation
modelling [22, 39, 45, 62, 145, 164, 175, 176]. Derivative-based inputs can provide
detailed insight but require a high quality of data [7, 13]. Complex properties such
as energy-of-signal or sample entropy have also been used [45, 124, 132, 138, 177] but

were similarly omitted here for their demands on the data quality.
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1.3.2 Impact of input choices

The data-driven approach presented in Chapter 2 aims to produce input features that
were functions of use and adaptable to different use cases. For example, an electric
vehicle might experience long periods without (dis-)charging whereas a grid storage
system could be in use continuously. The input features are intended to be robust to

reduced data quality but need to remain sufficiently detailed to capture key degradation

drivers.

100 100 100
< Good features < Bad features < All features
2 80 2. 80 2 80
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Fig. 1.2 Comparison of predictive performance between a case with good input features,
a case with bad input features and the combination of both. Data from NASA-2014.

Input feature selection is the process of defining what elements will be in the input
data x in a regression model. Fig. 1.2 shows the impact of a poor input feature choice
on the NASA-2014 data using a data-driven regression model. The features in Fig.
1.2 were all from reference [152] with ‘good’ and ‘bad’ being defined as those features
previously found to be more or less significant. Fig. 1.2 also neatly demonstrates how
even a bad data-driven model can produce reasonable results. The specific details

behind all models used to produce plots in this thesis are in Appendix A.

Each training cell contributes several rows of the input data array. Unlike the choice

of input features, one will usually have no choice of which cells are in the training set
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Fig. 1.3 Comparison of the predictive performance for a good choice of training cells, a
poor choice and the combination of both. Data from NASA-2014.

but appropriateness of the training cells can be equally impactful. Fig. 1.3 demonstrates
the possible impact of poor cell choice where the ‘good’ and 'bad’ cells underwent
similar or different use protocols to the test cell respectively. The consequence was
a poor prediction when using the ‘bad’ cells to train the model because they had a
different degradation trajectory.

Figs. 1.2 and 1.3 were deliberately constructed as simple toy examples!. However
they demonstrate the need to create training data that can describe the degradation
shape (i.e. input features) and contains sufficiently representative data (i.e. training
cells) of the test cases.

All attempts at SoH prognosis in this thesis were performed using a SoH transition
model so the target variable was changes in cell capacity AQ between subsequent
time values. The training set then only needs to contain data points from cells of an
equivalent age to a given test point to produce a good forecast. This assumes that
degradation over some discrete time period is not a function of the cell history, unless

past use is included in an input. Transition models reduce the need for well-matched

'The bad features contained no relevant information for the model, consequently the estimated
degradation rate was a constant. The bad cells were a set of linearly ageing cells, therefore the
predicted capacity was also linear. Both were deliberately chosen to highlight some of the problems
associated with input selection.
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cells by not requiring identically used training and test cells. Targeting A() has been
successful in literature for SoH prognosis [26, 149, 152 but does not eliminate the need
to produce descriptive input features. Feature generation and selection are the subjects

of Chapter 2.

1.4 Quantifying predictive performance

Most literature cases train SoH models on one set of cell data then test on another set.
The predictive performance for the test set is quantified using performance metrics.
Quantifying predictive performance can be split into profile-focussed metrics and

point-focussed metrics.

Profile-focussed metrics assess the performance of a SoH prediction tool for esti-
mating capacity (or another health metric) throughout life, by measuring how closely
the observed capacity trajectory matches the predicted trajectory. These are usually
expressed as either (root) mean square error (RMSE) in capacity [123, 152, 159] or
mean absolute error (MAE) in capacity [44, 169] or both [32, 45, 134, 138, 149, 177].
Transition models can also use a further profile-focussed metric based on the same
calculation, but for AQ [26, 149, 152]. This thesis will use RMSE, defined in equation
1.1 for the error between Ymeas and Ypred, as the standard profile-focussed performance

metric because it shares units with the capacity data and it puts a higher weight on
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Reference | MAE RMSE EoL | Approach Data Remarks
[22] 9.1 Linear Severson-2019
[39] 9.4 Linear Severson-2019 | knee point
[42] 0.9 Deep NN own data
[44] Deep GPR | NASA-2014
[45] 18 06 GPR NASA-2014 | 4 cells, D > 9
[45] 0.9 0.2 GPR Severson-2019 | RMSE<MAE
[60] 5.0 NN own data approx.
[61] 9.0 PF own data approx.
138 | 04 10 RF NASA-2014
+ others
[138] 0.1 0.1 RF Severson-2019
[149] 1.1 1.2 GPR own data
152] 3.3 GPR NASA-2014

Table 1.1 Summarized literature predictive performances. MAE and RMSE have units
of % capacity. EoL values include RUL prediction accuracy, and knee point error when
indicated, all in units of %.

poor predictions than MAE?.

1 N
RMSE(ymeaS7 ypred) = \J N Z(ymeas - ypred)2 (11)
k=1

Point-focussed metrics quantify the predictive performance when targeting a specific
point, for example EoL., RUL or knee point. All of these are in units of time or
cycles depending on the dataset but the accuracy can be quoted as a percentage
[22, 39, 60, 178]. The error, calculated in equation 1.2 for points pmeas and pprea, will be

summarised using the absolute values but Chapter 2 included an example case where

2For example, Tmeas = [0,0,0,0], Zprea = [1,1,1,5], RMSE = 2.6, MAE = 2.0.
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the true values can also be of interest.

Error (Pmeas, Ppred) = 100% x LPred — Pmeas 6007 (pper - 1) (1.2)

pmeas pmeas

Some example performances from literature are included in Table 1.1. A subjective
judgement of typical good performance (i.e. average of best values) has been applied
where summary statistics couldn’t be easily extracted from the works. The values
were achieved on a variety of datasets so the table can only be used as an order of
magnitude performance comparison.

Credible intervals, a measure of uncertainty, are easily extracted in cases where
Bayesian methods were used. The only metric used commonly in previous literature is
the calibration score which is the proportion of forecasts for which the observed values
lie within two standard deviations of the predicted mean [26, 138, 149, 152]. Further
discussion and analysis of credible intervals, calibration scores, and other, less common

methods is provided in Chapter 4.

1.5 Gaussian process regression

Gaussian process regression (GPR) is a popular machine learning tool in battery health
literature [45, 61, 143, 179]. It is flexible, probabilistic and non-parametric [109] and
not as opaque as a neural network because the hyperparameters provide insight into the
behaviour of the model [149, 180]. The majority of approaches in subsequent chapters

use GPR for the machine learning stage. A derivation of the basic principle is below.



1.5 Gaussian process regression 21

GPR Derivation

This derivation is intended to provide the basis for the following chapters in this
thesis and is adapted from Rasmussen and Williams, “Gaussian processes for machine

learning”, 2006, where one will find a fuller explanation [109].

The target variable y is assumed to be a function of inputs f(x) plus noise, €. The

noise has variance o2:

y=f(x)+e e~N(002) (1.3)

The function is defined as a Gaussian process, i.e. it is “a collection of random variables,
any finite number of which have a joint Gausssian distribution” [109]. In short, this
means we describe f(x) with a mean function m(x) and covariance function k(x,x’).

The function can then be written:

f(x) ~ GP (m(x), k(x,x")) (1.4)

Gaussian process regression is a Bayesian method and so the model must be treated

according to Bayes’ rule:

Bayes’ rule: p(A|B)p(B) = p(B|A)p(A) (1.5)

Bayes’ rule for GPR: p(f|y, X)p(y|X) = p(y|f, X)p(f| X) (1.6)
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where the input array X is formed of rows of input vectors x’, and f is shorthand for

f(X). y and f are column vectors of the same length.

Equation 1.6 shows how Bayes’ rule is applied for GPR. The input array X is
unnecessary in the expression but is included for clarity. The first term of the right
side, p(y|f, X), is known as the likelihood and it represents the probability density of
the observed target values given the model and inputs. The likelihood is expressed

p(y|f, X) = N(f7 U%)

The other term on the right side is the prior which is the probability density of
the function values given the data. Here, the prior is assumed to have a zero mean
and covariance defined by inputs X: p(f|X) = N (0, K (X, X)), where K (X, X) is the
covariance matrix containing the covariance between each input value. The second
term on the left side p(y|X) is known as the marginal likelihood and is independent of
the function values. As a result, equation 1.6 is more commonly expressed as purely a

function of the likelihood and prior with the posterior as the subject:

p(fly, X) oc p(y|f, X)p(f|X) (1.7)

The model is specified by the noise ¢,, and any hyperparameters used to calculate
covariance K (X, X). The hyperparameters are fit by minimising the negative log

marginal likelihood (NLML), — log p(y|X), which is fully expressed as:

1 -1 1 N
—logp(y|X) = EyT (KXX + ail) y+5log ‘KXX + o21| + - log 2 (1.8)
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where KXX = K(X,X)

After the NLML has been minimised, the final predictive posterior distribution

over predictions f, given test input points X, can be written as:

PEIX,y, X.) =N (m(£,), cov(£.)) (1.9)
m(t.) =K (X..X) (Kxx +021) 'y (1.10)

cov(f) =K(X., X.) = K(X.. X) (Kxx +021) K(X.,X)"  (L11)

Covariance functions

Covariance functions express how similar one data point is to another. They are the
principal design choice within a GPR model. There are a large number of possible
covariance functions available but the four that were used in this work were the radial
basis function (RBF, a.k.a. squared exponential), Matérn-5/2 (M52), Matérn-3/2 (M32)
and exponential (EXP). They were chosen because they are all functions of the distance
between two points, r = |x — x'|, and vary in the assumed smoothness with RBF being
smoothest and EXP at the opposite extreme [181]. The four functions are described
in equations 1.12, 1.13, 1.14 and 1.15. Fig. 1.4 demonstrates how there is a limited

difference between the shapes of the four covariance functions but example sample
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functions can appear distinct.
2
RBF:  kggr(r) = o7 exp (— 5 (1.12)
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Fig. 1.4 The function shape (left) and an example sample (right) from four stationary
covariance functions. Hyperparameters were set at oy = 1 and o; = 1 for all covariance

functions.

The differences between the stationary kernels are small, but are visible in Fig. 1.4.

All four return higher covariance values for shorter distances, with the key distinction

being how fast or slow the covariance reduces in the r < 0.5 region of Fig. 1.4. These

stationary kernels have been used in GPR models for SoH forecasting in literature,

both in isolation [152] or combined with linear kernels [26, 149].

All four covariance functions are defined by the magnitude oy and lengthscale o;.

Consequently a GPR model with one of the above covariance functions only requires 3

hyperparameters to be fit, o¢, o; and o,,.
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1.5.1 Adaptations and Improvements

The majority of models used here have more than one input dimension. However,
not all inputs are equally relevant to predict the target variable. Automatic relevance
determination (ARD) is used to adjust the lengthscale for each input feature [182, 183].
ARD has been used for battery degradation models because it provides the flexibility
to map the inherent but unobservable complexity of lithium-ion battery ageing [26,
149, 152, 184-186]. Without ARD one would be assuming explicit knowledge of the

relative relevance between input features and the target variable, usually AQ here.

100 r With ARD 100 r Without ARD
) Observed capacity RS Observed capacity
< Reduced noise < Reduced noise
°; 801 Increased noise °; 801 Increased noise
8 60 f 8 60 f
40 : : : 40 : ‘ :
0 50 100 150 0 50 100 150
Time [days] Time [days]

Fig. 1.5 Demonstration of the impact of using ARD by comparing two training sets
with an extra noisy input, either much larger than the other input data or much

smaller. ARD is shown to avoid the influence of the noisy input in both cases. Data
from NASA-2014.

Fig. 1.5 demonstrates the consequence of using ARD by comparing two inputs for
a cell from NASA-2014. An input feature of Gaussian noise was added to the input
data, in one case of a size much larger than the other inputs, in the other much smaller.
The performance is equivalent between the two when ARD is used, but significantly
weakened without. With ARD, the lengthscales for the noisy input became very large,

but small for the important input features. The relative values of the lengthscales can



26 Introduction

be used in analysis of a model, potentially providing incisive information for a user.

All GPR models used here make use of ARD without further adaptation.

Unfortunately, the inversion in equation 1.8 means that computational complexity
increases as O(N?) [100, 187]. Furthermore, the full training set must be retained in
order to calculate the predictive posterior [188]. A solution to the scaling problem is
to use sparse Gaussian process regression (SparseGPR), where a small number, M, of
pseudo-inputs, Z, are used to approximate the posterior distribution when calculated

using the full training data set X.

Mathematics of SparseGPR

The following derivation of SparseGPR is based on reference [189], but references [188]

and [190] are also good resources for further reading.

Consider pseudo-inputs Z of size M x D with pseudo-targets f, = f(Z) of size
M x 1. Each row of Z represents a single pseudo-input corresponding to the elements
of f,. The targets are not observed variables so are denoted with f, not y,. Similarly,
there is no noise variance on these targets. The noise hyperparameter o, is still
calculated based on the real training data. These assumptions produce the likelihood
for the training set, X, shown in equation 1.16. For simplicity, let Ky = K(Z, Z),

Kx = K(X,X) and Kzx = K(Z,X).

p(y|X, Z,£,) =N (y| K x K7 £, A + 02]) (1.16)
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where A = diag(\), \; = K(x1,%;) — K(xi3, 2)K ;' K(Z, %;).

Equation 1.16 is the data likelihood. The pseudo-targets f, can be integrated out
explicitly instead of maximising equation 1.16 [191]. First, a Gaussian prior is placed

over the pseudo-targets f, with zero mean.
p(f,|Z) = N(0,Kz) (1.17)

The resultant likelihood is independent of the targets and sometimes referred to as
the approximate likelihood [192]. For simplicity, here it is expressed as an explicit

calculation?:
—log [p(y| X, Z,0)] = —log [N (y|0, K}y K;'Kzx + 021)] (1.18)

The pseudo-target posterior distribution, specifying the pseudo-targets as a function of

the training data and the fixed pseudo-inputs, can then be expressed:

p(Ely, X, Z) =N (£,|KzQ; ' Kzx (A + 021) 'y, KzQ,' K7) (1.19)

QZ :KZ + KZ)((A + Uil)_lKgX

3The form of equation 1.18 depends on the sparse approximation used [193]. Here, the chosen
form is known as deterministic training conditional and is the default for SheffieldML’s GPy, the
chosen tool for implementing sparse GPR [192-194].
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The predictive posterior is formed without any dependence on the pseudo-targets by

integrating through all f,,

p(y*’yv X7 X*) = /p(Y*‘X*ﬂ Z? fz)p(fZ|Ya Xv Z)dfz
=N (K.zQ7 Kzx (A + 02) 'y, K. — K.z(K7' = Q') KT, + 021)

(1.20)
where K, = K(X.,X.), K.z = K(X,,Z).

It is important to note that the matrix inversion in equation 1.20, (A + o21)71, is
not a speed concern because the array is diagonal. This reduces the scaling factor to
O(M?N) which is significant, especially when M < N [188, 195]. Sparse GPR has
previously been used for on-board state of charge estimation [196], where there is a need
for rapid calculation, and SoH prediction [113, 141]. Tts potential to further economise
a GPR model is explored in Chapter 4, including a proposal to economise the storage

of a SparseGPR model by only retaining the pseudo-input and pseudo-target pairs.

The GPR models in Chapters 2 and 3 were standard GPR unless computational
limits were reached. Matlab’s fitrgp uses a standard GPR approach until N > 2,000,
above which a sparse approximation with M = 2,000 is applied [197]. SheffieldML’s
GPy was configured to use a similar approximation when used as a standard GPR tool
in Chapter 4, but set at N = M = 200 for speed, and without impacting performance
[194]. A standard input dataset in models here was 50 training cells, roughly N = 2,500

data points, so these conditions applied in the majority of cases.
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1.6 Research focus and contributions

There remain a number of challenges regarding the use of data-driven approaches for
battery SoH prognosis. This thesis includes a number of investigations, all aimed at
tackling those challenges.

As previously mentioned, prediction of cell use is beyond the scope of this thesis.
Use prediction remains a significant challenge and so any health prediction must
acknowledge that uncertainty. Lithium-ion batteries are also used in a large variety of
ways, and there can be significant issues regarding the collection and recording of raw
field data. The first challenge that this thesis tackles is the production of applicable
input features, featured in Chapter 2. The input features need to be predictable,
therefore inputs relying on exact values of voltage or current are ignored here. Equally,
applicability will require that the input features are robust to reduced data quality
and also flexible to different use cases.

The principal regression tool used in this thesis is GPR. Like other machine learning
methods, GPR can be slow to train with large datasets and it is difficult to interpret.
Replacing the flexible machine learning techniques with a faster, more transparent
modelling approach would be of significant value in the field of SoH prognosis. Chapter
3 proposes a piecewise linear regression approach that aims to replace GPR without
impeding predictive performance.

Both GPR and piecewise linear regression are Bayesian techniques that produce
predictive posteriors. The credible intervals about all predictions are ignored in

Chapters 2 and 3 but they form a crucial part of any forecast. Battery literature lacks
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comprehensive performance metrics for predictive distributions. A further challenge
in battery SoH prognosis is that producing predictive distributions has significant
storage requirements. Chapter 4 includes a proposed solution to both problems, used
in conjunction in Section 4.3.

Cell-to-cell variability is known to be a significant factor in lithium-ion battery
degradation [16, 18]. All battery health models must capture cell-to-cell variability, but
quantifying cell-to-cell variability is challenging. Chapter 4 also includes an attempt to
quantify cell-to-cell variability by estimating the sample size required to consistently

fit an empirical model.

1.7 Available datasets

1.7.1 Severson-2019 and Attia-2020

The vast majority of models in this thesis use the data from Severson-2019 and Attia-
2020. The first contains cycle data for 130 cells, 124 of which were used in reference
[22]. The cells were A123 lithium iron phosphate cathode/graphite anode 18650 cells
with a nominal capacity of 1.1 Ah. The data is part of a fast-charging investigation
under an extreme use case. All discharge cycles were at a C-rate of 4C (A C-rate of
4C means that the current would fully (dis-)charge a cell in 1/4 hours, or 15 minutes)
with a constant voltage step and there were varying charging protocols, as specified in
the supplementary material of ref. [22]. The data was collected over 3 batches on a

48 channel Arbin LBT potentiostat and the thermal chamber was held at 30 °C using
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forced convection. The charging protocols used currents in steps that ranged between
3C and 8C, but each cell underwent the same protocol throughout its life. The cells in
Severson-2019 and Attia-2020 underwent use protocols that were significantly more

severe than the other datasets mentioned in this section.

S
P
8
& 60 Attia-2020
O
40 1 1 1 1 1 1 1 |
0 5 10 15 20 25 30 35 40
Time [days]

Fig. 1.6 Capacity profiles from Severson-2019 and Attia-2020 datasets.

Attia-2020 was a second contribution to the series of work looking at fast-charging
protocols [107]. The full dataset includes 235 cells, but only 45 were cycled to failure,
defined as 80% of the 1.1 Ah nominal capacity for both works. The 45 cells were used
on a reduced range of charging protocols. The currents were still staggered, but all
charges had a duration of 10 minutes followed by a constant voltage phase. All other

conditions were nominally identical to those in Severson-2019.

These cells were the principal dataset used here because they exhibit the knee
point. If a data-driven model can accurately forecast capacity or AQ through the
changing degradation rate then there is strong evidence that the method is detecting

an effective signal. As a comparison, it is difficult to assess the benefit of different
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modelling approaches using NASA-2014 or Raj-2020 because a simple linear model

would be only slightly weaker.
Full data repository for Severson-2019 and Attia-2020 found at: https://data.matr.

io/1/

1.7.2 NASA-2014

The authors of the NASA-2014 random use dataset deserve significant credit for this
good quality, detailed, ergonomically published, and publicly available dataset [33, 198].
The accompanying requested citation, reference [198], has between 70 and 100 citations
at time of writing because of the wide ranging utility of this data [199, 200]. The

ageing is largely linear and all 28 cells are plotted in Fig. 1.1b.

The dataset contains 28 lithium cobalt oxide cathode/graphite anode 18650 cells
undergoing random use. The dataset is split into seven groups of four, each group being
characterised by a particular usage probability distribution. The nominal capacity
was ~2.2 Ah and most were cycled to below 60% capacity. The use of this dataset
was limited in this thesis because the ageing is mostly linear in time and there were
insufficient data points to confidently extract insight on the efficacy of data-driven

modelling techniques.
Data for NASA-2014 is found here?:

https://ti.arc.nasa.gov/tech /dash/groups/pcoe/prognostic-data-repository/

4Scroll down to dataset 11, Randomized Battery Usage Data Set
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1.7.3 Raj-2020

The Raj-2020 dataset was featured in Fig. 1.1b as an example of linear ageing. It
contains 12 cells that were part of a study into path dependency [34, 201]. The cells
had nickel cobalt aluminium oxide positive electrodes and graphite negative electrodes,

they were manufactured by Panasonic and had a cylindrical 18650 form factor.

The 12 cells were divided into four groups of three. The four groups were effectively
two pairs, with each pair of groups having an identical charge and current throughput
over long time intervals, but the cycling was performed in a different pattern. The
results of the study suggested that path dependency is present in lithium-ion battery
degradation [34]. These cells were not widely used because of the limited dataset size,

the linear ageing, and the limited extent of the ageing.

Data found here:

https://ora.ox.ac.uk/objects/uuid:de62b5d2-6154-426d-bcbb-30253ddb7d1e

1.7.4 Dechent-2017 and Dechent-2020

Dechent-2017 contained 21 18650 cells with a 1.5 Ah nominal capacity produced by
Samsung. They had lithium nickel manganese cobalt oxide positive electrodes and
graphite negative electrodes. The cells were continuously cycled over 90% of the cycle
depth and current rates varied around a 1C charge and 6C discharge.

Dechent-2020 contained 22 18650 cells with a 3.4 Ah nominal capacity produced

by Samsung. They had lithium nickel cobalt aluminium oxide positive electrodes and
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graphite negative electrodes. The cells were continuously cycled at C/2 (i.e. equivalent
to a full (dis-)charge in 2 hours) over 20% of the cycle depth about 50% state of charge.

The lead author has stated that Dechent-2017 and Dechent-2020 will be publicly
available soon [202] but provided the following references too [203, 204]. These datasets

were used in the cell-to-cell variability study in Section 4.2.

1.7.5 Sauer-2021

Sauer-2021 is a dataset with 48 identically used, nominally identical Sanyo/Panasonic
URI18650E cells with a nominal capacity of 2.05 Ah. These cells have a lithium nickel
manganese cobalt oxide positive electrode and graphite negative electrode [16, 205, 206].
Sauer-2021 was used in Chapter 4 as part of the study into cell-to-cell variability and
is also the subject of Appendix C.4. Previously published work named this dataset
Baumhofer-2014 after the author and publication date of the first paper to feature the
data [3]. Sauer-2021 was used here because the full dataset was released separately in

2021 [206].

1.8 Thesis outline

Chapter 1: Introduction described the variety of methods that have been used to
model capacity degradation, with a particular focus on the data-driven approaches.
The importance of input data quality was briefly demonstrated on the NASA-2014

dataset.
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Fig. 1.7 Capacity profiles for Sauer-2021 dataset. Note, the health here is plotted over
a wider capacity range than for other datasets.

Chapter 2: Automated input feature generation and selection presents
an approach to creating input features for a lithium-ion battery degradation model.
Performance is presented as a function of all major model design choices. Gaussian
process regression is used in all cases and there is an investigation into the kernel

function choice.

Chapter 3: Piecewise linear regression for battery health modelling
describes an alternative approach to regression. The advantages that can be gained
in speed and insight are demonstrated on the Severson-2019 and Attia-2020 datasets.
The limits of the presented modelling are found by varying key controls and using

Sauer-2021.

Chapter 4: Capturing degradation uncertainty explores the impact of
uncertainty in capacity forecasting. Firstly there is an attempt to quantify cell-to-cell

variability using multi-level Bayes and limited empirical models. Second, a credible
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interval performance metric is presented and used to compare the methods presented
earlier in the thesis.

Chapter 5: Conclusions summarises the contributions and conclusions of the
work presented in the previous three chapters. The limitations of the work are discussed
and future research areas are suggested.

Appendix A: The models behind the figures and tables contains all the
details used to produce plots and tables in the thesis. There are many models and
studies presented, these details should allow a reader to reproduce the methods exactly.

Appendix B: Extra trials - Chapter 2 presents the results of any trials used
in Chapter 2 in cases where the results were considered to be too large relative to their
contribution. A SoH estimation tool is also presented.

Appendix C: Extra trials - Chapter 3 includes the results of several trials
used in the production of Chapter 3 but that were considered insufficiently informative
for presentation in the main chapter, including applying prognosis methods to the
Sauer-2021 dataset.

Appendix D: Quantifying cell-to-cell variability provides a fuller derivation
of the multi-level Bayes approach included in Chapter 4 and presents the omitted

results.



Chapter 2

Automated input feature generation

and selection

The introduction noted that input selection is important for a data-driven model. This
chapter focuses on producing an accurate capacity forecasting model through careful
input feature extraction and predicting changes in capacity, AQ. The process includes
producing the features (Section 2.1) and subsequently selecting those to be used in
the resultant machine learning model (Section 2.2). Most of this chapter has been

published in reference [1].

All of the following feature engineering and degradation modelling is automated, i.e.
there is no user input required from collecting the raw cycle data through to predicting

the end-of-life for a given cell.

Section 2.1 explains how input features are generated here and in future chapters.
Section 2.2 introduces an automated selection methodology that is both fast and
effective before Section 2.3 describes how the resultant health model is formed. Sections

2.4, 2.5 and 2.6 propose various trials, present the results and finally discuss the
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performance of the proposed approach. Lastly, the chapter is concluded in Section 2.7,

which also addresses key areas for improvement.

2.1 Input feature generation

Input features were extracted from raw cycle data, i.e. current I, voltage V', and
temperature T as functions of time. The feature generation process used here took
over 100 million rows of cycle data and returned under 10,000 rows of feature data for
157 cells from Severson-2019 and Attia-2020 [22, 107]. The input features are intended
to describe cell use without requiring knowledge of the use type, the chemistry or any
other metadata. This flexibility was achieved by calculating input features based on
percentiles of each variable calculated from the training data; percentiles automatically
scale with various use cases, voltage limits and environmental conditions. The input

features were then taken as the proportion of time spent between given percentile

thresholds.

2.1.1 Collecting cycle data

Different datasets will have different measured variables available but most laboratory
data includes current and voltage. Some, including Severson-2019 and Attia-2020, also
have cell temperature. In the case of the Severson-2019 and Attia-2020 datasets, further
inputs were calculated such that the full set of variables included current, voltage,

temperature, power, absolute current and absolute power.
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Fig. 2.1 Diagram of the feature generation method. (a) Cell usage was converted into
a histogram by counting time spent within small intervals. (b) The 1%, 33", 67" and
99*® percentiles of each variable were extracted. (c) The feature values were calculated
based on the proportion of time spent in regions between those stated percentiles.
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data points variable intervals time distribution

Fig. 2.2 Flowchart summarising the steps between the raw cycle data in the training
set and the generated variable thresholds.

2.1.2 Calculating percentiles

The percentiles were calculated once all the raw variables had been calculated and
collected. The 1%, 33', 67" and 99" percentiles represented the value below which
the entire training set spends 1%, 33%, 67% and 99% of time. Fig. 2.1.a shows an
example histogram of a training set’s voltage data, which was converted to a cumulative
distribution for Fig. 2.1.b. The cumulative distribution was then used to calculate the
desired percentiles, also shown in Fig. 2.1.b. The 1% and 99" percentiles acted as a
minimum and maximum of typical use. The single percentage point means that any
unphysical data points will not be relevant to the calculation. The procedure is also

shown as a flowchart in Fig. 2.2 for clarity.
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Current | Voltage | Temperature | Power | Abs. Current | Abs. Power
Percentile [A] V] [°C] (W] [A] (W]
15t -4.00 2.00 30.0 -12.83 0.00 0.00
331 -0.38 3.12 32.5 -0.76 0.98 2.67
67t 1.00 3.51 35.0 3.43 4.00 12.35
9g9th 6.00 3.60 40.6 21.22 6.00 21.22

Table 2.1 Feature thresholds calculated from the combined Severson-2019 and Attia-
2020 datasets for all available raw variables. These values were used for input features
in future chapters.
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Fig. 2.3 Performance of feature engineering approach as function of number of bins
used to calculate features. Trial used only 10 repeats and did not allow any features
covering percentile ranges smaller than 20% of the data.

Four percentile threshold points were selected for speed after inspecting a small
number of the input data histograms, like that in Fig. 2.1.a. The values of these
thresholds for the 157 cells most commonly used here are shown in Table 2.1. Four

thresholds creates three bins: 1% to 33", 33™ to 67" and 67" to 99" percentiles.

The results shown in Fig. 2.3 demonstrate the impact of increasing the number of
percentile thresholds on both predictive performance and the computational time taken.
Root mean square errors (RMSE), end-of-life (EoL) error and the use of medians are
all explained in section 2.4. There is noticeable noise because only 10 repeats were run,
and even then the entire trial lasted around 3 days. However there was no significant

performance improvement beyond the 3 bins shown in Table 2.1, but there was a
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significant cost in terms of time taken. As with all models used to produce plots in

this work, more details of the model can be found in Appendix A.

2.1.3 Generating features

The values for the input features were calculated based on the time spent between two
thresholds during a given time interval. Time spent in a certain region has been used in
literature previously, but this assumes that the intervals are the same across a training
and testing set [26, 149, 152]. Alternatively, using the proportion of time spent in a
given region is more flexible to varying time intervals between health measurements.
Consider voltage V' as an example variable. Equation 2.1 shows how the feature value
between time t; ; and t; and between voltage thresholds V,, and V,,, (V,, < V},,) is
calculated,

_ Ji R(V < V(t) < Vi) dt
ti —ti—1 ’

Vom(t:) R(True) =1, R(False) =0 (2.1)

All input features that were calculated by equation 2.1 are listed in Table 2.2 using the

variable thresholds in Table 2.1.

Lastly, the difference between consecutive feature values acted as an input feature.

The aim was to produce input features that were functions of changing use:

AVim(ts) = Vi (ts) — Vi (ti1) (2.2)
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Feature label Variable Unit | Minimum value | Maximum value
Lo Current A -4.00 -0.38
I 5 Current A -4.00 1.00
VW Current A -4.00 6.00
I3 Current A -0.38 1.00
I 4 Current A -0.38 6.00
Is 4 Current A 1.00 6.00
Vi Voltage AY 2.00 3.12
Vis Voltage A% 2.00 3.51
Via Voltage A% 2.00 3.60
Vas Voltage \Y4 3.12 3.51
Vau Voltage Vv 3.12 3.60
Vs 4 Voltage \Y 3.51 3.60
T Temperature | °C 30.0 32.5
T3 Temperature | °C 30.0 35.0
Ty Temperature | °C 30.0 40.6
Ths Temperature | °C 32.5 35.0
T4 Temperature | °C 32.5 40.6
T34 Temperature | °C 35.0 40.6
P, Power W -12.83 -0.76
P 5 Power W -12.83 3.43
Py Power W -12.83 21.22
Py Power W -0.76 3.43
Py Power W -0.76 21.22
Py, Power W 3.43 21.22
1112 Abs. Current | A 0.00 0.98
1113 Abs. Current | A 0.00 4.00
1714 Abs. Current | A 0.00 6.00
|1]2.4 Abs. Current | A 0.98 4.00
1124 Abs. Current | A 0.98 6.00
1134 Abs. Current | A 4.00 6.00
| Pl 2 Abs. Power W 0.00 2.67
|Pl1 3 Abs. Power | W 0.00 12.35
|Pl1.4 Abs. Power | W 0.00 21.22
|Pla3 Abs. Power | W 2.67 12.35
|Pla4 Abs. Power W 2.67 21.22
|Pl3.4 Abs. Power W 12.35 21.22

Table 2.2 Detailed list of input features generated here, excluding all the functions
of differences through time (e.g. AV,3). The minimum and maximum values are
the variable thresholds as calculated for the combined Severson-2019 and Attia-2020
datasets, listed in Table 2.1.
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The equivalent feature labels for current, temperature, power, absolute current and
absolute power are I, i, Tms P, |{|nm and | Pl respectively. Input features were
generated for all m > n so some features were functions of multiple bins.

Other input features could have been included here without difficulty. For example,
an input feature describing time spent at very small or zero current could provide
insight into the role of calendar ageing. However, the percentile-based approach adapts
to different use protocols, meaning that there will always be an approximation of
the above calendar ageing input feature where there is also current data. Here, that
approximation would be |I|; 2, the proportion of time spent between currents of 0 A
and 0.98 A.

Table 2.2 shows that some of the generated input features contain duplicated
information, potentially rendering them redundant. For example, V) 3 is the sum of
Vi2 and Vs 3. Section 2.2 describes a technique that automatically selects a set of input
features for a regression model which removes any instances of input features with
strong correlations. Consequently, the duplicated information was not expected to
cause poor fits or overfitting?.

Capacity was calculated from regular 4C discharge cycles for the Severson-2019
and Attia-2020 datasets. As a result, the cells in Severson-2019 and Attia-2020 have
around 1,000 (between 600 and 2,000) individual measures of health over their lifetimes
which can be selected from. By contrast, some datasets have convenient reference

performance tests (RPT) at sporadic points to determine one or more consistent health

Tt was possible that V1,3 could have been selected with either V; o or V5 3, but it was deemed
unlikely that V5 3 would be selected with both.



44 Automated input feature generation and selection

10° T |- 81 %0
— - ~. o ~. @ ini
5 95" percentile -~ 3 oo 3 .z 1C(;t|rsa|0nr|“r;g
o - ‘é 95" percentile =61 95™ percentile £ 60
<1107 - 2 2 =
10 - . §. . S - 40
g : median (ITH 1 median TDJ 2 median < 20
o = L 8 mean
'_
1072 1 1 1 1 © 0 1 1 1 1 0 1 1 1 1 0 1 1 1 1
6 § 1 2 1 i 8 1 2 1 % 85 1 3 ! i 8 1 32 1
RPT Interval [days] RPT Interval [days] RPT Interval [days] RPT Interval [days]

Fig. 2.4 Modelling performance as a function of RPT frequency. 20 repeats per test
point with 50 training cells and 107 test cells each time, all from the Severson-2019
and Attia-2020. Features calculated using the thresholds in Table 2.1.

metrics, such as datasets NASA-2014 [33] and Raj-2020 [201], where the RPTs neatly

divide the data into sections.

Where one has a choice, the decision over the frequency of health measures is
a compromise between computation time and detail in the training set. Fig. 2.4
demonstrates that while the fitting of RMSE AQ scales with the frequency of capacity
measurements because there was more data at higher frequencies, there was very little
impact on the accuracy of capacity profiles when the AQ predictions were combined.
There appeared to be a weakened performance at the 95" percentile of EoL forecasting

where very regular capacity measurements were used, possibly because of overfitting.

Time taken to train the GPR model had the most distinct dependence on the RPT
frequency because more frequent RPTs created larger input data arrays. Fig. 2.4 shows
the time taken for an example with only 10 training cells in order to save time and to
limit the effect of approximation techniques in Matlab’s fitrgp tool. The other plots

used 50 training cells.
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Feature generation was the time-limiting process whenever used, even with only 3
bins and RPTs every 12 hours. Consequently, most investigations in this thesis used
a single set of features that were generated using all 157 cells with lifetimes between
15 and 40 days from the combined Severson-2019 and Attia-2020 datasets; only this
chapter includes trials with automated feature generation. Using the same feature
set for investigations dramatically reduced time taken, but introduced an undeserved

performance improvement by producing features based on the test data.

In summary, feature generation procedure produced input features based on the
time spent in automatically calculated regions of use. Four percentiles were used to
calculate those regions as a compromise between speed and detail. The end result was
that each cell had 36 features based on the proportions of time, 36 features calculated
based on the change in those features over time, and a final input variable consisting
of the calendar time. The regression tool then needed to narrow the 73 possible input

features down to a sensible quantity.

2.2 Automated feature selection

All degradation prognosis algorithms use some form of feature selection, even if implicit.
The process aims to produce input features which will be successful predictors of some

target variable. Unless specified, the target variable in models in Chapters 2 and 3 was

AQ.
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In general, measures of correlation are used for computation-based feature selection
in battery literature. The simplest of the measures of correlation used is the Pearson

correlation coefficient, typically defined for two variables x; and z; as [45, 112, 207],

cov(z;, ;)

o(zi)o(x;)

pp (i, ;) = (2.3)

The numerator, cov(z;,z;), is the covariance between the two variables and o(z)
is the standard deviation of each given variable. Spearman’s rank, the Pearson
correlation coefficient after the two variables are sorted by the size of the former, has
also been successfully applied feature selection for SoH estimation and forecasting
[112, 159, 173, 174, 208, 209]. A more complex measure of the relationship between
two variables is Grey relational analysis. It is based on Grey system theory and has

been used in battery literature with success [143, 164, 175, 210-212].

Regardless of the measure of the correlation or application, the techniques are
always applied so that the best input features with the strongest correlation with
the target variable are subsequently applied in predictive tools. Correlation-based
selection techniques have the advantage of not requiring the model to be trained,
thereby making them fast. However selecting the best correlating features could result
in needlessly including extremely similar variables in a regression tool which would

increase complexity [32, 45].

Alternative feature selection approaches exist. Sensitivity analysis [152], sequence

backward search [45, 213] and recursive feature elimination [138, 214, 215] have been
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applied in literature. These methods will return an effective and varied set of input
features but all of these techniques require one or more SoH models to be trained.
Model training is a slow and complex process, so these methods have previously been
used to select from an already small number of features [45, 138]. Principle component
analysis was considered because the input features would be orthogonal but it was
rejected because the input features would be extremely difficult to interpret, and one

would still need to select a subset of them.

The method proposed below used the fast, correlation-based methods to auto-
matically select input features from the large array produced in Section 2.1, but
discriminated based on shared correlation between input features, to remove very
similar features and return an effective but varied set of inputs. The process is similar
to sensitivity orthogonalisation, where a subset of input features that have orthogonal
impacts on the model outputs instead of the highest sensitivities, but without the need

to train a model [216].

The process was as follows: (1) Calculate |pp| between all potential input features
and AQ, including the correlation coefficients between the potential input features.
(2) Select the feature with the strongest correlation with AQ. (3) Remove all other
features from consideration that correlate too strongly with the selected feature. (4)

Repeat steps (2) and (3) until the desired number of features are selected.

Fig. 2.5 presents an example set of automatically selected input features. The first

selected input feature, Vy 3 (i.e. time between voltage thresholds 2 and 3), showed a
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Fig. 2.5 The most commonly selected features in this study. Most to least common
selections runs left to right.
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Fig. 2.6 Modelling performance as a function of the maximum shared correlation
between input features, ppmax-

clear monotonic relationship with AQ) but that relationship then visibly weakened with

each subsequent feature.

Step (3) is critical for the success of the proposed procedure and its purpose was
to produce inputs that were not correlated with one another. The cross-correlation
condition required a decision of what was a reasonable value of maximum shared
correlation, ppmax. The majority of models here used ppmax = 0.85 but the impact
of the ppmax on performance was examined and plotted in Fig. 2.6. There was a
distinct improvement at 0.85 compared with selecting the best correlating features
(pPmax = 1.0) suggesting that the feature selection method was producing a reliable set

of input features for the subsequent Gaussian process regression (GPR) model. There
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was very little change in performance below ppmax = 0.90, suggesting that critical

shared correlation coefficients were above that value.
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Fig. 2.7 GPR modelling performance as a function of the number of selected input
features.

Typically, five input features were selected but performance was consistent with
three or more, as shown by the results in Fig. 2.7. A user needs to decide how
many input features to select as a compromise between increased information for the
subsequent machine learning model and the computational complexity and the risk
of overfitting, a decision that will depend on the dataset being studied. The limit of
three features is also supported by Fig. 2.5 where the fourth and fifth selections had a

very weak relationship with the target variable.

2.3 Degradation model

The work in Chapter 2 used models that mapped to AQ) as target variable. The
capacity profiles were then calculated by assuming knowledge of initial capacity and
summing the forecasted changes in capacity, based on assumed usage, for all time steps

for which there was data available. The feature generation and selection procedures
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NLML | RMSE AQ [%] | RMSE Capacity [%] | EoL Error [%]

Kernel median | 95" | median g5th median | 95"
RBF -6543 0.17 0.41 1.2 4.5 1.8 10.0

M52 -6673 0.16 0.36 1.1 4.0 1.6 8.6

M32 -6728 0.15 0.34 1.1 3.5 1.5 7.5

EXP -6666 0.13 0.31 0.9 2.9 1.4 6.1

Table 2.3 Comparative predictive performance of four stationary kernels on a trial with
100 repeats of 50 training cells. NLML was calculated as in equation 1.8 and using the
all available cells in the training data.

can alternatively be used to predict capacity directly, an example of which is in B.2 as

part of a study into input noise.

Sections 2.1 and 2.2 discussed the generation and selection of a set of varied but
simple input features for use in a GPR model. The choice of kernel function was
decided by a trial on the Severson-2019 and Attia-2020 datasets using 50 training cells
and the variable thresholds in Table 2.1. Table 2.3 shows that the exponential kernel
performed best, with steadily weakening predictive performance as the kernel function
became smoother. The performance improvement with decreasingly smooth kernel
functions was believed to be caused by the quality of the available data across the

majority of the input space.

All models in this chapter use an exponential kernel unless specified. The lowest
NLML, across the complete dataset, was for the Matérn-3/2 kernel, but predictive
performance was consistently weaker than with an exponential kernel. Limitations of
the exponential kernel relative to a radial basis function kernel are explored in Section

4.3.
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Fig. 2.8 Flowchart summarising the full capacity model proposed in this chapter.

The test set was then required for validating the prediction results. The required
input features were calculated based on the forecasted or known use, with thresholds
determined by the training set. The test cell use data was assumed known in this

thesis, but that assumption is weak more generally.

The test input features were used to calculate AQ forecasts using the trained model,
and these were then summed to produce capacity profiles through time. The full data

pipeline is shown in Fig. 2.8 for clarity.

2.4 Model evaluation

The target variable for the GPR model was A(). Root mean square error of mean
AQ predictions (RMSE AQ), equation 2.4) was used to assess the performance of the
model fitting. The capacity model was a function of the sum of the forecasted AQ
values and was assessed by calculating the root mean square error of mean capacity

(RMSE Capacity, equation 2.5). Both RMSE A@Q and RMSE Capacity have units of
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% capacity and are depicted in Fig. 2.9a.

RMSE AQ = if: (AQ; - AQ,)° (2.4)
j=1

RMSE Capacity = izn: (Q; — Qj)Q (2.5)
j=1

where @7 and AQ7 are the predicted capacities and changes in capacity at time interval

7, and Qj and AQJ- are the equivalent measured capacities and changes in capacity.

Remaining useful life (RUL) prediction accuracy is one of the most common metrics
by which battery health prognosis algorithms are usually compared (see Section 1.2.2).
Here, end-of-life time (¢gor,) accuracy was used instead because the approach forecasted
the full lifetime, not from some single point during cell life?. In the majority of cases,

the absolute values of EoLi error as a percentage of the observed lifetime were used,

t*
EoL Error = ‘100% X (FOL - 1)‘ (2.6)

EoLl

where t%,.; and g, are the predicted and measured EoL times.

The EoL condition was defined for Severson-2019 and Attia-2020 as 80% of the
nominal capacity [22, 107], marked in Fig. 2.9b. In some cases the time intervals of
At = 12 hours resulted in profiles truncating prior to the 80% condition so the final
measured capacity point is taken as the estimate of #gor,. A spline through the capacity

profile was used to estimate ¢, if data was available past 80% capacity, if not then a

2tpor, is the RUL from ¢t = 0
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Fig. 2.9 Performance metrics used for predictions in this work. (a) Profile-focussed
metrics RMSE Capacity and RMSE AQ) were calculated from the difference between
observed and predictive profiles. (b) Point-focussed metrics Eol. error and knee error
were calculated based on error between observed and predicted properties of the profiles.

linear extrapolation of the final 5 data points was used until the profile passed the 80%
capacity condition.

In addition to EoL, the time of the knee point ti, is an alternative point-focussed
performance metric. All the known identification methods require accurate knowledge
of a full capacity profile, including the bisector method shown in Fig. 2.9b. The work
here used the method in Fig. 2.9b to calculate knee points from capacity profiles. The
calculation starts by bisecting linear extrapolations of early and late life, taken as the
first half and last five capacity points respectively, and finding the coordinates where
that bisector meets the capacity curve. Other techniques are available for estimating
knee points on capacity curves, but none have been found to be advantageous [5]. The
error for the knee point calculation was equivalent to that in equation 2.6.

The GPR model produces probabilistic predictions. Methods for assessing the
accuracy of the credible intervals are discussed in Chapter 4.

The RMSE AQ, RMSE Capacity, EolL error and knee error were calculated for

every predicted profile in all prognosis trials in this chapter. Several repeats with at
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least 57 test cells were used to produce a large number of performance values. For
example, the main trial below used 100 repeats with 100 randomly selected training
cells and 57 test cells each to produce 5,700 values of each metric. From these results
the medians and 95" percentiles were drawn as estimates of performance of a typical
and a poor forecast, respectively. Percentiles were preferred to mean averages because

the performance metric distributions were asymmetric in all cases.

The feature generation process was computationally intensive. The only other trial
in this chapter that generated features based on the specific training sets was that in
Fig. 2.3. The mean time taken per repeat was shown to be >10 minutes on a standard
desktop computer when using three bins. Only 10 repeats were used to make that trial
manageable. Increased computing power or sophisticated coding techniques could be

used to speed up the feature generation process?.

Other results, like those shown in Figs. 2.4, 2.6, 2.7 and Table 2.3, used a feature set
that had been calculated previously. Figs. 2.6 and 2.7 were generated using the values
from Table 2.1. The automated feature selection process in Section 2.2 was investigated
in isolation. That trial used 10,000 randomly selected training combinations in under

43 seconds because GPR modelling and feature generation were omitted®.

Three tests of the robustness of the input features were performed. The first looked
at how resilient the feature generation process was to noisy raw data. The independent

variable was og, the standard deviation of noise that was added to the raw data prior

3For example, the feature generation process is parallelisable.
4The full trial took > 4 minutes, most of which was taken up by forming randomly selected training
sets.
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to feature generation. It was a dimensionless value such that the noise had a standard
deviation of the range of the data times or. Consider voltage as an example, with

voltage profile V' (¢), the altered raw data was calculated according to equation .

V(t)=V(t)+ N(0,0r x (max(V) — min(V))) (2.7)

The value of oy ranged from 1073 to 10!,

The second robustness test looked at the impact of sampling the raw data at
different rates. The test variable was the sample gap, the minimum time between two
subsequent raw data points. The raw values from the full dataset were extracted to

produce a reduced raw data array.

The last robustness trial aimed to weaken the raw data by increasing the quantization
of the raw data. The current and voltage data from Severson-2019 and Attia-2020
were sensitive to 5 significant figures. As a comparison, this trial allowed between 2
and 200 evenly spaced raw data values for each variable®. The original raw data was

rounded to the nearest of the values prior to the feature generation process.

All three trials performed the feature generation process on all 157 cells in a single
batch for speed. The features produced at each test point were stored and the train/test

combinations were held constant across a trial.

SFor example, 5 data points for voltage used V = 2.70,2.93,3.15, 3.38,3.60 V
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2.5 Results

2.5.1 Input feature generation

The automated feature generation algorithm produced consistent thresholds. The
thresholds in Fig. 2.10 are from the main trial in this chapter. That trial had 100
repeats, and most columns for voltage and current in Fig. 2.10 represent a value of

exactly 100.

st rd st th th
100 1 33 67111 ggth 100 1 331 67 99 100
> 5\ 5\ rd
) s 33 th
§ 50 § 50 § 50 o ggth
8 8 8
LL LL LL
0 0 0
2 25 3 35 -4 -2 0 2 4 6 30 35 40
Voltage[V] Current [A] Temperature [°C]

Fig. 2.10 Histograms of the locations of the automatically calculated input variable
thresholds. The percentiles are marked on the plots.

The histograms were calculated by using 50 bins to cover the range of each variable.
These distributions are therefore very tight. Only temperature demonstrated any

distinguishable variability.

2.5.2 Input feature selection

Feature Vg3, the proportion of time spent between approximately V = 3.12 V and
V = 3.51 V, was almost universally selected first in all trials. The exceptions were
at the low-resolution limits of the robustness trials, although in those cases selection

still tended to be dominated by voltage-based features. In the investigation exclusively
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looking at feature selection in Table 2.4, V, 53 was the first selected feature in all 10,000

cases. The full results are in Appendix B.

Selection number
Feature | 1 2 3 4 b
Va3 100
Via 71
time 29 71
P12 29 69
11]1.2 1 10 11
I3 13 41
I34 5 10
Vi 1 8

Table 2.4 Frequency of selection for the most common features in units of %. The trial
contained 10,000 repeats.

As shown in Fig. 2.11, the input features in Table 2.4 were not those with the
highest correlations with AQ). The best correlating input features were all voltage
based. V; 4 was the only feature with pp < 0.70 when compared with AQ). However
Va3 was sufficiently better correlated with the target variable, and most other voltage
based features shared too high a correlation with it, that in almost all cases V3 was
selected first and there was maximum of one further voltage-based feature. Even then,
Vi 2 was subsequently used in only 71% of cases.

Fig. 2.11 is a representative view of what the algorithm in Section 2.2 saw. It swept
from top to bottom, using the values in the left-most column to select features before
using the rest of the selected row to remove features. The values in dark-red showed
why the performance improvement in Fig. 2.6 began at around pppax ~ 0.9, since the

excessive number of voltage-based features were removed.
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Fig. 2.11 |pp| for the most commonly selected features and those with the strongest
correlations. The algorithm moved from top to bottom, recursively selecting the best
correlation in the left-most column then removing any features in dark red in that row.
All values are Pearson’s correlation coefficients.

2.5.3 Hyperparameters

As mentioned in Section 1.2.2, the trained hyperparameters of a GPR model offer insight
into the relevance of different inputs. An example GPR model using an exponential
kernel and inputs Va3, Vi, experimental time, |P|; 5 and [, returned lengthscale
hyperparameters of 7.78, 2.84, 346, 2.65 and 3.47, respectively. The best correlating
input, V5 3, was found to have the longest lengthscale hyperparameter among the inputs
used for this model, excluding time. This result was found in a number of trials, using

both exponential and radial basis function kernels.

2.5.4 Capacity forecasting

The RMSE AQ appeared to be small across the 5,700 predicted profiles in Fig. 2.12

with the 95" percentile of RMSE AQ at 0.26% capacity. A tight fitting for AQ led to
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Fig. 2.12 Predictive performance of feature engineering approach with GPR model.
Scores for each profile were combined to form histograms and calculate median and
95 percentiles of performance.
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Fig. 2.13 Performance of the automated feature generation and selection combined
with GPR model as a function of the number of training cells.

a median RMSE Capacity of only 0.84% capacity, with the 95" percentile at 2.52%
capacity. The median value of 0.84% is comparable to models in the literature, but was
higher than some SoH estimation methods in Table 1.1. The mean RMSE Capacity

here was 1.06% capacity.

The accuracy of EoL and knee forecasting was notable, especially at the 95
percentile. Values of 5.2% and 8.6% error respectively are very low, and are similar to

the mean accuracy of several models in literature in Table 1.1.

The performance in Fig. 2.12 was achieved with the subset of 157 cells within a
limited range of lifetimes, contributing to the good predictive performance. However

the median and 95" percentiles of EoL error only increase to 1.5% and 9.0% when
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Fig. 2.14 Feature engineering as a function of size of noise added to raw cycle data.

including all 175 available cells from Severson-2019 and Attia-2020, shown in Appendix

B.

All performance metrics were a function of the number of cells used to train the
model. Fig. 2.13 shows that the full procedure is more resilient when the GPR model
uses an exponential kernel. Too high a percentage (6%) of predicted profiles based on
10 training cells had an indiscernible FEoL so there was no value recorded in Fig. 2.13

for the RBF kernel.

The robustness trials demonstrated that the technique was able to perform well
with significantly reduced data qualities. Adding noise to the raw data of size up
to og = 1/10 maintained the optimum performance for all metrics. The sampling
frequency trial found that intervals of 180 seconds between cycle data samples produced
optimal predictive performance. Poor performance was found at oz > 1 and a sample

interval of over 10 minutes.

There was very little impact on performance shown when varying the quantization
of the raw data. Fig. 2.16 shows a consistent median and slowly changing 95" percentile

for all performance metrics used.
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Fig. 2.15 Modelling performance as function of the sampling frequency. Raw data was
extracted at regular intervals from the high-frequency raw cycle data to produce the
sample gaps.
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Fig. 2.16 Modelling performance as a function of raw data quantization. The raw data
was rounded to fixed values of each variable, the number of possible raw data points
forms the x-axes above.

The results thus far consider all predicted profiles and all batteries. Fig. 2.17 shows
that performance is not equivalent from one cell to another. There was also a bias,

i.e. an underestimation of the times of EoLL and knee points among the weaker cells.

2.6 Discussion

The feature generation process produced consistent thresholds in Fig. 2.10. Most trials
in this thesis used the thresholds in Table 2.1 in order to reduce the computational
cost of each trial, but the consistency of the thresholds suggests that automated
feature generation could have been applied more widely without impacting predictive

performance.
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Fig. 2.17 Cell specific performance for all performance metrics. Median and 95
percentile regions are shaded in blue and green respectively. Each x-axis contains cell
numbers from 1 to 157.

The feature selection procedure improved forecasting performance by ensuring a
diverse input. However, the resultant input feature arrays included some features which
correlated poorly with the AQ (pp =~ 0.4). These poorly correlated inputs failed to
improve predictive performance from 3 features up to 10 in Fig. 2.7. Adding different
inputs, i.e. those not drawn from percentiles, might improve this result but one would
have to be wary of overfitting.

The most commonly selected feature, Vq 3, represented the proportion of time spent
in the mid-voltage range, typically between 3.12 V and 3.51 V. It was found to correlate
negatively with ageing rate suggesting that the less time spent in this mid-voltage
region, the faster the degradation. That relationship was presumed to be due to less
time in the mid-voltage range being directly caused by more time spent at higher and
lower voltages, both known to significantly contribute to degradation [15, 31]. For

instance, the growth of solid electrolyte interphase is known to be enhanced at higher
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voltages [15, 217], whereas low state of charge has been linked to both lithium plating

and solid electrolyte interphase growth [15, 218].

Temperature is known to be related to degradation but was rarely selected as
a feature. In the trial with 10,000 selections (Appendix B.3), a temperature-based
feature appeared only 41 times and never before the 9'" priority selection. There were
experimental issues with temperature in Severson-2019 but the controlled conditions
may be the reason for temperature’s omission. This may not be the case in less controlled
environments where cells experience different use and wider varying temperature

conditions.

The trained hyperparameters produced the surprising relationship that the best
correlating input, V5 3, was fit using a longer lengthscale than inputs with significantly
weaker correlations. The results in Fig. 2.7 demonstrated that the GPR model
performed well with only 3 input features, therefore the first selected input features
are providing high quality input data. Instead, the hyperparameter values imply that
there is valuable information in the 4™ and 5* selected inputs that the GPR model is
capable of using, despite how uninformative the less-correlated scatter plots in Fig. 2.5

appeared.

The overall model produced consistently accurate capacity forecasts. Literature
models with better RMSE Capacity performance were SoH estimation approaches
which included capacity-based input features. End-of-life accuracy of the automated
approach represents a significant improvement on the literature, with 95" percentiles

of performance lower than the mean performance in literature. Even with all 175 cells,
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the 95" percentiles were only 20% higher than the means in literature. The literature
models are based on early cycle data so do not take advantage of the available data

through life, instead assuming a consistent use protocol.

The robustness to poor data, demonstrated in Figs. 2.14, 2.15 and 2.16, was a
consequence of the simplicity of the input features. The model was slow to train at
around 10 minutes per model with 3 bins, but the benefit was that the approach was
robust to noise and low frequency sampling. These results suggest that the model
could be applied where measuring equipment is not as high quality. The results in Fig.
2.15 suggest that performance can be slightly improved with reduced sampling rate

from the cycle data, which is a result that has been seen in literature previously [169].

The lack of negative impact on the predictive performance from the quantization
of the cycle data was caused by the rounding procedure being a similar procedure to
dividing the data into bins. The trial was still included here because high precision

observation is unlikely to be always available.

Knee point prediction accuracy was weaker than EoLn prediction accuracy. The
discrepancy is mostly a consequence of the technique used to calculate the position
of the knee point. Small errors in the capacity curve, particularly in the later life
gradients, contribute to bigger errors for the intersection point in Fig. 2.9b. Median
knee point error of 2.3% still represents a very strong performance for modelling such

a poorly understood phenomenon [22, 39].

Cell-specific performance is a significant concern. Percentiles produced consistent

and insightful results but there was a sufficiently large spread of results that some cells
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were effectively overlooked. For example, of the 157 cells used, only 34 were found
to have an RMSE Capacity above and below the 95" percentile of 2.52% capacity.
A further 25 cells were found to not overlap either performance metric for RMSE

Capacity. The equivalent numbers for EoL error were 43 and 21 cells respectively.

Another concern was the bias to under-predict the time of end-of-life. While
knowledge of this bias could be used to further inform a user of both the accuracy
and confidence of a given forecast, it can only be used in cases with many test cells.
Knowledge of the bias would be less insightful for users with small numbers of test

cases.

The intuitive relationship that better data results in better performance was found
in this chapter. However, concern remains that better performance could mean better
performance for a specific subset of cells and not a general improvement, especially in
cases where the median was consistent but 95 percentiles improved as a function of

data quality.

2.7 Conclusions

The chapter presented an automated procedure that performed well for capacity and
EoL forecasting. The input features produced were robust to significantly reduced
data quality. The selection process was found to have a positive impact on predictive
performance. The Gaussian process regression tool successfully mapped to capacity

through entire cell lifetimes and produced small knee point errors.
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Voltage-based features were consistently found to be the best correlated with
degradation and only two were required for accurate forecasting. Time spent in given
voltage ranges proved an effective input feature, and was simple to infer information
from. However, the information provided by these inputs was lacking diagnostic detail
in comparison to those used for capacity estimation in literature.

The Gaussian process regression model was proven to be flexible and effective,
especially with an exponential kernel. Compared to the lifetime of these cells, or any
real-world cells, the training time was negligible, but remained significant to a user
employing a standard desktop computer. The resultant model was a function of the
data and hence was difficult to infer from. As an improvement, Chapter 3 presents a
different, faster and more transparent approach to modelling health.

This chapter has avoided discussion of the credible intervals that were produced by
the GPR model. Credible intervals acknowledge the lack of certainty inherent in data-
driven modelling and are one of the benefits of Bayesian approaches [13]. Uncertainty is
such a big topic that the final chapter is focussed entirely on it. Chapter 4 investigates
the quantifying of cell-to-cell variability and uncertainty, both for empirical and data-

driven modelling.



Chapter 3

Piecewise linear regression for

battery health modelling

This chapter presents piecewise linear regression (PLR) modelling for lithium-ion
battery health prognosis, an approach that aims to be faster and more transparent

than the Gaussian process regression (GPR) approach explored in chapter 2.

Section 3.1 introduces the concepts of PLR and why it offers promise. Section 3.2
details the PLR model and procedure used here, followed by a derivation of Bayesian
linear regression, the modelling approach used in each sub-model. Sections 3.4 and 3.5
explain how the model was tested and present the results. Finally, the advantages and

limitations of the PLR model are discussed in the final two sections, 3.6 and 3.7.

3.1 Introduction

The automated feature selection procedure described in Section 2.2 searched for

the strongest linear relationships between AQ) and the input features. The selection
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Fig. 3.1 Raj-2020, Harris-2017 and Severson-2019 datasets with example linear fits.
Dashed lines indicate the end of consistently linear ageing.

procedure assumes that, loosely linear correlations exist for the Pearson’s rank approach

to work.

That assumption is supported by existing battery literature. There are known
linear relationships between use conditions and degradation, typically found in SoH
estimation works. Incremental capacity analysis features, such as peaks and integrals,
have been found to have linear relationships with capacity loss [134, 212, 219-223].
Temperature profile properties, such as functions of environmental temperature and the
temperature response to charging conditions, have demonstrated linear relationships
with capacity [24, 224]. Voltage-based properties have presented linear relationships
with capacity [159, 212, 225] alongside more complex observables such as internal

stresses [220, 226] and impedance combinations [227].

The above linear relationships were found in specific use cases and some were not
maintained over full cell lifetimes. Piecewise modelling approaches aim to be more
adaptable by splitting complex relationships into sub-sections, and have been used
in literature to map a number of relationships. For example, relationships between

current and voltage [228], open circuit voltage and state of charge [229], electrochemical
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properties and voltage [230], and time varying model parameters [231] have all been
modelled in a piecewise fashion. Piecewise linear approaches have been used as part of
SoH models too, for instance by splitting lifetime into sections by cycle count to create
changing models [113, 232, 233]. Also, a non-linear degradation response to depth of

discharge has been approximated with a series of linear models [234].

All PLR battery health models require a decision over how to split the input(s) into
distinct regions. Time is the most intuitive input variable to consider and has been used
in literature [231, 232, 234] but only the Raj-2020 dataset in Fig. 3.1 appears suited to
a split in time. Ageing variability creates a significant challenge in any dataset with

changing degradation rates as a function of time, like Harris-2017 and Severson-2019.

There are regions in later life for Harris-2017 and Severson-2019 where cells of
the same age were at very different stages of life, and Fig. 3.2a shows how that is
accentuated when mapping to AQ rather than ). A piecewise model requires a variable

that has a more consistent relationship with degradation.

The strongest variables to calculate how and where to split were assumed to be
the ones that correlated best with AQ). That assumption also allowed for the feature
selection approach of the previous chapter to be retained. The input feature that was
selected first, typically Vo3 (the proportion of time spent with a voltage between 3.12
V and 3.51 V, see previous chapter), was proposed as the variable to use to calculate
how to split the model into sub-regions. Fig. 3.2b suggested an encouragingly tight

relationship between V53 and AQ), even with a reasonable amount of noise in later life.
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Fig. 3.2 Possible variables for splitting a non-linear relationship into piecewise linear sub-
regions. (a) The spread of points resulting from using time as the splitting variable. (b)
The strongest correlating feature, V53 demonstrates a far better function for mapping

to AQ.

For speed, the input features in this chapter were those calculated previously across
the 157 selected cells from Severson-2019 and Attia-2020 [22, 107]. The variable bounds
were recorded in Table 2.1 in Chapter 2. The automated feature selection step, as
previously described, was found to take ~1/250"" of a second and thus was not a
concern. The rest of this chapter explains how the piecewise model was constructed
based on the features previously selected, followed by a thorough validation test,
almost always compared with equivalent performance from the GPR model discussed
in Chapter 2. The GPR models used either an exponential or squared exponential

kernel, denoted as GPR-EXP and GPR-RBF respectively.

3.2 Piecewise model construction

As mentioned in Section 3.1, the best correlated input feature with AQ was chosen as
the splitting variable. The rest of the input features were selected using the method from

Section 2.2, with the five input features retained as standard. Predictive performance
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Fig. 3.4 Piecewise-linear performance as a function of input features compared with
the performance of GPR-EXP.

was found to be similarly reliant on the maximum shared correlation between input
features, ppmax, as discussed in Section 2.2. Fig. 3.3 shows that the peak performance
of PLR modelling was more consistent than that using GPR-EXP. There was a slight
performance advantage to GPR-EXP relative to PLR which is discussed in Section 3.6.
Fig. 3.4 replicates the slight predictive performance advantage from GPR-EXP but
the difference was small when performance was plotted as a function of the number of

input features.

For ease of language, the first selected feature here will be referred to as the splitting
feature or splitting variable, labelled x5. The splitting variable was always V3, the
time spent in the mid-voltage range, in trials here, but that may not be true in general.

Splitting was performed using the relationship between the splitting feature and AQ
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for the training set, shown with a black line in Fig. 3.5a. The aim was to break that

functionality into a series of approximately linear sections.

The black line, fag(xs), was a moving average produced using a Gaussian filter.
The moving average was evaluated at points x% based on N observations of xs and AQ).
Equation 3.1 shows how the moving average was calculated. The fractional lengthscale

Br, needed to be specified by the user. As a default, 5, = 0.1 was used in all models.

(z:zs,k)2>

- 2

. ZN: AQk eXp( oy (xs)

fAQ(xS) = £l (x:—acs,k)z (31)
Z]kvzl eXp(i o1(xe)® )

01(xs) = (max(xs) — min(xs)) x A (3.2)

The peaks of the absolute values of the second derivative of fag(zs) would be the ideal
points to use, shown in green in Fig. 3.5b. However the smoothed function was noisier
at the extreme values of z5. The final function Fy (blue in Fig. 3.5b) used to split the
input features was the absolute value of the second derivative fag(zs) multiplied by a

measure of the density of the data, ps, shown in purple in Fig. 3.5b, defined below:

Ry =| T2 ), (3.3)
al 1

s(z3) =) H(|xsy — — (max(xg) — min(xg 3.4

o) = S H (s = 1] < gmxts) — min(xs))) (34)

1if z = True
H(x) =

0 if x = False
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Fig. 3.5 Splitting the inputs using curvature as the principle criterion. (a) AQ was
mapped as function of the splitting variable to produce a smooth function fag(Va3)
using a moving average (black line). (b) The second derivative of faq is multiplied by
the density of the training data points. The peaks of the absolute value of the resultant
splitting function were used as the breakpoints.

The density function, ps(x,), counted the number of data points within a set distance
of x,. Its use in equation 3.3 prioritised changing gradients where there are many data

points, i.e. the breakpoints selected earliest should have been the most important.

The approach using F, was referred to as the curvature method because of its
dependence on the second derivative. This is distinct from the property of a univariate
function known as curvature, which depends on the first and second derivative in a

more complex way [235].

A PLR approach with n,, sub-models requires the following steps. First, the n,, —1
highest peaks of F; are selected as the positions of the breakpoints, then second a
linear model is trained on all the input feature data within each subset. For clarity,
the individual linear models are referred to as sub-models to distinguish them from
the overarching PLR capacity model. Fig. 3.6 demonstrates an example split where

the sub-models represents distinct stages of the degradation.
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Fig. 3.6 Example split of training data for a PLR model with 4 sub-models. Each
colour indicates an individual sub-model.

Other techniques can be used to split the data for a piecewise model. For example,
K-means is a clustering algorithm that groups the input data into clusters of similar
points [110]. Equally, one could use an optimization algorithm that minimizes a loss
function to freely select the optimal number of breakpoints in x,-space. One trial
below investigates the relative performance of these two methods compared with the
curvature approach, as well as against a randomly and an evenly spaced selection of
breakpoints.

Piecewise models in literature either use a fixed n,, or sequentially add sub-models
until a target performance or improvement is met. Early trials using PLR for capacity
modelling required a 1% improvement in RMSE AQ for each subsequent sub-model size
to accept the more complex model and avoid overfitting. But time taken to produce
the PLR model was never restrictive because of how fast the linear sub-models trained.

However, later it was decided that instead of searching until a certain condition
was met, all possible models were produced for a given training set, up to a maximum
of 10 sub-models. The training data in Fig. 3.5a was found to have up to n,, = 4
because there are only 3 peaks in F§ in Fig. 3.5b. The performance of each model

was measured by the RMSE AQ on the training set during model construction. The
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RMSE AQ [%)] | <1+ Bimprov | selection
0.325
0.213
0.201
0.192 0.192 Ny, = 4
0.192 0.192
0.192 0.192
0.210

8-10 n/a

Table 3.1 Piecewise model selection by selecting the smallest n,, within Bi,prov 0f the

peak performance.

\ICDOT#OOL\D}—‘SS

required model size was the one with the smallest n,, while being within 1 + Bimprov Of
the optimum performance, where Simprov is some fraction of peak performance typically
taken as 0.01. There is a study below on the impact of varying Simprov 0n predictive

performance.

Table 3.1 demonstrates the model size calculation based on an example training
set of 50 cells from Severson-2019 and Attia-2020. The optimum performance was
Ny = 6, but n,, = 4 was sufficiently close (in this case, within a rounding error) that

four sub-models were selected.

The final model was formed of the breakpoints and the parameters fitted using
Bayesian linear regression (BLR). A derivation is given in Section 3.3. Each sub-model

is linear, i.e. each input feature has a single coefficient associated with it.
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3.3 Bayesian linear regression

Bayesian linear regression is similar to linear regression, but uses a Bayesian framework
for the fitting of parameters. Like GPR, the likelihood is assumed to be Gaussian, shown
in equation 3.7. The BLR model is a linear combination of the inputs (equation 3.6).
The input and output variables are defined identically to Section 1.5 for consistency.
Let the input X be a matrix with N rows of vectors x’, each of size 1 x D. The target

variable y is then a N x 1 vector.

y=f(x)+e, e~N (O, UZ) (3.5)
f(x) = 2_: Tpwy = X' W (3.6)
p(y| X, w) =N (Xw,crfl) (3.7)

with w being a column vector of coefficients. Let the prior over the parameters w be
a zero mean Gaussian with covariance ¥,. In all models here the parameters were
assumed to be independent and identically distributed. As a result, ¥,, in equation 3.8
becomes ¥, = 02 I. Based on parameter values in initial trials, the prior variance was

set at 02 = 10% in models unless otherwise specified.

p(w) =N (0,%) = N (0,021 (3.8)

From Bayes’ rule, the posterior is proportional to the prior multiplied by the likelihood.

The resultant distribution over the parameters can be written as an explicit function
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of the prior variance ., the observation noise o,, and the training data X and y.

p(wly, X) ocp(y| X, w)p(w) (3.9)

1
:N (0_2A1XTy, A1>

n

where A = (L XTX +3.1).

The matrix A~! for each sub-model can be easily stored because it is of size D x D,
compared to N x N in the equivalent expression for GPR. The mean estimate of the

parameters W can be expressed as,

1
W= ;A‘lXTy (3.10)

n

This chapter only uses the predictive means, so only the coefficients W needed to be
stored. The full predictive posterior requires the posterior covariance A~ and is shown

in equation 3.11 for test inputs X,.
p(£. (X)X, y, X) =N (Xw X, A'XT ) (3.11)

The full predictive distributions are briefly used and assessed in Section 4.3.
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Control Value
Training cells 50
Test cells 107
Repeats per test point 20
P P,max 0.85
Input features 5
max (1, ) 10
Bimprov 0.01
Ow 10
Br 0.1

Table 3.2 Default controls of the PLR model.

3.4 Modelling and testing

Sub-models included the 5 automatically selected input features and a bias term in
the input array, i.e. D = 6. The target variable was y = AQ. The forecasted capacity
profiles were forecasted by summing the predicted changes in capacity, assuming
knowledge of initial capacity. End-of-life (EoL) error and RMSE Capacity were the

only profile performance metrics used to assess performance.

The main trial was a comparison against GPR-EXP and GPR-RBF (see previous
chapter). It used 100 repeats with 50 training cells each time. The remaining 107 cells
were used for testing so there were 10,700 test profiles from which to draw percentiles

of performance metrics. All defaults for the PLR models are written in Table 3.2.

An equivalent trial was performed on the Sauer-2021 dataset. There were only 48
cells available so 32 training cells were selected. The target variable was % because the
time between capacity points was inconsistent. Sporadic RPTs were used for the health

measurements but there were typically ~15 data points per cell. Consequently training
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datasets were not large, N & 500, and training was fast. Each training/test split
was trialled with GPR-RBF and PLR, and 1,000 repeats were used. The Sauer-2021
dataset was expected to be challenging because there are two changes in degradation
behaviour demonstrated, an initial knee point and a later reduced degradation rate,

shown in Fig. 1.7 in Chapter 1.

The structure of the model when using Severson-2019 and Attia-2020 was investi-
gated. The number of sub-models and the position of the breakpoints were recorded
for 1,000 repeats of the PLR model construction procedure with 50 training cells,
taking around 15 minutes to run in total. The selected breakpoints and the number of

sub-models were plotted as a histogram and a bar plot respectively.

There were four control parameters of the PLR modelling that required investigation.
The model selection parameter Bimprov Was varied between 0 and 1. The maximum
allowed number of sub-models, max (n,,), was tested at values of 1 to 10 sub-models.
The prior standard deviation over the parameters o, was tested at several values
between 1072 and 10? to assess the limits of overly confident and overly flat priors,
respectively. Finally, the fractional lengthscale of the Gaussian moving average in

equation 3.2, 31, was varied between 10~ and 10°.

The final trial compares different splitting techniques with performance presented as
a function of the number of training cells. The curvature technique described in section
3.2 was compared against using free selection of breakpoints, K-means, even spacing
and random spacing. K-means was only applied across the first two automatically

selected input features to reduce the impact of uneven ranges between input features,
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Fig. 3.7 Results of the main trial using piecewise linear regression. All performance
metrics were assessed on each test cell and were collated to produce histograms and
calculate percentiles of performance. Cell data was from Severson-2019 and Attia-2020.

but there are more sophisticated techniques available!. The loss function for free
selection of breakpoints was RMSE AQ of the training set and Matlab’s fminsearch
was the optimizing tool. A GPR-EXP tool was also used. The mean time taken to

produce a model was recorded to assess the speed benefit of PLR.

3.5 Results

The main trial produced a very tight capacity fit according to the RMSE AQ and
RMSE Capacity plots shown in Fig. 3.7. The median and 95" percentile for RMSE
AQ were 0.17% and 0.38% capacity, and 1.1% and 3.0% capacity for RMSE Capacity
and the results for EoL Error were with a median of 1.6%. The predictive performance
was comparable to the GPR techniques from Chapter 2.

The 10,700 test profiles allows for a detailed examination of each metric. The best

performing regression technique was GPR-EXP because it produced the lowest value in

1One method of note would be using the Mahalanobis distance [236]. The first two inputs were
chosen as a simple and fast approach that would allow for a comparison with the curvature approach
to splitting inputs. Any future use of the Mahalanobis distance would have to handle the complexities
involving initialising covariance matrices [237].



3.5 Results 81

RMSE AQ [%] | RMSE Capacity [%)] | EoL Error [%)]

Model median 95" | median g5th median 95"
PLR 0.169  0.379 1.08 2.96 1.56 5.82
GPR-EXP | 0.133 0.302 0.95 3.00 1.46 6.49
GPR-RBF | 0.166 0.412 1.18 4.36 1.76 9.81

Table 3.3 Comparison of full performance of PLR against GPR-EXP and GPR-RBF
for each of RMSE A@Q, RMSE Capacity, and EoL error. Percentiles for each metric
were calculated from the 10,700 forecasted profiles for each modelling technique.

Frequency
Frequency

0 0.1 0.2 0.3 04 0.5 0 1 2 3 4 5 6 7 8 9 10
Splitting feature, V., Number of sub-models, n.

(a) Position of breakpoints. (b) Number of sub-models used.

Fig. 3.8 Results of trial investigating the construction of the model. (a) The positions
of all breakpoints plotted on a histogram. (b) The number of sub-models required
plotted as a bar chart. Max(n,,) was set at 10.

four of the 6 columns in Table 3.3. PLR appeared to be weaker at the highest levels of
performance, especially for RMSE AQ), but performed very well at the 95" percentile
and was almost equivalent to GPR-EXP for EoL: error. RMSE Capacity showed PLR
moving from the weakest regression tool at the lowest percentiles to the best at the

highest percentiles.

The results in Fig. 3.8 provide insight. The breakpoint positions in Vy3 were
found in 4 distinct peaks in Fig. 3.8a. Of those, the biggest peak was at V53 = 0.356
above which approximately 60% of the data points were found. The V53 ~ 0.356 peak

appeared to represent the end of the linear degradation in Fig. 3.5, akin to a knee-onset
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RMSE % [%.day'] | RMSE Capacity [%] | EoL Error [%]

Model median 95th median 95th median 95"
PLR 0.097 0.152 2.65 5.71 2.24 9.15
GPR-RBF | 0.060 0.096 1.56 4.70 1.76 4.41

Table 3.4 Large trial with Sauer-2021 comparing PLR and GPR-RBF. 1,000 repeats
with 32 training cells were used for this trial.

that has been described in literature [39]. Furthermore, of the 1,000 trials used for

Figs. 3.8a and 3.8b, over half of models required 4 or fewer sub-models.

The performance of PLR relative to GPR was weaker on the Sauer-2021 dataset in
Table 3.4. Median RMSE-Capacity was 2.7% for PLR and 1.6% for GPR-RBF. There
was a smaller difference for EoL error, with 2.2% and 1.8% respectively. The resulting

histograms plots are included in Appendix C.4.

Varying Bimprov and max(n,,) produced consistently accurate predictions for RMSE
Capacity and EoL error until reaching the respective limits of Bimprov =~ 0.5 and
max(n,,) = 2. Table 3.1 provides an example model selection and demonstrates that

setting Simprov > 0.50 is likely to be an equivalent condition to max(n,,) = 1.

Changing the prior standard deviation yielded very little variability in predictive
performance above o, = 10°. The 95" percentile of both RMSE Capacity and EoL
error reduced at o, ~ 5 x 1072 but the median curves suggested that the performance

was weakening because of the increasingly restrictive prior.

The final controllable parameter was . Predictive performance was variable but

peaked at B; ~ 107!. The performance of both RMSE Capacity and EoL became
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Fig. 3.10 Comparative performance of various splitting mechanisms as a function of
the number of input cells. GPR-EXP (green) also included as a comparison.

weaker as 37, became smaller before trending back towards peak performance as 3y,

approached 1073.

All methods used in Fig. 3.10 produced rapidly improving RMSE Capacity and
EoL error as a function of training cells until 20 training cells were available. From 20
training cells to 100, there was a slow improvement for the PLR approaches whereas

GPR-EXP noticeably reduced metrics of RMSE Capacity and the median Eol error.
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All of the splitting mechanisms produced very similar results for RMSE Capacity
and EoL error in Fig. 3.10. The procedure presented in Section 3.2 did not outperform
evenly or randomly spaced breakpoints, but that performance level was attained with
fewer sub-models when using the curvature approach. For example, 90% of PLR
models using evenly spaced breakpoints required 8 or more sub-models. The model
size algorithm presented in Table 3.1 and setting max(n,,) = 10 provided sufficient
opportunities for these unintelligent methods to produce a good model of AQ) which
translated into the performance seen in Fig. 3.10. A similar effect caused the improved
performance at 8, ~ 10~? where the moving average function, fag, became very noisy,

thereby producing many possible breakpoints.

The free choice of breakpoints differentiated from the other PLR techniques for
time taken because it scaled linearly with the number of training cells. The other
methods required under 5 seconds per model at all training set sizes. The time taken
per GPR-EXP model rapidly increased up to 40 seconds above which Matlab’s fitrgp

tool’s default limit of 2,000 training points applied.

3.6 Discussion

The performance of PLR was weaker than GPR-EXP and GPR-RBF when measured by
RMSE AQ), but equivalent or better when looking at the capacity profiles for Severson-
2019 and Attia-2020. The linear models appeared less capable of mapping to the smaller

variations in A(Q) that were captured by the Gaussian process approaches. However,
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Fig. 3.11 Cell specific performance for test cells 1 to 50. PLR (claret, crosses) perfor-
mance compared to GPR-EXP (green, circles) and GPR-RBF (blue, squares). Shapes
show the median value for each cell, the lines a plotted from the minimum to the
maximum of each performance metric for each cell.

that led to more consistent results when averaged over entire profiles, especially at the
95t percentile of performance in Table 3.3.

Unlike with Gaussian process regression, the PLR models were locally linear in
their construction. Linear models appeared more accurate for cells with weaker fits
in Fig. 3.11. There remains a concern that the performance of PLR modelling was a
result of fitting being more consistent than the GPR equivalents when the fit is poor,
rather than being an inherently better model.

The results were broken down according to the cell number in Fig. 3.11, and the
median FEol. error was found to be smaller for 72 of the 157 cells when using PLR
relative to GPR with an exponential kernel. That number rose to 92 cells for the

95" percentile for each cell?>. Both of these counts represent approximately half the

2The equivalent numbers were 50 and 98 for RMSE Capacity



86 Piecewise linear regression for battery health modelling

dataset, suggesting that the two techniques perform similarly for EoL forecasting once

cell specific performance is accounted for.

Nonetheless the performance of PLR modelling for capacity forecasting meant that
it could be considered an effective replacement for the machine learning approaches

here. A version of Fig. 3.11 with data for all test cells is available in appendix C.

The main peak in Fig. 3.8a was found to indicate an onset of the knee point in
Severson-2019 and Attia-2020. All sub-models acting in domains of V3 < 0.356 were
then providing the flexibility to model the non-linear stage of degradation for these
cells. Conditions such as V3 ~ 0.356 and V53 ~ 0.267 were found to be approximate
indicators of passing through a knee onset and a knee point respectively. These
conditions, as part of the curvature approach to PLR modelling, provided useful
markers that could act as a warning signs in a real application. The coefficients in
each sub-model show how different inputs contribute to the degradation of a given cell,
demonstrating to the transparency of the PLR approach. An example parameter set

for a full PLR model is included in Appendix C.

The computational time advantage of PLR versus Gaussian process regression was
clear, as can be seen in Fig. 3.10. That difference would have been more significant
without the sparse approximation used by Matlab’s fitrgp tool. Overall, a PLR
model with five input features and four sub-models requires 24 coefficients, one noise
parameter and three breakpoint values to be stored. This is a significant saving on

the approximately 12,500 values of input data, 2,500 target AQ values and seven
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hyperparameters that would be required to store an equivalent GPR model if using 50

training cells.

The curvature approach for finding breakpoints requires fewer sub-models and
there is also value in the ease of understanding. The curvature approach suggested
that degradation was limited while the batteries spent > 0.356 of time outside of
extreme voltage regions, both of which are known causes of degradation [15, 31]. Rapid
degradation occurred when the batteries were at extreme voltages for over two-thirds

of the time, but a causal link cannot be proven here.

Using evenly spaced breakpoints performed equally well as a function of the number
of training cells but required more sub-models and offered no insight through the
breakpoint positions. An equivalent figure to Fig. 3.8 using evenly spaced breakpoints
is in Appendix C. Otherwise, any judgement on the relative performance of even

spacing versus the curvature method was subjective.

The PLR predictive performance was significantly weaker for the Sauer-2021 dataset
because of the second change in degradation rate (see Fig. 1.7). Median EoL error
was small which suggests that the predictive performance remains good. The 95
percentiles were less informative because there were only 48 cells. Performance of PLR
and GPR-RBF became equivalent when the capacity was truncated, i.e. there was a
single behaviour change in the data. On inspection, the problems with Sauer-2021 arose
because of the combination of a complex relationship between the splitting variable

and 29

7 » and insufficient data in the training set. The result was a smoothed function
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that still presented a small amount of noise which influenced the breakpoint selection

procedure, similar to the 3, ~ 1072 case in Fig. 3.9.

As in Chapter 2, the performance of prediction credible intervals has been ignored
here but a PLR model is included in the analysis in Chapter 4. It is of note that
including credible intervals in a PLR health model significantly increases the storage
requirement because A~! is a D x D array. The example case with four sub-models

would require 24 coefficients and the 144 values in the four arrays to be stored.

3.7 Conclusion

A piecewise linear regression model for lithium-ion battery capacity performed approx-
imately equivalently to Gaussian process models when measured by RMSE Capacity
and EoL error for the Severson-2019 and Attia-2020 datasets. The PLR model was
robust to significant variations in the controls of the model, typically allowing for
variation across an order of magnitude. PLR was found to be flexible to changing

degradation rates in the Severson-2019 and Attia-2020 datasets.

The PLR approach trained substantially faster than a GPR model and had a much
smaller storage requirement, even if the credible intervals were required. The curvature
approach divided the training data into intuitively placed sub-models. The performance
was equivalent to other breakpoint finding methods but with fewer models required or

less time taken and while providing possible indicators of knee points.
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The speed and transparency of the PLR approach are advantages relative to the
GPR models. However it was difficult to assign the approach’s performance at higher
percentiles of RMSE Capacity and EoL error to its being a better fitting tool than
the GPR models. The weaker RMSE AQ performance suggested that PLR struggled
to react to less significant relationships in the data, one benefit of which is a reduced
risk of overfitting. The PLR model was also less able to handle multiple significant
changes in degradation rate with small quantities of training data. Datasets similar to
Sauer-2021 are rare because cells are typically removed from use or experiments before
reaching 50% capacity. Nonetheless, further work could investigate the formation and
selection of the splitting variable.

The credible intervals of the predictive posterior can be included at a cost to storage
efficiency. Further study would look at how to capture uncertainty with a piecewise
approach. The noise parameter o,, in particular could be calculated a number of ways,

possibly as a function of the inputs or SoH.






Chapter 4

Capturing degradation uncertainty

The focus of previous chapters was estimating future health of individual battery cells.
However, the uncertainty of the forecasts was ignored because of a lack of comprehensive
metrics to assess predictive performance. Successfully capturing that uncertainty is an
essential component of confident battery health forecasting.

This chapter explores the uncertainty associated with lithium-ion battery degrada-
tion forecasts. The introduction discusses the general impacts of noise and uncertainty
on data-driven approaches for monitoring lithium-ion battery state of health (SoH).
Section 4.2 attempts to quantify intrinsic variability (i.e. caused by manufacturing
variability) by observing the consistency of both empirical models and Gaussian process
regression (GPR) models as a function of sample size. Multi-level Bayes (MLB) is
introduced as a method of estimating parameters of population-level distributions.

Section 4.3 proposes a method to assess the performance of stochastic predictive
health models as an improvement on the limited options in literature. Sparse Gaussian
process regression is also used to significantly economise the storage requirements of

predictive distributions.



92 Capturing degradation uncertainty

4.1 Introduction

Uncertainty in lithium-ion battery degradation forecasting comes from a number of
sources [10]. Batteries suffer from intrinsic manufacturing variability that can cause
variation in both initial health [17] and subsequent ageing under identical conditions [16,
18]. There is also variability due to differing use protocols or natural forcings [238, 239].
Temperature differences, from environmental conditions and/or inhomogeneities, are
sufficiently impactful to merit specific concern [240-242]. Modelling introduces further
uncertainty due to measurement noise and prediction uncertainties [138, 243, 244].

The Bayesian methods used in Chapters 2 and 3 include the hyperparameter o,
which represents the output noise. This is a reflection of the behaviour that cannot
be predicted by the model. The noise hyperparameter acts as a catch-all but there
remain questions regarding its effectiveness. For instance, the previous models assumed
a Gaussian likelihood and all used a single fixed value for o,, at all stages of ageing,
but those assumptions may be weak [245, 246].

The transition models presented in earlier chapters are subject to measurement
noise but the impact is challenging to observe. The impact is clearer in SoH estimation
tools. To demonstrate this, the input features in Chapter 2 were used in a SoH
estimation GPR model with an exponential kernel. Two forms of those input features
are compared in Appendix B.2. The first were the same input features as in Chapter
2, i.e. the input features were functions of time spent in regions of use in the current
time interval. Here, they are referred to as instantaneous features, and denoted f. The

variant of these inputs are the cumulative equivalents, i.e. the proportion of time spent
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Fig. 4.1 The lack of signal resulting from noisy input features. The right plot shows
the relative signal to noise ratios using instantaneous (blue) and cumulative (claret)
features. Final plot demonstrated the changing signal to noise ratios of the two feature

types.

in regions of use since ¢ = 0. These input features are referred to as cumulative features
and are denoted F'. The cumulative inputs contain the same signal but of a reduced
size, whereas the variability between cells is approximately constant, as shown in Fig.
4.1. The size of the noise, taken as the standard deviation of the feature, relative
to the signal size, taken as the range of the feature, is approximately double with
cumulative input features, F'. Consequently, the SoH estimation predictive performance
was weaker with the cumulative input features. The median RMSE Capacity when
using instantaneous input features was 1.2% capacity, but the value with cumulative
input features was 1.7% capacity. The full results are in Appendix B.2.

This chapter introduces two methods to capture uncertainty. First, cell-to-cell
variability is quantified by estimating the required sample sizes for consistent model
performance. The bulk of Section 4.2 was produced as part of published work in

reference [3] with a number of other researchers’. The upper bounds on the population-

! Author list: P. Dechent, S. Greenbank, F. Hildenbrand, S. Jbabdi, D.U. Sauer and D.A. Howey.
PD and I (SG) were joint first authors on this work. FH contributed data-procurement and review,
SJ contributed MLB, MCMC code, advice and review, DUS and DH were principle investigators
providing advice, guidance and review.
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level variance, 072,, were increased here so that the procedure was as consistent as
possible for all parameters. That work was extended here by running an equivalent
trial using a Gaussian process regression model, but still aiming to find the required

sample size.

Section 4.3 focusses on credible intervals, i.e. quantifying the prediction uncertainty
that was omitted in Chapters 2 and 3. Section 4.3 presents literature examples of per-
formance metrics for predictive distributions and proposes a new, more comprehensive
metric. Further, there is an effort to economise the storage complexity of predictive

distributions using sparse Gaussian process regression.

4.2 Quantifying cell-to-cell variability

Quantifying cell-to-cell variability, i.e. the variation in performance of supposedly
identical cells, is an important challenge for experimentation, use, and modelling of
lithium-ion batteries. Several studies have explicitly demonstrated the presence of
variability and its impact on pack performance [247-249], but methods to evaluate the

extent of the variability are lacking in battery literature.

Here, we asked the modelling specific question how many cells, n., are required to
fit the parameters of a capacity fade model? Capacity-time parametric models with
up to three parameters were used to reduce the required number of parameters. An
early hypothesis was that more complex models would require more cells to capture

variability, so it was important to keep the complexity to a minimum. Some of the
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Fig. 4.2 The LinOne (blue), LinTwo (red) and LinExp (green) models used in the
cell-to-cell variability study, plotted with example cell data with parameter estimates

shown. LinOne and LinTwo plots use a cell from Dechent-2020, the cell in the LinExp
plot was from Severson-2019.

datasets available were large by literature standards but the biggest contained only 67

cells.

Three models were used with each of one, two or three parameters, and they are
given in the equations below. LinOne and LinTwo were both linear models with a
constant degradation rate and either a constant initial capacity or a variable one,
respectively, in equations 4.1 and 4.2. The three parameter model, LinExp, assumed
linear degradation prior to the knee point, after which the capacity was modelled with
an exponential capacity loss. The knee point time is approximated by tynce in equation

4.3. All three models are shown with example parameters in Fig. 4.2.

LinOne:  Q(t) = 100% + ¢t (4.1)

LinTwo:  Q(t) = By + cat (4.2)
. 1

LinExp:  Q(t) = cst — exp (—TD(t - tknee)) (4.3)

The datasets used were Sauer-2021 [206], Dechent-2017 [203], Dechent-2020 [204],

Severson-2019 [22] and Attia-2020 [107], although not all datasets were used for all
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Dataset LinOne | LinTwo | LinExp | Ref.
Dechent-2017 X X [203]
Dechent-2020 X X [204]

Sauer-2021 X [206]
Severson-2019 X X X [22]
Attia-2020 X X X | [107]

Table 4.1 The dataset-model combinations used in the multi-level Bayes study.

models, as shown in Table 4.1. The datasets each contained a fixed number of cells
but a subset of those cells were used at each test point. From here, these subsets are
referred to as sub-samples. Any use of “sample” refers to a whole dataset.

Only 67 cells from Severson-2019 were selected based on each having similar use
protocols and ageing profiles. Early trials found that including all cells from Severson-
2019 produced two distinct distributions for each parameter which over-complicated
the early effort to quantify variability presented here. The second, smaller group of
cells had lifetimes between 18 and 23 days, and could be included in further studies.

The target of this section was to estimate the sub-sample size, K, required to fit
the parameters of a population-level empirical model. Defining fit was the biggest

challenge here and is the subject of Section 4.2.2.

4.2.1 Multi-level Bayes

Multi-level Bayes (MLB) was used to fit the parameters of the three models at both
the individual cell level and population level. The approach is a Bayesian parameter
fitting technique that constructs the model in multiple layers. Here, those layers are

represented by the sub-sample and the population.
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Fig. 4.3 The principle of multi-level Bayes. Individual cells have tighter estimated
parameter distributions (blue) whereas the population parameter distribution (grey,
dashed) is wider.

The parameters 6 were assumed to have come from a population distribution, much
as how a batch of lithium-ion cells comes from a much larger population of cells. MLB
modelling estimates the parameters of the population-level parameter distributions
that would appear if one had fit the model to every cell in that hypothetical population.
The population distribution is distinct from parameter distribution for a single cell, as

shown in Fig. 4.3.

All parameters were assumed to be drawn from a population normal distribution
with associated mean p, and variance aﬁ . The first step was to produce a Bayesian
estimate of the parameters for each individual cell, 8, in a sub-sample of size K. The

parameters in 6 for each model are shown in equation 4.4.

C3k
By i,
LinOne: 0, = [c1], LinTwo: 0 = , LinExp: Op = |4, ..+ (4.4)
Cak
TD.k
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Using the Metropolis-Hastings method [250, 251], mean and variance estimates for

were found for each cell with the distributions assumed to be Gaussian:

O ~ N (,ulw 0;?;) (4.5)

The parameter distributions for individual cells, k, are shown in blue in Fig. 4.3.
Population-level prior distributions were formed by taking the mean and variances of
the estimates of 0, and oy, across the entire sub-sample. Finally, MLB was implemented
by using MCMC to estimate the parameters of the population-level posterior probability
distributions from the capacity-time data, {¢t,Q}, and the sub-sample parameter
distributions®. We chose the means of the posteriors to give the population parameters

Py, 0p|{0k}, {t, Q}). Each parameter was then described by a normal distribution:

0, ~ N (,up, 012)) (4.6)

An example population-level parameter distribution is shown in Fig. 4.4a for Severson-

2019-tynee. A fuller derivation and explanation of MLB is in Appendix D.

4.2.2 Stable population estimates

The variability across a dataset was observed by the variance of a population parameter
estimate, 0,. As the sub-sample size increases, one expects the variance in the estimate

of o,, var(o,), to decrease if repeatedly using MLB on multiple, randomly selected

2All MCMC code was provided by S. Jbabdi, University of Oxford.
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Fig. 4.4 Model output (a) and quantification method (b) used to capture cell-to-cell
variability.

20 Severson-2019-c; 5 Dechent-2020-B; 4 Dechent-2020-cs Attia-2020-c3
(€ (b) (© 10 (d)
3 3, 3 3
o) o) o] &
> 10 > S 2 S g
g 211 N g
0 0 0 0
-0.2 -0.1 102 104 106 -0.18 -0.16 -0.15 -01 -0.05
c, [%.days™}] B, [%] c, [%.days™] Cy [%.days™}]

Fig. 4.5 Example population distributions (solid lines) for several example parameter-
dataset combinations. Histograms are parameter values for the full sample. Distribu-
tions were single estimates from the maximum sub-sample sizes from the main trial.

sub-samples. If the sub-samples were selected from a infinite population, one should
see var(o,) ~ + according to the standard error [252]. However, when drawing from
a fixed sample of size N, the variance of the population estimates is limited by the

available sample parameter values.

The variability was deemed to have been captured when var(o,) began to be
influenced by the sample size N, seen on a logarithmic y-axis as a linear reduction in
the standard deviation of o, as a function of K. Also, standard deviation is preferred

to variance because the units are consistent with those of the parameters.
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The estimate of the required number of cells, n., to stably capture the variance
was the smallest sub-sample size where the standard deviation was lower than a linear
extrapolation of the mid-sub-sample size region, plus a percentage tolerance «,. Here,
a, = 10% because there was very little noise. Fig. 4.4b demonstrates the technique
for the tinee parameter for Severson-2019. A value of n. was estimated for every
dataset-model combination.

Stable parameter estimates are also important for machine learning models. There-
fore, an extension is included to estimate n. for a GPR model, the most common
machine learning model in this thesis. Matlab’s GPR tool, fitrgp, does not return
an exact equivalent to o,. Consequently, the variability of the hyperparameters as a
function of the number of training cells was investigated as an alternative. All 157
cells from the combined Severson-2019 and Attia-2020 datasets were used with a fixed
set of inputs, Va3, Vi 9, time and |P|; 2. After 100 repeats were performed at each test
point?, median and interquartile ranges (IQR) of the hyperparameters were returned,
along with the RMSE Capacity of the resultant models. Percentiles, not means and

variances, were used because the test sample sizes were deemed too small.

4.2.3 Results

The MLB population distribution parameter estimates appeared to be reliable. Fig.
4.5 shows a number of example fits where outliers are successfully avoided (Severson-

2019-¢;, 4.5.(a)) and non-Gaussian samples are well approximated (Dechent-2020-Bx,

30nly 100 repeats were performed to limit the time taken by this trial.
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Parameter | Dechent-2017 Dechent-2020 Sauer-2021 Severson-2019  Attia-2020
c 8 7 12 9
By 8 8 16 14
Co 7 7 11 13
Cs 14 19 13
trnee 17 16 12
™D 13 13 12

Table 4.2 Estimates of required number of cells, n., to fit each parameter-dataset
combination.
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Fig. 4.6 Estimated population distributions for single repetition varying with sub-
sample size, K. Figure produced for a cell from Severson-2019 with the LinExp model.

4.5.(b)). The results in Fig. 4.6 demonstrate that MLB responded to increased sub-
sample size as expected. The p, estimates become more consistent as the sub-sample

size grows while the o, estimates rapidly reduce in size then plateau.

The sub-sample size versus standard deviation of o, curves are very smooth because
1,000 repeats are performed. The results for LinExp were plotted in Fig. 4.7, the
equivalent plots for LinOne and LinTwo are in Appendix D. Estimates of n. vary

between 7 and 19 in Table 4.2.

In summary, typically n. ~ 12, with slightly higher n. estimates being required for

the more complex models in Fig. 4.8.
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Fig. 4.7 Estimating required sub-sample sizes for the LinExp model.
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Fig. 4.8 Number of cells required to fit capacity fade models of differing complexity.
Offsets included where multiple values of equal n. were found.
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Fig. 4.9 Performance and hyperparameter variability for a GPR-RBF capacity model
as a function of the number of training cells. Hyperparameter plots normalized relative
to value with K = 100.

An equivalent approach for GPR only used 100 repeats resulting in more noise
visible in Fig. 4.9. The RMSE Capacity displays a distinct improvement as a function
of the increasing number of available training cells. The medians of the lengthscale
hyperparameters, o, reduced in size as a function of number of training cells while the
noise increased and the magnitude hyperparameter, o, remained consistent. The IQR
of the hyperparameters saw a distinct improvement for the lengthscale hyperparameters

up to =~ 4 cells.

4.2.4 Discussion

Multi-level Bayes provides a robust approach for population distribution parameter
estimation. The resultant population distributions appeared to match the sample
distributions which provides confidence in the technique.

The use of 1,000 repetitions produced a very small amount of noise about the
std(o,) curves in Fig. 4.7. Such small noise contributed to consistent estimates of n.,

the required number of cells to fit a parameter distribution. Some parameter histograms
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were visibly non-Gaussian, such as Dechent-2020-5; in Fig. 4.5. In future, attention
could be given to model selection based on the shape of the resultant distributions

within a sample [3].

Overall, an estimate of n. ~ 12 was drawn from the results but mean n. was 9, 11
and 14 for the empirical models with 1, 2 and 3 parameters respectively, suggesting an
increasing relationship versus model complexity. Further, the number of cells increased
for the same datasets with different models. For example, Severson-2019 required
successively higher n. estimates for each more complex model in Table 4.2. However,
confidence in that increasing relationship is limited. Attia-2020 did not replicate that
result and Dechent-2017 and Dechent-2020 were fit with fewer cells for the two linear
models but did not contribute estimates for the LinExp model, effectively contributing

to lower n, for LinOne and LinTwo relative to LinExp.

The estimate of n. ~ 12 was higher than the equivalent result in the published
work, n. ~ 11 [3]. The only change was the wider bounds for the population-level
variance parameter, aﬁ. The upper bounds in the published work were significantly
above the calculated population variances, but the higher estimate of n. suggests that

there was still an influence from the upper bound on the calculation of required cells.

The goal of Section 4.2 was to answer how many cells, n..s are required to fit the
parameters of a capacity model? The MLB approach appeared to produce reliable and
reasonable n. values with a small number of simple models. However the technique
relies on the impact of repeated sub-sampling from a full dataset to find the apparent

relationships seen on logarithmic scales in the plots of Fig. 4.7. Another issue was
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that the technique learnt a very small amount from each dataset. For example, the
Sauer-2021 dataset contains over 500 MB of battery ageing data [206] but produced

only 3 n. estimates.

The MLB approach to estimating n. would be challenging to apply to more complex
models, such as the electrochemical models mentioned in Section 1.2.1. Future work
could look into applying MLB with physics-based, semi-empirical models but particular
attention would need to be given to sample distribution parameters and how to limit

the impact of sample size on models with large numbers of parameters.

The small trial using GPR produced different results depending on the hyperpa-
rameters being investigated. Most hyperparameters were consistently fit with n. < 5,
however o, needed 50 or more cells before the normalized median was comparable to
using 100 cells. Small trials found that o; and o; can vary over small ranges without
significant impact on the outputs, but o, is critical for capturing the predictive distri-
bution and hence the uncertainty. These results suggest that capturing uncertainty
with GPR models requires n. to be an order of magnitude higher than that required
to capture either the mean estimate of the GPR model or the simple parametric
degradation models. RMSE Capacity steadily improved as a function of K, even when
the hyperparameters were consistent at K > 20, suggesting that the availability of

training data is a significant contributor GPR model performance.
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4.3 Credible intervals

The previous sections of this chapter have introduced the problem of uncertainty and
attempted to quantify the impact of cell-to-cell variability on health modelling. The
rest of this chapter is dedicated to investigating the predictive distributions in capacity
forecasts, both by quantifying performance and by improving the storage requirements

of the GPR models.

Credible intervals specify a region within which an unknown parameter will fall with
a certain probability. For GPR the unknown parameters are the target values whereas
in Bayesian linear regression (BLR) the unknown parameters are the coefficients. For
simplicity, the rest of the chapter always refers to the credible intervals and predictive
distributions about capacity forecasts, i.e. the target values of the regression models.
Typically, the 2-0 interval is used in literature, meaning the region within 2 standard
deviations of the mean estimate [59, 88, 90, 152]. The 2-¢ interval on a Gaussian
distribution represents a probability of 295.45%, but a 95% interval is also commonly
used [113, 143, 156]. Both BLR and GPR provide probabilistic outputs which here
have been assumed Gaussian with some mean function, function variance* and noise

variance. The derivations of equations 4.7 and 4.8 are in Section 3.3 and 1.5 respectively.

4In GPR, the function variance is a function of the covariance function, the training data, and the
test data. In BLR, the function variance is a function of the parameter covariance and the test inputs.
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These distributions may be used to estimate 95% or 2-o intervals.

BLR:  p(y.|X.,y,X) =N (spLr, ohis + 07) (4.7)

GPR: p(y«X.y,X)=N (/LGPR, aéPR + Ji) (4.8)

Probabilistic outputs are cited as an advantage for Bayesian prognostic methods
[13]. Credible intervals have even been used as a weighting method for aggregating
predictive models [146]. But there have been limited attempts to assess the honesty of

the intervals.

The most common assessment method in battery literature is the calibration score.
Typically applied across the 2-¢ intervals, the calibration score is the proportion of
observations that fall within the given interval. The ideal score for the 95% confidence
interval would be 0.95. Calibration scores in literature, and performance later in this
chapter, are not accurate to within 0.01 of 0.95 suggesting that differentiating between
95% and 2-o intervals would be futile for battery health models [26, 138, 149, 152]. The
calibration score only assesses the performance of a single point metric of a predictive

distribution and so was deemed insufficiently detailed for use here.

An alternative but similar metric is the S-score [138]. As shown in Fig. 4.10, the
[-score is the cumulative probability within a specified margin about the true value
(60, 138]. That margin is specified by a in equation 4.9. In plain words, the -score
assesses how close the predictive distribution is to the observed value, measured by

the observed value using +a. By contrast, the calibration score assesses how close the
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Fig. 4.10 Demonstration of -score calculation. The output is the cumulative predicted
probability within a specified distance, «, of the measured capacity.

observed value is to the prediction, measured by the predictive distribution.

Qi) +o

p-score(t;) = / p(Q)dQ (4.9)

Q(ti)—a

The previous work that presented S-scores for battery SoH estimation used o = 1.5%
capacity because that was a limit set by their measurement accuracy [138], but the
value of o in other applications is arbitrary. Further, the method works well for SoH
estimation because all predictions are composed of single estimates. On the other
hand, SoH prognosis requires that variances are summed as subsequent A(Q) forecasts

are combined: o(t;) = />i_, o(tx)2. The credible intervals therefore grow through

lifetime, effectively changing the possible -score regardless of predictive performance.
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Therefore, a new quantification metric is proposed in Section 4.3.1. Verifying
the performance and suitability of this was challenging without access to extremely
large datasets or known ground-truths. Alternatively, a test was performed with a
predictable relationship between independent variable and predictive performance and

the aim was to reproduce that relationship using the new metric.

4.3.1 Quantifying uncertainty performance: RMSE-Freq

The proposed metric for predictive distributions is based on Brier scores [253] and is
similar to the optimization strategy in reference [138]. The metric targets the specific
application of battery health where a user cares mainly about whether a cell is above
or below a given predicted SoH.

Any given predictive distribution in battery capacity can be converted into a
cumulative distribution function (cdf) with cdf(Q = —o0) = 0 and cdf(Q = +o0) =
1. Fig. 4.11.(a) shows three example probability density functions (pdf), and the
cumulative probability of the measured capacity is calculated in Fig. 4.11.(b). That
cdf is used to produce a set of binary outputs depending on whether or not the
forecasted frequency is above or below the observation, as in Figs. 4.11.(c) and 4.11.(d).
Simplistically, in a well-calibrated model, the observed capacity should appear below a
forecasted frequency of 0.30 in 30% of predicted capacity values and similarly for all
values of forecasted frequency.

If a model is well-calibrated, it should present a very small deviation from the

dashed grey line in Fig. 4.11.(e). Consequently, the measure of performance for a
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Fig. 4.11 Demonstration of RMSE-Freq calculation. The output is the root mean
square distance between the forecasted frequency of capacity values and the observed
frequencies, as calculated based on the cumulative probability of the predictive distri-
butions. (a) The forecasted capacity predictive distributions are compared with the
measured capacity. (b) The measured capacity at each test point is used to calculate
the predicted probability of the capacity being below the measurement. (c) The
cumulative predictive forecast is converted into a series of binary scores with a 1 for
every forecasted frequency above cdf(@). (d) Multiple binary forecasts are combined
and averaged to produce a mean average observed frequency (dotted line). (e) The
root mean square difference between the mean average observed frequency and the
ideal forecast (dashed grey line) is taken as the RMSE-Freq.
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Fig. 4.12 Brier-style plot for RMSE-Freq of previously tested models, PLR, GPR-EXP
and GPR-RBF.

predictive distribution will be RMSE-Freq, the root mean square error between the

perfectly calibrated model and the actual performance.

The performance metric RMSE-Freq is therefore a measure of how accurately
forecasted probability distributions resemble the observed SoH, measured according to

the battery-specific condition of being above or below a target SoH value.

Results using the models in Chapters 2 and 3 are given in Fig. 4.12. Despite being
the best performing model in previous chapters, GPR with an exponential kernel
(GPR-EXP) is the weakest of the three tested when measured with RMSE-Freq. These
results were consistent - the trial in Fig. 4.12 used 100 repetitions with 50 training
cells in all cases. There was a consistent bias to overpredict the frequency at which
capacity was below the predictions, most likely resulting from the bias in the mean

estimate, as shown in all three profiles in Fig. 4.12.
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Fig. 4.13 Example failure of RMSE-Freq on generated data. Two very different fits
were shown to score equally with RMSE-Freq.

RMSE-Freq does appear to be an effective measure but it could fail to distinguish
between a distribution which fits an unintelligent model to a full data array and one
that is fitting a more detailed model. Fig. 4.13 demonstrates a good example of
that failure on carefully generated random data. This error can be avoided by using
RMSE-Freq in conjunction with the RMSE of the target variable, which is RMSE

Capacity in this thesis.

Testing results given below in Section 4.3.3 include EoL error and RMSE Capacity
as extra performance metrics. The [-score is presented as a comparison. These
tests also assess the predictive performance of Sparse Gaussian process regression
(SparseGPR) as a function of the number of pseudo-inputs used. SparseGPR is the
improvement to GPR described in Section 1.5.1 but a new implementation for battery

health forecasting proposed here is described below.
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4.3.2 Sparse Gaussian processes

Gaussian processes have been found to produce flexible and accurate capacity health
forecasts with well-calibrated predictive distributions, as shown in Fig. 4.12. But

storing the full model is expensive because all training points must be retained.

Sparse Gaussian process regression, also known as sparse pseudo-input Gaussian
process regression, is an approximation of GPR [188, 191, 195]. It involves selecting
a replacement training set of pseudo-inputs of reduced size, M < N rows, which
can approximate the full training set. The resultant regression model then scales
as O(M?N), representing a significant computational saving compared to O(N?)
[188, 195]. A brief derivation of SparseGPR is included in Section 1.5.1 and references

[188] and [191] are recommended for further reading.

There are a number of works investigating different methods of optimising the
location of the pseudo-inputs [195, 191, 190]. That optimisation is computationally
intensive because there are M D + D + 2 parameters to fit [193]. Applied to this work,
the additional complexity was not found to significantly improve SoH forecasting in
initial trials. As a faster alternative approach, K-means clustering was used to produce
the pseudo-inputs prior to hyperparameter tuning, based on finding M focal points
among the full training set. Fixing these M points as the pseudo inputs speeds up the
process and avoids the difficult judgement of how to place a prior over the pseudo-input

points. One can use points randomly selected from the training set [193], but K-means
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was preferred here. The time input was normalized such that ¢ = 1 was equivalent to

40 days® in order to prevent the time variable dominating the K-means calculation.

Applying SparseGPR

The SparseGPR approach not only reduces computational complexity but also offers
an important opportunity to significantly reduce storage requirements. The proposal
was to replace the training inputs with the pseudo-inputs, Z, in the predictive model
with pseudo-targets, fz, calculated as the mean estimates of the predictive posterior
in equation 1.20. That switch could reduce storage requirements from 1,000’s of rows
down to 10’s. The full training set is still required to calculate the pseudo-targets with
K-means and fit the hyperparameters but the final predictive posterior only depends

on the pseudo-inputs and pseudo-targets:
p(ylXe, Z,8,) = N (Kuz(Kz + 021) 'y, Ko = Kuz(Kz + 021) ' KL, + 020) (4.10)

The rest of the SparseGPR model used identical processes to the models in Chapters
2 and 3. Input features were calculated based on Table 2.1 and automated feature
selection using the methods previously discussed was used to select 5 input features.

SparseGPR using pseudo-inputs was expected to produce a distinct relationship
between predictive performance and M, the number of pseudo-inputs. Higher values

of M were assumed likely to produce smaller RMSE-Freq values. That relationship

5As described in Section 2.1, the maximum lifetime of cells selected was 40 days. This scaling
placed all time variables between 0 and 1, approximately the same range as the other input features.
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was verified as a function of RMSE Capacity and EoL error in Section 4.3.3, as well as

with RMSE-Freq.

Two trials were performed using the sparse GPR implementation from GPy [194].
Both trials varied M between 3 and 100. There were 100 repeats at each test point,
each with 50 randomly selected training cells and 107 test cells. RMSE Capacity, EolL

Error, RMSE-Freq and the [§-score were recorded for all 10,700 test profiles.

The first trial exclusively used the pseudo-inputs Z as proposed in equation 4.10
but still compared against the performance from a standard GPR-RBF model. The
second trial compared the predictive performance between using SparseGPR with an
RBF kernel as in literature, i.e. storing and using the full training data set X for the
predictive posterior (denoted RBF (X)), against the pseudo-input method, i.e. only
storing the pseudo-inputs Z and using equation 4.10 (denoted RBF(Z)), proposed
here. The aim of this second trial was to establish the predictive performance cost of

approximating the training set using M pseudo-input points.

4.3.3 Results

As expected, small numbers of input points resulted in poor predictive performance of
lithium-ion battery capacity. RMSE Capacity and EoL error were both significantly
worse below M = 20, see Fig. 4.14. SparseGPR-EXP was the worst performing model
by all metrics at almost all values of M. SparseGPR-RBF appeared approximately

equivalent to GPR-RBF at M = 50.
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Fig. 4.14 Median (solid) and 95" percentile (dashed) performance of regression tools
as a function of number of pseudo-inputs. Compares SparseGPR using an EXP kernel

(red) and a RBF kernel (yellow) against a GPR model with a RBF kernel (blue).
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Fig. 4.15 Comparison of performance between using the pseudo-inputs (RBF(Z), yellow
lines) and the training set (RBF(X), blue lines) in SparseGPR predictive posterior
with an RBF kernel. Median and 95" percentiles in solid and dashed lines respectively.

The proposed prediction uncertainty accuracy metric, RMSE-Freq, displayed the
expected relationship between M and predictive performance. That relationship was
clearer for SparseGPR-RBF relative to SparseGPR-EXP for which RMSE-Freq was
consistently poor below M = 20. SparseGPR-RBF never reaches the performance of

the standard GPR-RBF in Fig. 4.14 when measured by RMSE-Freq.

In the second trial, the pseudo-input approach produced worse capacity models
than the standard SparseGPR approach from literature at all values of M. However
performance was approximately equivalent for M > 40, aside from the consistent

difference in RMSE-Freq in Fig. 4.15.
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Fig. 4.16 Performance of the GPR methods measured by [-scores. Continuous lines
are medians, dashed lines are 95" percentiles.

The S-score results in Fig. 4.16 show that SparseGPR-RBF produced tighter fits
than SparseGPR-EXP for all values of a. Piecewise linear regression (PLR) performed
worst as a function of « in Fig. 4.16.a), but all three techniques were approximately

equivalent.

4.3.4 Discussion

The pseudo-input approach was weak for M < 30 because there was insufficient data
to produce an accurate health model. The model appeared accurate at M =~ 50,
representing a significant improvement on the storage requirements compared to a
standard GPR model. Storing 50 pseudo-inputs and pseudo-outputs would reduce
storage requirements by =~ 98% without a significant impact on RMSE Capacity or
EoL error.

Fig. 4.15 demonstrates that using only pseudo-inputs produced larger RMSE-Freq
values, even at higher values of M where RMSE Capacity and EoL error were equivalent
whether the training data was included or not. The consistent difference in RMSE-Freq

between using pseudo-inputs and using the full SparseGPR model suggests that the
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pseudo-inputs still lacked sufficient detail to capture the full variability among the test

cells.

Presenting [-score results in a comprehensive manner is challenging. Fig. 4.16.(a)
shows median and 95" percentiles as a function of a whereas Figs. 4.16.(b) and
4.16.(c) map how the [S-score evolves as a function of both M and «. These plots
were uninformative until compared in Fig. 4.16.(d). The results suggested that the
predictive distributions were more accurate when calculated with an RBF kernel.
Much like RMSE-Freq, -scores were difficult to interpret without also knowing the
profile-focussed predictive performance using RMSE Capacity. For example, Figs. 4.14
and 4.16 show that the [-scores were good for SparseGPR-RBF at M ~ 20 but RMSE

Capacity was poor until M = 50.

The RBF kernel was found to consistently outperform the EXP kernel when using
pseudo-inputs. Exponential kernels consistently returned lengthscale hyperparameters
approximately 4 times the size of those with RBF kernels on the same data. Figs.
4.17.(a) and 4.17.(b) demonstrated the relative impact on the pseudo-input approach
by marking the position at which the covariance between inputs had halved in size.
The scale for the EXP kernel is such that the model struggled to discern between

pseudo-input training points with small numbers of input data points.

The pseudo-targets in Fig. 4.17.c) were spread over a far smaller range with the EXP
kernel and the weighted targets, calculated as in equation 4.11, did not correlate as well
as with the RBF kernel. Despite being the best performing model in previous chapters,

the exponential kernel was concluded to be a poor one when using a pseudo-input
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Fig. 4.17 Depiction of the difference between the RBF and EXP kernel functions when
used for the pseudo-input approach for SparseGPR. For (a) and (b), the training data
(grey dots) was used to calculate the pseudo-inputs (black dots) using K-means with K
= 20. The point of covariance being half the maximum (coloured circles) is shown for
each kernel choice, centered on each pseudo-input. (¢) The weighted targets are shown

as calculated by the RBF kernel (blue dots) and the EXP kernel (green dots).

technique.

a(z;)k(Xx, 2;) (4.11)

M=

I
—

a(X) = (Kz—i-U?«L])_l fz = fux)=

1

This analysis was led by the RMSE-Freq results in Figs. 4.14 and 4.15. The metric
is capable of distinguishing between distinct but similar modelling approaches and
provides insight into predictive performance. Profile-focussed metrics, such as RMSE
Capacity, are still required for reliable measurements and the metric was only meaningful
if comparisons are available. Another issue with RMSE-Freq is the reliance on the
shape of the posterior distribution, especially for the tails of the distributions. The
tails represent the most interesting part of the distribution to a user interested in safety,
so future metrics could add weights to RMSE-Freq such that lower capacity values are

prioritised.
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4.4 Conclusions

Two initial efforts at capturing the uncertainty within lithium-ion battery degradation
models were proposed. The first was an attempt to determine the number of cells
required to fit the parameters of an empirical model. The method established a
consistent estimate of around 12 cells for datasets of significantly differing sizes.
The multi-level Bayes approach produced consistent population distributions for the
parameters in the empirical models. The required sub-sample size estimation was
reliant on the use of a limited dataset and and remained an arbitrary condition. Future
works could search for methods that do not require limited datasets. Another avenue
would be to find a much larger dataset that can be modelled with a single empirical
equation. Alternatively, finding appropriate models with increased complexity would
be instructive.

The second half of Chapter 4 focussed on quantifying the performance of proba-
bilistic predictive distributions. The proposed metric, RMSE-Freq, provided insightful
comparisons and produced the expected relationship between the number of pseudo-
inputs and predictive performance. The pseudo-input approach provided almost
equivalent predictive performance to a full GPR model above 50 pseudo-inputs. The
performance of kernel functions was distinguishable using RMSE-Freq and the -score,
but the (-score required the extensive plots in Fig. 4.16 in order to be insightful.

The pseudo-input approach found that the RBF kernel produced more accurate
forecasts than the EXP kernel for a sparse Gaussian process regression tool, contrary

to previous chapters. SparseGPR is complex but the proposed predictive model is
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relatively simple. The output mean and variances are single calculations and the storage
requirement is reduced by around 98% for the case here. Consequently, SparseGPR-
RBF competes with the piecewise linear model in Chapter 3 for storage requirements

and predictive capability, but only if uncertainties are required.






Chapter 5

Conclusions

5.1 Contributions and conclusions

5.1.1 Input feature generation

The feature generation procedure proposed in Chapter 2 produced a large number
of potential input features. As predictors of change in battery capacity AQ), the
input features were found to be robust to increased noise and reduced data collection
frequency. The input features were calculated as proportions of time spent in regions of
each use variable so that the values could be understood and, hopefully, be predictable
in real world applications. The thresholds were found to be extremely consistent and
would easily scale to other datasets.

The feature selection process was found to be fast and produced accurate capacity
fade models when used with GPR, PLR and SparseGPR. The use of feature discrimina-
tion condition, ppmax, i.e. the maximum correlation coefficient between input features,

had a positive impact on performance and ensured a diverse training dataset. The
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strongest correlation with the target variable AQ was for V3 3, the proportion of time
spent between V' ~ 3.12 V and V =~ 3.51 V, for the Severson-2019 and Attia-2020
datasets.

The feature generation and selection procedures were a small part of the work
presented in this thesis, but the vast majority of subsequent work made use of the
performance and flexibility provided by these two steps.

Gaussian process regression methods are adaptable regression tools that were able
to accurately map complex patterns in degradation in Chapters 2 and 4. The models
using the exponential kernel were found to be the most accurate predictors of capacity
profiles but were demonstrably weaker when using pseudo-inputs for SparseGPR.
Compared to battery literature, the models produced accurate capacity profiles values
and represented a significant improvement for end-of-life forecasting. Knee point
prediction was achieved using the predicted capacity profiles but with slightly lower

accuracy relative to end-of-life forecasting performance.

5.1.2 Faster, more transparent modelling

Piecewise linear regression was found to be fast and interpretable. The approach
was not as accurate as GPR when mapping the smaller, more detailed variations in
the ageing datasets, but the end-of-life prediction performance was comparable. The
resultant capacity models were simpler and could be stored at a considerably reduced
cost relative to GPR. The curvature approach to splitting the input data was found to

be insightful, fast and to produce accurate predictions.
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5.1.3 Quantifying uncertainty

The proposed method for quantifying cell-to-cell variability returned the expected
result that more complex models (i.e. models having more parameters) would require
data from more cells, but only a limited supply of datasets was used. The number of
cells, n., required to fit the parameter distributions for empirical capacity-time models
was found to be ~ 12 which is higher than the result in previously published research
[3]. The difference was attributed to the higher upper bound on the population-level
variance parameter used here. Multi-level Bayes was an effective modelling technique

and the parameter distributions were found to be representative.

The proposed performance metric for quantifying the accuracy of predictive dis-
tributions was RMSE-Freq, which is a measure of the frequency at which measured
capacity values are below predicted capacity values. This was adapted from a known
optimisation strategy to apply to lithium-ion battery SoH prognosis. RMSE-Freq
demonstrated with the GPR models that the squared exponential kernel produced
more accurate probabilistic forecasts than the exponential kernel for SparseGPR, and
also that the predictive distributions from the piecewise linear model was comparable

to both by this metric.

The SparseGPR approach with pseudo-inputs was found to reduce storage require-
ments for a GPR model by 98%, for a small cost in decreased RMSE-Freq accuracy.
The reduction in storage requirements suggests that the pseudo-input approach could

be used to apply a flexible machine learning model in the real world at low cost.
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5.2 Limitations and future work

5.2.1 Feature engineering

All of the work in this thesis assumed knowledge of intended battery use. This
assumption is weak in more general applications. The prediction of future battery
use is beyond the scope of this thesis but attempting to forecast the input features in

Chapter 2 would be an interesting avenue of study.

Future research could investigate whether more detailed input features would
improve performance and add flexibility. For example, including semi-empirical models
would increase the number of potential input features and improve the physical
justification behind the automated approach. Specific attention could then be given to
choosing ppmax, i.e. what value is required to ensure that similar models are avoided.
Alternatively, there are simple input features available that were omitted here, such
as time spent at very small or zero current, that could be effective predictors of

degradation.

A remaining problem with all these methods is the reliance on supervised learning
because battery health measurements are not always available. Estimating capacity
or internal resistance is beyond the scope of this work, but the possibility of using
variables such as V5 3 as indirect health measures could be researched. While V5 3 was
found to produce estimates of knee onset in Chapter 3, other simple features could

provide equally informative details.
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The splitting mechanism presented in Chapter 3 aimed to use the feature with the
least noise across the dataset. For this, methods such as principle component analysis
(PCA) could be investigated in future to split the input, with the rest of the procedure
remaining identical. Using PCA to produce input features was considered as part
of the algorithms in both Chapters 2 and 3 but was rejected because there was an
insufficient performance improvement to justify the increased complexity and there was
a risk of producing overly complex inputs. Nonetheless, PCA might produce inputs
features with reduced noise that could be used as the splitting variable at the cost of
reduced interpretability. Splitting variables with reduced noise could also reduce the

impact of datasets with few capacity measurements, such as Sauer-2021.

5.2.2 Health diagnosis and prognosis

All of the models here assumed adequate access to battery test data. However, the
checking of robustness of the approach in Chapter 2 had limited ability to replicate
the challenges of real world battery use. Extrapolation beyond available data is a
further challenge. The models here could be weak if a test cell is used in a significantly

different manner to the training set.

Future work should investigate how forecasting battery SoH can be combined with
battery control (for example, of charging protocols). A prediction has value in itself,
but there is far more value if the trained model can be incorporated into a control

structure. Simpler models, such as PLR with Bimprov = 0.2 would probably be of most
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use, but attempting to introduce the pseudo-input approach into a control algorithm

could be beneficial.

5.2.3 Capturing uncertainty

The predictive performance of using pseudo-inputs with SparseGPR suggested that
M > 50 was sufficient for accurate and trustworthy capacity prognosis, where M is
the number of pseudo-inputs. The selection of pseudo-input points using K-means
could be significantly improved. In its current form, the approach requires M to be
sufficiently big to capture the rarer behaviours in the training dataset. However that
inevitably led to many pseudo-inputs being in the densely populated areas, therefore
some pseudo-inputs may have been superfluous.

All methods presented here would benefit from access to larger and more varied
datasets. But the methods focussed on quantifying or capturing uncertainty would
benefit most. Equally, investigating transfer learning methods to extrapolate the
regression models from one dataset to another would be valuable.

Forecasting battery usage was alluded to at various points in this work and remains
an open question. Ultimately, accuracy of the models of the future ageing of a given cell
or battery pack will be a function of the accuracy of the future use profile. Comparing
the relative impacts of uncertainty of use versus uncertainty of degradation would be
an extremely interesting avenue of study.

All models in this thesis predicted capacity profiles, and so the uncertainty was in

units of capacity. Real-world interventions, whether for cost or safety, require actions
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which must be planned and implemented. Consequently, forecasting capacity profiles
that can reliably be converted into estimates of remaining useful life (RUL) would be
extremely valuable. Verifying the performance of predictive distributions for RUL is
extremely difficult because cells are typically removed from testing once they have
met some end-of-life criterion. There are many cases where forecasted profiles must
extrapolate based on no usage data. Here, that was done with linear regression where

required, so this is a clear area for improvement.
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Appendix A

The models behind the figures and
tables

This appendix contains information on all models used to produce predictive plots.
Figures not produced from a model are not included. RPTP stands for repeats per

test point.

Description | Value

Tool | Gaussian process regression
Kernel | Matérn-3/2 with ARD
Dataset | NASA-2014 [33]
Test cell | 2
Training cells | 1, 7, 8
Input variables | (left) time [days], charge throughput [Ah]
(mlddle) t[>3A [days], tT>20°C [days]
(right) time [days], charge throughput [Ah],
tr>sa [days], trso0ec [days]
Target variable | ¢ [%.days™]
Table A.1 Model details for Fig. 1.2
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The models behind the figures and tables

Description | Value

Tool | Gaussian process regression
Kernel | radial basis function with ARD

Dataset | NASA-2014 [33]
Test cell | 2
Training cells | (left) 1, 7, 8

(middle) 17, 18, 19
(right) 1, 7, 8, 17, 18, 19

Input variables | calendar time [days]

Target variable | capacity [%)]

cumulative charge throughput [Ah]

Table A.2 Model details for Fig. 1.3

Description | Value

Kernel functions | exponential (yellow)

Matérn-3/2 (purple)
Matérn-5/2 (green)
radial basis function (blue)

(o} 1
O'f 1

Tool | Matlab’s mvnrnd, zero mean

Table A.3 Model details for Fig. 1.4

Description | Value
Tool | Gaussian process regression
Kernel | (left) radial basis function with ARD
(right) radial basis function without ARD
Dataset | NASA-2014 [33]
Test cell | 2
Training cells | 1, 7, 8

Input variables

Target variable

normalised calendar time

normalised cumulative charge throughput
(blue) noise X ;=

(yellow) noise x15

capacity [%]

Table A.4 Model details for Fig. 1.5
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Description | Value

Tool | Gaussian process regression
Kernel | exponential with ARD

Dataset | Severson-2019 [22] and Attia-2020 [107]
Test cells | All cells not selected in training set
Training cells | 100 randomly selected cells
Input variables | automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

Target variable | AQ [%]

Control variable | number of bins created by thresholds

RPTP | 10

Table A.5 Model details for Fig. 2.3

Number of bins | Percentiles used
1 1.0, 99.0
2 1.0, 50.0, 99.0
3 1.0, 33.7, 66.3 99.0
4 1.0, 25.5, 50.0, 74.5, 99.0
5 1.0, 20.6, 40.2, 59.8, 79.4, 99.0
6
7
8

1.0, 17.3, 33.7, 50.0, 66.3, 82.7, 99.0
1.0, 15.0, 29.0, 43.0, 57.0, 71.0, 85.0, 99.0
1.0, 13.3, 25.5, 37.8, 50.0, 62.3, 74.5, 86.8, 99.0

9 1.0, 11.9, 22.8, 33.7, 44.6, 55.4, 66.3, 77.2, 88.1, 99.0
10 1.0, 10.8, 20.6, 30.4, 40.2, 50.0, 59.8, 69.6, 79.4, 89.2, 99.0
Limit For speed, no features covering < 20% were generated

i.e. at least two bins are combined above 4 bins
Table A.6 Percentiles used in Fig. 2.3
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The models behind the figures and tables

Description | Value
Tool | Gaussian process regression
Kernel | Exponential with ARD
Dataset | Severson-2019 [22] and Attia-2020 [107]
Test cells | All cells not selected in training set

Training cells

Input variables

50 randomly selected cells

10 for time performance plot

automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

Target variable | AQ [%)]
Control variable | RPT frequency
RPTP | 20
Table A.7 Model details for Fig. 2.4
Description | Value
Tool | Gaussian process regression
Kernel | Exponential with ARD
Dataset | Severson-2019 [22] and Attia-2020 [107]
Test cells | All cells not selected in training set

Training cells
Input variables

50 randomly selected cells
automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

Target variable | AQ [%)]
Control variable | maximum shared correlation, ppax
RPTP | 20

Table A.8 Model details for Fig. 2.6
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Description | Value
Tool | Gaussian process regression
Kernel | Exponential with ARD
Dataset | Severson-2019 [22] and Attia-2020 [107]
Test cells | All cells not selected in training set

Training cells
Input variables

Target variable

50 randomly selected cells
automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

AQ [%]

Control variable
RPTP

number of input features
20

Table A.9 Model details for Fig. 2.7

Description

Value

Tool

Gaussian process regression

Kernel | (respectively, by row) radial basis function with ARD
Matérn-5/2 with ARD
Matérn-3/2 with ARD
exponential with ARD
Dataset | Severson-2019 [22] and Attia-2020 [107]
Test cells | All cells not selected in training set
Training cells | 50 randomly selected cells
RPTP | 20 for each kernel function

Input variables

Target variable

automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

AQ [%]

Table A.10 Model details for Table 2.3
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The models behind the figures and tables

Description

Value

Tool
Kernel

Gaussian process regression
Exponential with ARD (green, where applicable)
RBF with ARD (blue, only in Fig. 2.13)

Dataset

Test cells
Training cells
Input variables

Target variable
RPTP

Severson-2019 [22] and Attia-2020 [107]
All cells not selected in training set

100 randomly selected cells

automated feature generation (Section 2.1)
automated feature selection (Section 2.2)
AQ [7]

100 (where applicable)

Table A.11 Model details for Figs. 2.10, 2.12, 2.13 & 2.17

Description | Value
Tool | Gaussian process regression
Kernel | Exponential with ARD
Dataset | Severson-2019 [22] and Attia-2020 [107]
Test cells | All cells not selected in training set

Training cells
Input variables

50 randomly selected cells
automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

Target variable | AQ [%]
Control variable | noise added to raw data, og
RPTP | 20
Table A.12 Model details for Fig. 2.14
Description | Value
Tool | Gaussian process regression
Kernel | Exponential with ARD
Dataset | Severson-2019 [22] and Attia-2020 [107]
Test cells | All cells not selected in training set

Training cells
Input variables

50 randomly selected cells
automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

Target variable | AQ [%]
Control variable | frequency of raw data selection
RPTP | 20

Table A.13 Model details for Fig. 2.15
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Training cells
Input variables

Target variable

Description | Value
Tool | Gaussian process regression
Kernel | Exponential with ARD
Dataset | Severson-2019 [22] and Attia-2020 [107]
Test cells | All cells not selected in training set

50 randomly selected cells
automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

AQ [%]

Control variable
RPTP

number of available raw data values per variable
20

Table A.14 Model details for Fig. 2.16

Description

Value

Dataset

Severson-2019 [22] and Attia-2020 [107]

Training cells
Testing cells
Input variables

50 randomly selected cells

All cells not selected in training set

automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

Target variable | AQ [%]

AL | 15
0w | 10

PPmax 0.85

Bimprov 0.01

Splitting technique | curvature
Maximum models | 10
Input features | 5

RPTP | 20

Table A.15 Default controls for piecewise linear regression models, used throughout

unless specified.

Description

Value

Tool | Piecewise linear regression (purple)

GPR-EXP (green)

Control variable

PP max
Defaults | Table A.15

Table A.16 Model details for Fig. 3.3
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Description | Value
Tool | Piecewise linear regression (purple)
GPR-EXP (green)
Control variable | number of input features
Defaults | Table A.15

Table A.17 Model details for Fig. 3.4

Description | Value
Tool | piecewise linear regression (purple)
GPR-EXP (green)
GPR-RBF (blue)
RPTP | 100
Defaults | Table A.15

Table A.18 Model details for Figs. 3.7 and 3.11, and Table 3.3.

Description Value
Tool | piecewise linear regression (purple)
Defaults Table A.15
RPTP 1,000

Table A.19 Model details for Fig. 3.8

Description Value
Dataset Sauer-2021 [206]

Tool | piecewise linear regression (purple)
GPR-RBF (blue)
Defaults Table A.15

RPTP 20

Table A.20 Model details for Fig. 7?7
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Description Value
Dataset | Severson-2019 [22] and Attia-2020 [107]
Tool piecewise linear regression
Defaults Table A.15
Control variables Bimprov
max( 1, )
Ow
B
RPTP 20

Table A.21 Model details for Fig. 3.9

Description | Value

Tool | PLR, split by curvature (purple)
PLR, split by fminsearch (blue)
PLR, split by K-means (yellow)
PLR, split evenly (grey)
PLR, split randomly (red)
GPR-EXP (green)
Control variables | number of input features

Defaults | Table A.15

Table A.22 Model details for Fig. 3.10

Splitting mechanism | Description

Curvature (purple) | As per Section 3.2
fminsearch (blue) | Use Matlab’s fminsearch to optimise position of breakpoints
with RMSE AQ as the loss function
K-means (yellow) | Use K-means across the first two input features.
Even (grey) | Evenly spaced breakpoints
Random (red) | Random placing of the breakpoints

Table A.23 Description of alternative splitting mechanisms used in Fig. 3.10
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The models behind the figures and tables

Description

Value

Datasets

Dechent-2017 [203]
Dechent-2020 [204]
Sauer-2021 [206]
Severson-2019 [22]
Attia-2020 [107]

Training cells

3 to full sample minus 3

Tool | Multi-level Bayes
Likelihood | Gaussian
pp prior | N(0,10%)
oy prior | U(0,00)
Bounds | (lower, upper)
c1 | mean: (-10, 10), variance: (0, 100%)
¢y | mean: (-10, 10), variance: (0, 100%)
By | mean: (90, 110), variance: (0, 100?)
c3 | mean: (-10, 10), variance: (0, 100%)
tknee | mean: (0, 100), variance: (0, 100?)
7p | mean: (-10, 10), variance: (0, 100?)
Points per cell | 15
RPTP | 1,000

Table A.24 Model details for Figs. 4.4, 4.5, 4.6, 4.7 & 4.8, and Table 4.2

Description

Value

Tool
Kernel

Gaussian process regression
radial basis function with ARD

Dataset
Training cells
Testing cells
Input variables
Target variable

Severson-2019 [22] and Attia-2020 [107]
1 to 100 randomly selected cells

57 randomly selected cells

Va3, Vi, time [days], | P12

AQ [%]

RPTP

100

Table A.25 Model details for Fig. 4.9
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Description

Value

Tool

piecewise linear regression (purple)
GPR-EXP (green)
GPR-RBF (blue)

Input variables

Training cells
Testing cells

automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

50 randomly selected cells

All cells not selected in training set

Target variable | AQ [%)]
PLR Defaults | Table A.15
RPTP | 100
Table A.26 Model details for Fig. 4.12
Description | Value
Tool | SparseGPR-RBF (yellow)

SparseGPR-EXP (red)
GPR-RBF (blue)

Input variables

Training cells
Testing cells

automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

50 randomly selected cells

All cells not selected in training set

Target variable | AQ [%)]
Control Variable | Pseudo-input points, K
RPTP | 100

Table A.27 Model details for Figs. 4.14 & 4.16

Description

Value

Tool

SparseGPR-RBF(Z) (yellow)
SparseGPR-RBF (X)) (blue)

Input variables

Training cells
Testing cells

automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

50 randomly selected cells

All cells not selected in training set

Target variable | AQ [%]
Control Variable | Pseudo-input points, K
RPTP | 100

Table A.28 Model details for Fig. 4.15
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The models behind the figures and tables

Description | Value
Tool | Gaussian process regression
Kernel | exponential with ARD (green)
radial basis function with ARD (blue)
Dataset | Severson-2019 [22] and Attia-2020 [107]

Training cells
Input variables

50
automated feature generation (Section 2.1) over full dataset
automated feature selection (Section 2.2)

Target variable | AQ [%)]
K-means, K | 20
RPTP | 100

Table A.29 Model details for Fig. 4.17



Appendix B

Extra trials - Chapter 2

This appendix contains the trials referenced but not presented in Chapter 2.

B.1 Prognosis on full dataset

The main trial in Chapter 2 used datasets Severson-2019 [22] and Attia-2020 [107] but
only cells with lifetimes between 15 and 40 days. The results in this section are for the
same procedure as the main trial in Chapter 2, but running on all available cells in the

two datasets. That amounted to 175 cells, an increase from the 157 used in Chapter 2.

median = 1.5% median = 2.8%

median = 0.96%

median = 0.13%

o5 = 11.6%

o5 = 0.33% o5t = 3.88% 05" = 9.0%

Freguency
Freguency
Frequency
Freguency

0 02 04 06 o 1 2 3 4 5 0O 2 4 6 8 0O 5 10 15 20
RMSE AQ [%] RM SE Capacity [%] EoL Error [%)] Knee Error [%]

Fig. B.1 Predictive performance of automated approach in Chapter 2 on all cells in
Severson-2019 and Attia-2020.
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B.2 State of Health Estimation Trial

The title of this thesis includes “diagnosis”. This section looks explicitly at state of
health (SoH) estimation using the input features and modelling techniques presented
in this thesis.

Two methods of SoH estimation were tested. First by using the input features
produced in Chapter 2 and mapping directly to capacity (). The second model was
constructed similarly to the first model, but the input features were the proportion
of time spent in each region between time ¢ = 0 and time ¢t = t. This method was
referred to as using cumulative features and labelled Q(F') whereas the first is using
instantaneous features and labelled Q(f). Lower case f symbolised instantaneous
features while F' indicated cumulative versions. All input features were calculated
using the thresholds in Table 2.1.

Both approaches were compared to the techniques from Chapter 2, labelled AQ(f)
here because instantaneous input features are used to map to AQ. The regression
tool selected for all models was Gaussian process regression with an exponential kernel
(GPR-EXP). Only RMSE Capacity was used as a performance metric. Each technique
was performed with 100 repeats with 50 randomly selected training cells and 107 test
cells.

The estimation results from using cumulative features are poor with a median
of 1.7% capacity. The 95" percentiles were similar between using cumulative and
instantaneous features, but there is a loosely applied upper limit to the the RMSE

Capacity set by the range of the test target data.
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m—1median = 0.9% median = 1.2% median = 1.7%
> > >
8] AQ(f) e Q(f) e Q(F)
o o o
> -} =}
g 5™ = 2.8% g 5™ = 3,79 g 95" = 3.8%
LL LL LL
o 1 2 3 4 5 0o 1 2 3 4 5 o 1 2 3 4 5
RM SE Capacity [%0] RM SE Capacity [%] RM SE Capacity [%]

Fig. B.2 RMSE Capacity of the two SoH estimation methods compared against SoH
prognosis method from Chapter 2. All models used GPR-EXP for the Severson-2019

and Attia-2020 datasets.

The signal-to-noise ratio was weaker when using cumulative features. As shown in
Fig. 4.1, there is insufficient variation in cumulative features to capture the varying
capacity values. That result would be replicated in any environment with input
features averaged over significant time periods, and sudden and catastrophic changes
in degradation rate.

The prognosis approach appeared to have distinctly better performance than both
diagnosis methods. The prognosis method assumed knowledge of initial health before
extrapolating the capacity through the life of the cell. Effectively, that assumption

removed the variability in initial capacity, artificially improving results.

median = 0.5%
- - median = 0.5%
g Early Life- Q(f) g Early Life- Q(F)
=2 th =
g 95" = 2.5% g 95t = 2.0%
LT Lo
0 1 2 3 4 5 0 1 2 3 4 5
RMSE Capacity [%] RMSE Capecity [%]

Fig. B.3 RMSE Capacity of the two proposed methods for SoH estimation in early life.

The SoH estimation was accurate when training and testing on the first few data

points for each cell. Fig. B.3 used the first 5 data points for each training and test cell
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and the results were a median of 0.5% capacity for both cumulative and instantaneous
features.

It is possible to combine the median performances of the AQ) method and the early
life capacity estimation to approximate performance. The result would be a model that
extrapolates a full health profile without any prior knowledge of health. As estimate
of performance can be calculated as per equation B.1 and should result in a smaller

RMSE Capacity than the above SoH estimation methods.

RMSE Capacity(full prediction) :\/ RMSE Capacity (early life)* + RMSE Capacity(AQ)?

—/0.53%2 + 0.94%2 ~ 1.1% (B.1)

B.3 Automated feature selection trial

10,000 repeats of the automated feature selection procedure described in Section 2.2
were performed to assess speed and investigate the outputs. The whole trial took
around 7 minutes, 43 seconds of which were the selection process. The input features
were selected from a random selection of 50 of the cells in Severson-2019 and Attia-2020,
features calculated using the standard variable thresholds in Table 2.1. 10 features
were selected each time for detail, as opposed to only 5 input features selected in most
models in this thesis.

Below is a full depiction of Table 2.4, but with absolute frequencies not percentages

quoted.
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Selection number
Feature 1 2 3 4 5 6 7 8 9 10
Vas 10000
Vi 7067 2
time 2933 7067
P12 2852 6935 38 1
1|1 2 73 1015 1099 6
I54 3 459 977 185 14 1
Vi 2 80 1395 3551 1895 1396 949 450
Lis 1 1323 4119 1172 113 3 1
]P]274 188 1413 1041 456 47
\1]2,3 473 2126 3483 2338 1122 372
P34 275 1095 2009 2586 2185 1097
P34 207 783 1716 2363 1751 726
P23 3 26 118 459 1695 2914
1|4 1 5 1
AV, 6 147 502 1349 2687
Pis 1 27 191 459 274
Pa4 1 5 12 45 111
A|Pl34 1 3 25 80 283
P13 10 67 320 788
AV 3 4 13 33
AV 3 4 25 203
P14 11 5
NI 1 1 0
Ty s 3 38
APs, 1 4
P14 12
AP1’3 2
T4 1

Table B.1 Frequency of selection for the most common features. Trial contained 10,000
repeats and the maximum shared correlation was set at ppmax = 0.85.






Appendix C

Extra trials - Chapter 3

C.1 Example model parameters

The below table contains all of the parameters for a piecewise linear regression (PLR)
model. This model was formed using 50 randomly selected training cells from Severson-
2019 and Attia-2020, and was used in the main train in Chapter 3. There were 4

sub-models, and a single value of o,, was used for all sub-models.

Sub-model | bias Va3  time |Plia Lz |Plsa Ty range On
1 -9.21 9.03 0.068 2.85 5.04 -0.37 Va3 <0.14
2 -3.99 748 -0.022 1.42 118 043 | 0.14<V53<0.34 | 0.221
3 -0.22 -0.13 -0.012 0.62 -0.60 0.21 0.34 < Va3

Table C.1 All parameters for a PLR model with 3 sub-models. The values were taken

from a model in the main trial in Chapter 3. The bias term is the constant in the
linear model.
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C.2 DModel structure investigation

Chapter 3 includes an investigation into the structure of the PLR model, but only a
single model is assessed. An equivalent plot to Fig. 3.8 was produced for two extra
values of the required improvement Simprov in the curvature method for finding suitable

breakpoints. The same was done for using evenly spaced breakpoints.

o) %)
: :
g g H
i T
L ACAC N P

0 0.1 0.2 0.3 04 05 0O 1 2 3 4 5 6 7 8 9 10

Splitting feature, V., Number of sub-models, n.

(a) Position of breakpoints. (b) Number of sub-models used.

Fig. C.1 Results of trial investigating the construction of the PLR model with Bimprov =
0.10.

The two extra trials into the value of Binprov used the same set up as for Fig. 3.8,
but with Bimprov = 0.10 and Bipprov = 0.20. Fewer sub-models were required in both
cases, with that restriction being particularly acute for Bimprov = 0.20 in Fig. C.2b. The
results in Fig. 3.9 suggest that predictive performance was unaffected for Bimprov < 0.50,
but model complexity is reduced above SBimprov > 0.10 values.

The model for Fig. C.3a used Bimprov = 0.01 but used evenly spaced breakpoints.
Models using evenly spaced breakpoints performed equivalently to the curvature method
when measured by RMSE Capacity, EoLL error and when computational time was
compared. Fig. C.3a demonstrates the lack of information provided by evenly spaced
breakpoints. Fig. C.3b shows the increased number of sub-models required to match

the performance of the curvature approach.
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Frequency
Frequency

0 0.1 0.2 0.3 0.4 0.5 01 2 3 45 6 7 8 9 10
Splitting feature, V., Number of sub-models, n.

(a) Position of breakpoints. (b) Number of sub-models used.

Fig. C.2 Results of trial investigating the construction of the PLR model with Bimprov =
0.20.

o) o)
o o]
> >
5 5
I T
0 0.1 0.2 0.3 0.4 05 01 2 3 4 5 6 7 8 9 10
Splitting feature, V., Number of sub-models, n_
(a) Position of breakpoints. (b) Number of sub-models used.

Fig. C.3 Results of trial investigating the construction of a PLR model using evenly
spaced breakpoints and Simproy = 0.01.

C.3 Full cell-specific performance plot

Fig. 3.11 demonstrates the cell-specific predictive performance of PLR and two Gaussian
process regression models, GPR-RBF and GPR-EXP. For clarity, only a subset of the

test cells are included in Fig. 3.11. Fig. C.4 contains the same results but for all cells.

C.4 Health prognosis - Sauer-2021

The PLR approach was applied to the Sauer-2021 dataset [206] and the predictive

performance is compared to that of GPR with a squared exponential kernel in Fig. ?7.
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Fig. C.4 Cell specific performance of PLR (claret, crosses) relative to GPR-EXP (green,
circles) and GPR-RBF (blue, squares) for all cells. Shapes show the median value for
each cell, the lines a plotted from the minimum to the maximum of each performance
metric for each cell.

The input features were generated using all available cells because there were only 48

available. The thresholds are in Table C.2.

Current | Voltage | Temperature | Power | Abs. Current | Abs. Power
Percentile [A] [V] [°C] (W] [A] [W]
15t -4.10 3.10 24.0 -14.6 0.00 0.0
331 -0.24 3.51 27.5 -0.8 0.19 0.7
67t 0.18 3.90 28.5 0.7 0.98 3.6
99th 4.10 4.10 31.9 15.8 4.10 15.8

Table C.2 Feature thresholds calculated from the Sauer-2021 dataset

Feature selection was performed with ppmax = 0.85. There were 5 input features

used and end of life was set at 60% but RMSE Capacity was measured over the full life

down to around 30% capacity. The results from a Gaussian process regression model

with a squared exponential kernel are in Fig. C.5.
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95" = 4.7%

951" = 0.10%.days* o5t = 4.49%

Frequency
Frequency
Frequency

[ B

0 0.1 0.2 0.3 0 5 10 0 5 10 15
RMSE dQ/dt [%.days ] RMSE Capacity [%] EoL Error [%]

Fig. C.5 GPR-RBF predictive performance for Sauer-2021

The piecewise linear model was controlled as per the defaults in Chapter 3: Bimprov =
0.01, B = 0.1, max(n,,) = 10, o, = 10. The results are in Fig. C.6 and are compared

with GPR-RBF in Table 3.4.

median = 0.10%.days median = 2.2%

median = 2.7%

%) %) %)
g 951" = 0.15%.days* g 3 951" = 9.206
8 g osh=579% 3
LL LL LL
0 0.1 02 03 0 5 10 0 5 10 15
RM SE dQ/dt [%.days ] RMSE Capacity [%] EoL Error [%)]

Fig. C.6 PLR performance with Sauer-2021

The piecewise model appeared to struggle with the double change in degradation
behaviour in Sauer-2021. A second trial was performed with the training data truncated
above 50% of nominal capacity to avoid the late life reduction in degradation rate.

The RMSE Capacity was significantly improved in this case. The PLR approach
appeared to be insufficiently flexible to manage the two behavioural changes. The
selection step was most vulnerable to the complex behaviour. A measure of noise about
some arbitrary smoothed function could perform better to select the first feature. The

other features could still be selected using correlation-based procedures.
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Fig. C.7 PLR performance with Sauer-2021 truncated above 50%



Appendix D

Quantifying cell-to-cell variability

This appendix contains the extra details required for the attempt to quantify cell-to-cell
variability in Chapter 4. There is a derivation of multi-level Bayes (MLB) followed by

the results for LinOne and LinTwo that were excluded from the main text.

D.1 Derivation of multi-level Bayes

The following derivation is adapted from the published work in reference [3]. The
mathematics and code behind the use of MLB were provided by S. Jbabdi of the
University of Oxford. The explanation in the published work was largely written and

edited by S. Jbabdi.

When using MLB, the parameters of a model for each individual cell are assumed to
be drawn from a population distribution. That distribution is unique for each dataset
and always assumed to be Gaussian, i.e. each dataset has individual but unknown

population mean and variance for each parameter.
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The target variable for all models in Chapter 4 was capacity. For the following
derivation, let y) denote the target variable of cell k£ over a number of measurements,
i.e. yi is a vector. The model parameters for cell £ are denoted 6. For example, the
LinExp model is specified by 6y = (cx, tr s, )T and 6y for LinOne and LinTwo were of

length one and two respectively. The observations were assumed to be a sum of the

model and Gaussian measurement noise.

yk(t) = f(elﬁ t) + €k, €~ N(07 U’?L,k) (Dl)

where f is one of LinOne, LinTwo or LinExp, the three capacity-time models used in

Section 4.2.

As previously mentioned, each set of parameters for an individual cell model were

assumed to be drawn from a Gaussian population distribution,

b ~ N {1y, 02) (D.2)

where p, is the population mean and af, is the population variance. The population
means were assumed to have wide Gaussian priors, p(u,) = N(0,10%), and the priors

over the population variances were uniform distributions. The priors for the noise

parameters were assumed to be Jeffrey’s prior, p(a7, ) ~ 021 and these were integrated

n,k

out analytically.

The multi-level Bayes model is built in two stages. The first level fit the parameters

for individual cells, 6, by using Markov chain Monte Carlo (MCMC) to create samples



D.2 Results 179

from p(yx|0x) = [ p(yx|0k, Onk)p(0nk)do, k. Based on these samples, the means py
and variances o were estimated. These estimates were used in the second level of
inference, the one that produced the population distributions. The posterior of the

population distribution can be expressed as,

P(tp; opl{yK}) = / = /p(yklf)k)p(%lupaUp)p(upadp)d91-~-d91< (D.3)

The above integral can be evaluated analytically when all distributions are Gaussian,

Pbps op|{yic}) o ]:[ N (uk, 7 + 02)p(pip, o) (D.4)

where K is the sub-sample size.

The population posterior in equation D.4 shows that the population mean is a
weighted average of the individual cell parameters. The weights are a combination of
the individual, first-level variances, o}, and the population variance o. The population
distribution is then sampled using MCMC to estimate the summary statistics, j, and

2

O'p.

D.2 Results

The plots below are the results for LinOne (Fig. D.1) and LinTwo (Fig. D.2). The
plots are the equivalents of those in Fig. 4.7 for the LinExp model. The y-axes are the

standard deviations of 1,000 estimates of o, and the x-axes are the sub-sample sizes,
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Fig. D.1 Estimating required sub-sample sizes for the LinOne model.
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Fig. D.2 Estimating required sub-sample sizes for the LinTwo model.

K. Each plot shows the estimate of required sample size, n.., for that dataset-model

combination.
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