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Abstract

Lithium-ion (Li-ion) batteries and electrochemical capacitors (EC) are the preferred

energy storage technology in stationary storage systems as well as other critical ap-

plications to the decarbonisation of our infrastructure including electrical vehicles,

busses, trains and planes. The gradual degradation of energy storage devices, how-

ever, is a major concern for the adoption of storage technology across a wide range

of industries. Li-ion batteries and EC cells continuously degrade with time. Their

degradation rate is highly dependent on their construction and the wide variation

in operating conditions. Given that a cell’s degradation is an unavoidable e↵ect, it

is critical to understand its degradation and predict its lifetime to ensure resilience

and reliability.

First, the research in this thesis concentrates on understanding which factors

a↵ect the degradation of Lithium-ion batteries. Whilst the operating temperature

is regarded as one of the highest stress factors accelerating battery degradation, the

e↵ect of other stress factors such as discharge and charge current, charge cut-o↵

current and depth of discharge, is an understudied topic. The research in this thesis

describes a half-factorial design of experiment (16 test cases) consisting of a total

of 96 batteries from two manufactures. Two machine learning algorithms, random

forest and lasso regression are trained on the generated data and subsequently ranked

all five operational factors and their two-way interaction. The results indicate that

the two-way interaction e↵ects of charge current and depth of discharge are in the

top 3 significant stress factors for the capacity fade in Li-ion batteries, which was

previously not commonly accepted knowledge in the battery literature.

Secondly, in this thesis, EC degradation at extreme temperatures is investigated

due to a lack of studies addressing EC cell operation outside manufacturer specified

temperature operating envelope. This is critical for EC operation in extreme envi-

ronments such as drilling where temperatures can reach up to 200 °C. The research
first develops a design of experiment approach to generate data for EC degradation

under high-temperature conditions ranging from 80°C to 200 °C. The obtained data

is then used as input to a Gaussian process algorithm that estimates cell degrada-

tion in pre-specified temperature conditions with a mean absolute per cent error of

1.47%.

Finally, the thesis addresses the problem of state of health estimation of Li-ion

battery cells. State of health is a variable that characterises the condition of an

energy storage device throughout its lifetime and is typically measured as capac-

ity fade or resistance increases. SOH estimation is critical to recognise a sudden



degradation of a battery cell and greatly a↵ects battery state of charge (SOC) cal-

culation. Therefore, the research proposes a battery chemistry and design agnostic

machine learning pipeline. The method uses Li-ion battery charge curves as in-

put and estimates degradation measured as capacity. This eliminates the need for

time-consuming and computationally expensive physics of failure and electrochem-

ical models traditionally used for SOH estimation purposes. The pipeline operates

by passing incoming data streams through a hierarchical sequence of processing

steps to fuse them into a model. Each step of the pipeline has the goal of elim-

inating or minimising the typical disadvantages plaguing machine learning-based

algorithms to date. Namely, the pipeline engineers feature by summarising each

incoming charge curve data stream to one single value, thus becoming robust to

di↵erent data captures. In the case of limited training data, the pipeline introduces

adversarial examples, minimising overfitting. Additionally, the pipeline also asso-

ciates a confidence interval with each SOH estimation and re-calibrates the models.

Results indicated that when deployed on Li-ion batteries subjected to a fast-charge

protocol, the pipeline achieved a mean absolute percent error of 0.45%.

Overall, the research in this thesis highlights the promise of combining machine

learning models with a design of experiment-based data generation phase for a bet-

ter understating of degradation of complex dynamic electrochemical systems such

as lithium-ion battery and electrochemical capacitors. Furthermore, the proposed

methodology accurately estimates state of health of complex non-linear systems and

has the capability to scale to other energy storage devices in the future.
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Chapter 1

Introduction

The ever-growing complexity of systems requires a shift in asset monitoring and

maintenance strategies. Big data analytics is a term that has recently surfaced in

the context of asset maintenance, and aims to take advantage of historical data and

data gathered through in-situ sensory capabilities to provide key actionable infor-

mation for operational management, planning, life-cycle extension strategies, and

even inform design of next generation of critical infrastructure and systems. One

such critical infrastructure is the electricity infrastructure which is key to the econ-

omy and society. In parallel, to address the long-term trends in climate change and

air pollution, and achieve the decarbonisation goals set in the 2015 Paris Agree-

ment [7], we require an increase in renewable energy utilisation, which is vital in

the decarbonisation of transport and other critical energy services. However, due

to the inherent intermittent electricity generation of solar and wind, energy storage

technologies play a crucial role in capturing excess energy and delivering it to the

grid during periods of demand. Energy storage technology not only helps with the

integration of renewable energy into the electricity grid but also provides energy ser-

vices to consumer electronics, robotics, high value engineering systems e.g. space,

drilling, as well as propulsion solutions in transport. Although the share of renew-

able energy usage is growing at a faster rate than ever [8], their intermittent nature

is increasingly reliant on storage technology. Storage technology (Li-ion batteries,

electrochemical capacitors) adoption in numerous markets is highly dependant on

decreasing battery costs and improving energy and power density, all whilst main-

taining a safe long cycle-life (refer to Figure 1.1 for dominant factors driving energy

storage technology development for the energy, automotive, consumer electronics

and many other industries).

The bottleneck to renewable energy integration at a large scale into the electricity

grid or the wide-spread adoption of EVs is the battery technology which is currently

too expensive and has a limited lifetime. A key enabler technology that can predict

1
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Figure 1.1: The five important metrics for a Li-ion battery cell performance.

degradation trend, estimate remaining useful life and unlock life-extension strate-

gies is prognostics and health management (PHM). PHM approaches use physics

of failure driven or data-driven modeling approaches for asset state of health and

reaming useful life prediction by assessing the degradation or deviation of a system

from a benchmarked healthy system state. s

No matter the application energy storage devices degrade due to operating con-

ditions, and therefore a long cycle life is required irrespective of the cell energy

density or price. Whilst, researchers built cells with as high energy density, on the

order of 900 Wh/l�1 [9], there is no research to date that indicates that this has been

down without compromising cycle life i.e. the cell can survive 2000 cycles at room

temperature. Depending on the cell chemistry and design, researchers suggest that

the o↵-the-shelf batteries typically used in an EV battery pack can last anywhere

between 200 to 1800 cycles depending on the charging protocol, temperature during

use and discharge current [10]. It is therefore critical to (1) understand which op-

erational factors (current, temperature, depth of discharge) a↵ect the degradation

of energy cells most, (2) estimate the cell state of health condition at any point in

its life-cycle and (3) model the degradation of energy storage cells. This in turn

facilitates a robust battery management system (BMS) as well as cell life extension

optimisation strategies. The BMS’ function is to ensure the safety of the battery

cell by preventing over-charge/over-discharge and optimise the use of the energy

inside the battery [11]. More concretely, this is achieved by estimating cell state

of charge (SOC) and state of health (SOH) based on voltage and current sensor

measurements. Both SOC and SOH depend on each-other and greatly influence the

battery performance, and in turn the operation of the battery-powered device. The

battery SOH parameter can further be used to determine the battery’s expected

lifetime or remaining useful life (RUL). RUL prediction is of particular importance

for battery powered-devices, EVs or stationary storage as it directly influences the

maintenance and life extension strategies of the assets. Prognostics and health man-

agement (PHM) is a relatively new field that aims to address challenges in SOH and

2



Chapter 1: Introduction

RUL estimation of energy storage devices through predictions that feed into health

management strategies. This thesis focuses first on understanding the degradation of

Li-ion batteries and electrochemical capacitors (EC) by using data-driven methods

for ranking stress factors a↵ecting degradation and modelling the degradation with

temperature. Secondly, the thesis focuses on the development of advanced machine

learning algorithm based models for state of health estimation of Li-ion batteries

incorporating inherent algorithm assessment of uncertainty potentially introduced

thorough sensor measurement.

1.1 Motivation

Global society depends on the resilience, reliability and safety of critical systems

and infrastructure delivering food and water, energy, transportation and healthcare.

The growing complexity of such systems requires a shift in asset monitoring and

maintenance strategies. Therefore, there is a an ever-growing need to use the gen-

erated data to support decision making, develop asset life-extension strategies, and

even inform design of next generation systems or infrastructure. Given the impor-

tance of energy storage technology to the electrification of energy and transport

sectors as outlined in the above introductory section, this thesis focuses on the de-

velopment of data-driven prognostics algorithms to better understand degradation

and predict state of health for two key technologies namely Lithium-ion batteries

and electrochemical capacitors. Lithium-ion batteries and electrochemical capaci-

tors are both electrochemical storage devices that consist of two electrodes (anode,

cathode), a non-conductive separator and an electrochemically insulated electrolyte

as later described in Chapter 3.1. Given their construction and material selection,

the cells degrade with time due to a complex degradation mechanism[12], [13]. An

understating of storage cell degradation enables improved control and prediction of

the state of health (SOH) of the battery packs. To realise an accurate prediction of

SOH, models must use as inputs the relevant stress factors responsible for the degra-

dation of the battery cell. Failure to include critical stress-inducing variables in a

model could result in erroneous predictions in the field due to the model inability to

adapt to the dynamic conditions often encountered by the battery-powered device.

Degradation models thus directly inform battery management system (BMS) engi-

neers which parameters to monitor and use as precursors to degradation. Battery

management system functions such as state-of-charge (SOC) and state of health

(SOH) are crucial to a safe and reliable operation of a battery pack on board an EV.

Accurate SOH is the prerequisite for accurate SOC estimation and remaining useful

life (RUL) prediction. An inaccurate SOC results in the misuse of available battery

3



Chapter 1: Introduction

power, ultimately leading to the erroneous calculation of available driving range on

a single charge. Similarly, without knowing the condition of the battery SOH with

a high degree of accuracy, the RUL algorithm predictions will diverge from the real

values over time. For an EV, this directly translates to an inability to accurately

predict a reduction in vehicle range with age. Since the accurate calculation of SOC

and SOH is based on measured current, voltage, and temperature, the normal oper-

ation of current, voltage, and temperature sensors is of great importance to protect

batteries from running outside their safe operating area as well as extending their

cycle life. Unfortunately, sensor errors occur in practice, which in severe cases could

result in the BMS shutting down power. To avoid such scenarios engineers add

redundant sensors and/or over-design the cell to account for such uncertainties. An

over-designed cell adds weight (decreases the energy density Wh/kg) and increases

costs ($/kWh).

In summary, developing a novel technique for a better understating of cell degra-

dation provides engineers with an informed decision on which stress parameters

accelerate degradation and which parameters to monitor when designing a BMS,

ultimately extending cell life whilst accelerating development. Additionally, since

SOH influences both battery SOC and RUL calculations, novel SOH algorithms must

be accurate, energy-e�cient and able to capture uncertainty. Thus, SOH estimation

has a cascade e↵ect on the operation of a battery cell and is required by all battery

management systems. Better SOH methods can thus (1) influence battery opera-

tion by minimising over-charging, over-discharging and thus extend battery lifetime

and (2) minimise battery over-design, consequently reducing two key energy cell

parameters, weight and cost.

1.2 Contributions

1.2.1 Data-driven prognostics

In situations when the complexity of electro-mechanical and electrochemical sys-

tems exceeds the capabilities of modern physics of failure models, engineers have

turned to data analytics to better understand degradation and make maintenance

predictions based on tests or operation data. Modelling of non-linear systems such as

printed circuit boards (PCBs), Lithium-ion batteries or electrochemical capacitors is

a prohibitively time-consuming process that requires detailed material specifications,

design and operational condition. To cut costs, improve the generalisation ability

of the model from one manufacturer to another and eliminate the need for physics-

based models, this research proposes a novel methodology by learning models from

data using machine learning algorithms. This research highlights the advantages

4
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of data-driven models for predictive maintenance of PCBs on-board drilling equip-

ment operating in high temperature, high vibration environments. The data-driven

model is thus learned from drill string equipment real operational data acquired

during drilling operations. The proposed method is used for predictive analytics

and maintenance decision making based on the model output consisting of a pre-

dictive score. The models thus identify the need for maintenance by computing the

probability of failure of the PCB.

The contributions of this research include:

1. Review and identification of key failure mechanisms and modes of printed

circuit boards

2. Data-driven failure mode agnostics machine learning pipeline for prediction of

electronics onboard drilling equipment

3. Machine learning pipeline ability to predict the probability of failure in a wide

range of operational conditions and on multiple drill string units

4. Proposed methodology can be used for decision making due to machine learn-

ing pipeline ability to quantify uncertainty by assigning a probability of im-

pending failures for each drill string

1.2.2 Stress factor ranking

Whilst temperature is widely adopted as the dominant stress factor for Li-ion battery

degradation, there has been no study to date that confirms this is the case for Li-

ion based cells of di↵erent chemistries or di↵erent manufacturers. Moreover, the

novelty of the research is further supported by an investigation of the interaction

e↵ects between all five battery stressors (temperature, discharge and charge C-rate,

charge cut-o↵ current and depth of discharge) on the degradation rate (capacity

fade) of a total of 96 Li-ion battery cells from two di↵erent manufacturers. The

innovation of this research lies in creating ranking criteria of all five operational

factors (temperature, discharge and charge C-rate, charge cut-o↵ current and depth

of discharge) and their two-way interaction using statistical inference and machine

learning algorithms adapted to battery accelerated cycling.

The major contributions can be summarized as follows:

1. While the literature covers Li-ion battery experimental studies with multiple

operational stress factors, none of them considered all five practical cycling

factors together in a single experiment. Given the lack of such studies no

research address the correlated e↵ect of these stress factors and therefore this

is the first research that investigates the statistical significance of stress factors

main and interaction e↵ects on the battery capacity fade.

2. First work to demonstrate the application of machine learning to ranking the

5



Chapter 1: Introduction

battery stress factors and their two-way interactions.

3. Results show, for the first time, that charge cut-o↵ current during the constant

voltage charging phase, a relevant parameter during battery charging which

has not been given due attention in the battery literature, is more statistically

significant for battery degradation compared to the charge current used during

the constant current charging phase.

4. The results, for the first time, provide statistical evidence that neither the

main e↵ects nor the two-way interaction e↵ects of charge current and depth

of discharge rank in the top 3 significant stress factors for the capacity fade in

Li-ion batteries, which is not a commonly accepted knowledge in the battery

community.

1.2.3 Electrochemical capacitor degradation modelling

Electrochemical capacitors (ECs) are widely used as an alternative power source to

batteries in high power applications such as power tools, electrical vehicles or even

consumer electronics due to their high energy density and long cycle life. Despite EC

wide adoption, their degradation at high temperature is poorly understood, partic-

ularly when they are operated outside the design temperature operating envelope.

It is important that, when used in safety-critical applications, the EC’s degrada-

tion at high temperature is very well understood due to safety concerns and high

costs incurred given a potential failure in the field. Traditionally, an EC capacitor

is modelled via a parametric model also referred to as an equivalent circuit model,

however detailed materials and design specifications are required for building such

models. Specifications are hard to find and often deliberately omitted by EC manu-

facturing companies due to IP concerns. As a solution to this problem, this research

proposes a machine learning model capable of estimating degradation of EC cell

based on 4 inputs: cycle number, temperature, end of charge voltage and nominal

capacity. The model is deployed on test data from two manufacturers with di↵erent

charge/discharge conditions.

The contribution of this research include:

1. An understating of electrochemical capacitor degradation at high temperatures

when operated outside manufacturer specified temperature operating envelope.

2. A single machine learning model capable of predicting EC degradation trend

irrespective of operational temperature eliminating the need for a predeter-

mined parametric EC degradation model by simply using temperature, nomi-

nal capacitance and end-of discharge voltage as inputs

3. Machine learning model ability to quantify uncertainty in its prediction and

its ability to recalibrated results in a robust uncertainty estimation.

6



Chapter 1: Introduction

1.2.4 Li-ion battery state of health estimation

Energy storage cells, including Li-ion batteries and electrochemical capacitors, de-

grade with time by exhibiting a loss in capacity, or capacitance and an increase in

internal resistance. In the case of an EV battery, the decrease in battery capacity

results in a shorter driving range. To ensure an accurate state of charge (SOC) the

irreversible chemical changes that take place must be an accurate measurement or

inferred from data to determine the current battery health. This problem is often

referred to in literature or industry as battery state of health (SOH) estimation.

Traditional methods estimate battery SOH by measuring battery capacity using

a full charge/discharge cycle or by electrochemical impedance spectroscopy (EIS).

This either takes far too much time e.g. for a 1Ah battery a full charge-discharge

cycle at a current value of 1A (1 C-rate) takes approximately 2.5h depending on

the charging protocol, or, in the case of EIS, specialised equipment is required and

the measurement must be done o✏ine. Both methods are thus infeasible for EV

applications. As an alternative researchers began modelling cells using electrochem-

istry theory. This technique entails detailed material information of all battery

components (anode, cathode and electrolyte) and requires solving a complex par-

tial di↵erential equation. The computational complexity of electrochemical models

is thus the major obstacles to real-time SOH estimation. To overcome such issues

engineers today use a simplified equivalent circuit model (ECMs), however, ECMs

require initial EIS measurements and lack accuracy despite being computationally

e�cient. The biggest downside to the two modelling techniques, however, is the

inability to generalise from one cell chemistry cell to another. This in turn forces

engineers to build models from scratch whenever new cell chemistry is used within

a battery-powered product.

The research proposed here develops a general data-driven approach for battery

SOH estimation. The machine learning approach is validated on a varied test dataset

(179 cells with over 90 di↵erent operating conditions). The research shows unrivalled

generalisation ability, irrespective of battery specific design, chemistry and operating

conditions (temperature, discharge and charge C-rates). The research explores two

new algorithms (Bayesian ridge regression and deep ensemble learning) that have

not been considered before for battery health estimation. A thorough comparison

to more traditional ML algorithms (random forest and Gaussian process regression)

is also performed, providing a detailed experimental analysis of 4 di↵erent machine

learning algorithms. Also, within the context of battery SOH estimation, this is the

first research to measure associate uncertainty comprehensively (using 5 di↵erent

metrics) and discuss its implications from an engineering application point of view.

The overall impact of this research is:
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1. An engineered set of features capable of describing the intrinsic battery degra-

dation

2. Accurately predicting degradation beyond the 80% conventional end of life

(EOL)

3. Accurate health estimation beyond the occurrence of the ”knee” drop

4. Reduction of diagnostics time to approx 15 min by training on sections of

charge curves

5. Health estimation at various reference discharge current values (discharge C-

rates)

6. Accurate health estimation irrespective of discharge conditions

7. Ability to quickly and e�ciently scale to the intended application for online

deployment.

1.3 Overview of the Thesis

The remainder of the thesis is structured as follows.

Chapter 2 presents the field of prognostics and health management (PHM), intro-

duces the key modelling techniques and criteria on selecting the best model for the

intended application and puts forward the adopted PHM data-driven approach by

showcasing its advantage with the aid of a case study. The case study discusses a

machine learning predictive maintenance model for printed circuit boards based on

data acquired at fleet level.

Chapter 3 discusses storage technology and dives into a detailed construction of

Lithium-ion batteries and electrochemical capacitors.

Chapter 4 introduces a taxonomy of prognostics and health management tech-

niques for the state of health estimation and remaining useful life for energy storage

devices.

Chapter 5 introduces the design of experiments and details on the life-cyle test rig

and investigates the obtained degradation curves.

Chapter 6 proposes novel methods for ranking stress factors a↵ecting lithium-

ion battery degradation and develops a new method for predicting the degradation

of electrochemical capacitor cells. Experimental validations of random forest and

Gaussian process regression are thus undertaken for stress factor ranking and degra-

dation estimation respectively.

Chapter 7 discusses the Li-ion battery state of health estimation (SOH) prob-

lem addressing the generalisation issues across multiple cell designs. The proposed

method includes a hierarchical step-based method, named battery health and un-

certainly management pipeline (BHUMP). The analysis includes a comparison of
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four algorithms deployed on a total of 179 battery cells. To demonstrate the ef-

fectiveness of the approach and showcase the generalisation ability of the proposed

method three datasets are considered consisting of a total of 79 di↵erent operating

conditions, 3 cell designs and 3 charge profiles.

The thesis concludes with Chapter 8 where contributions are summarised and

future research directions are also provided.
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Prognostics and Health

Management

Prognostics and Health Management (PHM) is a relatively new emerging field that

aims to predict catastrophic failures ahead of time during system operation based

on incoming data gathered through in-situ sensory capabilities. In this context

front-end or back-end data analysis gathered through in-situ sensory capabilities for

asset state of health (SOH) and remaining useful life (RUL) estimation purposes,

is performed using various methods such as statistics and reliability engineering,

physics of failure models, mathematical models, or machine learning algorithms.

The prognostics model is the enabler technology that facilitates the asset health

management decision making process. Health management systems are programs

that respond in a preemptive and opportunistic manner to the anticipation of failure

[14]. The field of prognostics sits at the intersection of statistics, computer science

and engineering, Figure 2.1. It relies on recent advances in artificial intelligence (AI)

algorithms and hardware miniaturisation, sensor design, microprocessor compute

power ( measured as floating-point operations per second or FLOPS) and storage

capabilities. Microprocessors today can carry out 4 FLOPS per clock cycle, thus a

single core 3 G-Hz processor can carry out 12 G-FLOPS [15]. Perhaps the biggest

breakthrough in AI is the advent of the graphics processor unit (GPU). GPUs have

thousands of small CPU cores in parallel computations. An Nvidia GeForce 780 Ti

GPU board can perform in excess of 5300 G-FLOPS [16], that is more than 530

times the processing power of a single core CPU. The increased computing power

and the invention of cloud computing together with harsh economical climate in

numerous industries have generated interests in processing the vast data gathered

through historical records, sensor arrays or testing. By taking advantage of the

recent advantage, the field of prognostics promises to bring benefits in maintenance,

planning and safety by making predictions based on available data [1].
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Figure 2.1: Reliance of prognostics on other domains.

The chapter continues with a summary of available prognostics methods in Sec-

tion 2.1. It then continues with Section 2.2 where a summary of health manage-

ment in prognostics is presented and introduces various metrics for performance

evaluation and uncertainty quantification of algorithms. The introduced metrics are

specifically tailored to the problem of state of health estimation, however they can

be used in other domains. Section 2.3 continues with a detailed approach on how

to select a prognostics model based on available data and concludes with a case

study of predictive analytics motivating the need for a component-centric approach

to prognostics.

2.1 Prognostics

In engineering, prognostics is regarded as a model-based scientific approach to de-

termine a system’s health and predict its time to failure. In essence, the principal

purpose of the prognostics model is to detect anomalous behaviour of a system from

a healthy baseline state [14] and predict its remaining useful life. Prognostics has

been defined in the IEEE standard for PHM [17] as ”an approach to protect the

integrity of equipment and avoid unanticipated operational problems leading to mis-

sion performance deficiencies, degradation, and adverse e↵ects on mission safety”.

As a consequence, prognostics must incorporate both the state estimation phase (di-

agnostics) and the degradation prediction phase. State estimation is defined as the
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process of determining current system health characteristics such as the capacity

fade of a Lithium-ion cell. Whereas, the degradation prediction phase is charac-

terised as the estimated time to the end of life of a component, subsystem or system

under some operating condition stimuli or input – e.g. predicting degradation trend

of an electrochemical capacitor cell as a function of time or no. of cycles. Thus, in

general, the task of prognostics is to estimate the future state of the system (output)

based on a series of monitored parameters (inputs) – A typical PHM architecture

applied to energy storage cells is outlined in Figure 2.2.

Cell

Temperature

Charge C-rate

Discharge C-rate

... etc.

Operating
environment

Sensor outputs

Voltage
Current
Temperature

State of Health
estimation

Degradation
prediction

Decision making
Prognostics

Figure 2.2: Prognostics and health management architecture applied to energy stor-
age cells.

There is a paradigm in dividing the field of prognostics into statistical-based,

mathematical or physics-based and data-based models for making predictions [18].

Estimating from input to output can be done by modelling from first principles,

captured with life distributions or learned from data. In practice a prognostics

architecture can rely on an individual method or a combination of two or more

methods, typically referred to as a hybrid model. The selection of the model to be

used for prognostics depends on available data, available models and system physical

knowledge. It is a common misconception that physics-based prognostics does not

require data, in fact, all prognostics methods require data, be it for parameters

estimation in the case of the physics of failure (PoF) based model, or learning the

model from data with machine learning techniques [5]. PHM methods have been

widely used across numerous industries on machinery, electronics, avionic systems

and vehicles with great success, however, challenges still endure. Table 2.1 aims at

summarising the various approaches for making predictions in prognostics.

It should be recognised that in Table 2.1 the prediction result varies depending

on the method used, this implies that a prediction has multiple interpretations and

is based on various data sources which in turn implies that predictions need to be

further analyses for suitability. A prognostics architecture must thus be designed

for a particular application. Therefore, there is no standard method for making
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Prediction
method

Modelling ap-
proach

Data type re-
quirement

Prediction
result

Prediction
horizon

Application
level

Reliability
based

Population based
statistics (failure
distribution)

Population experi-
mental data / his-
torical usage data

Mean life ap-
proximation,
mean time be-
tween failures
(MTBF)

Not applicable Component,
sub-system,
system or fleet
level

Predictive
data ana-
lytics

Data model (ma-
chine learning,
data mining)
for trendabil-
ity or pattern
recognition, pat-
tern matching
(anomaly detec-
tion)

Big dataset from
multiple units un-
der various load-
ing conditions.
Non-homogenous
and unstructured
data can be used
- must include
baseline healthy
data and failure
data

Predictive
score or prob-
ability of
failure

Not applicable Component,
sub-system,
system level or
fleet level

Prognostics
(PoF,
Data,
Hybrid)

1st stage: state of
health model
2nd stage: degra-
dation model for
prediction of RUL

High frequency
sensory data,
loading history
data - must
include health
baseline and run
to failure data

SOH, RUL Short-term
health estima-
tion, long range
prediction

Component
specific, can
be applied to
sub-system

Table 2.1: Summary of prediction methods used in PHM. Table adopted from [18].
Note: SOH: state of health, RUL: remaining useful life

predictions. Three di↵erent methods used in prognostics are summarised in Table

2.1.

Reliability-based methods rely on a statistical analysis of large population data

obtained through experimental work such as accelerated life-cycle tests or historical

failure data from field operation [1], [18], [14]. In a strict sense, these methods

are not considered prognostics [18] and will not be regarded as prognostics in the

present review, however a summary of available methods together with reasoning as

to why these methods are not considered prognostics will be provided further in the

chapter.

The damage accumulation model is a mathematical representation of the grad-

ual reduction in the remaining useful life of a component or system. Despite the

word ”accumulation” the model represents the ageing trend i.e. counting down the

life of the component or system. Damage accumulation models are empirically de-

rived from experimental data and are also known under the name life models or

health index models. Predictions using this method are more accurate than the

reliability-based method for individual components, however, in practice, the esti-

mated RUL would fluctuate over time due to changes in the operational conditions

(loads) and thus revealing the weaknesses of such models, unless the dynamic factors

are mitigated for in the model development.

A considerable decrease in the price of sensory technology at both the design

and implementation level has allowed for growing volumes of monitoring data to

be collected at various stages of an asset’s life cycle. This, in turn, allowed for the
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use of data, statistical algorithms and machine learning techniques to identify the

likelihood of future outcomes based on such historical collected data. The analysis

has been termed predictive analytics [18] and it has surfaced in the context of big

data analysis. Predictive analytics cannot be considered prognostics RUL method

due to its inability to calculate time to failure, instead, it can only assign a predic-

tive maintenance score [18] or a probability [1]. Predictive analytics relies on trends

observed in multidimensional space. The approach is mainly based on data-driven

techniques such as machine learning, pattern recognition and data mining and can

be used in real-life scenarios where a physics-based degradation e↵ect is di�cult to

model. Under certain assumptions, however, and in combination with mathematical

models this method can also be used for prognostics, this will subsequently be ex-

plained in the data-based methods chapter, namely in Section 2.3.1 and Chapter 3.3.

The ultimate goal of prognostic systems is the accurate prediction of the remaining

useful life of an individual component, sub-system or system based on past, current

and future (predicted load profile) usage. Prognostics utilises a degradation model

that predicts the future states based on the physics of failure models when data is

limited or it can be learned from run-to-failure data when such data is abundant.

The next section discusses the importance of decision making for asset health

management and motivates the introduction of health management tailored met-

rics. Whilst, Section 2.3.3 discusses the need for a component-centric approach to

prognostics and health management by showcasing the advantages and weaknesses

of predictive analytics by means of a case study namely, predictive maintenance of

electronics on-board drilling equipment.

2.2 Health Management

For decision making purposes, the prognostics model performance and its ability to

estimate intrinsic model uncertainty must be carefully analysed during its design

stage based on intended application. The selection of performance metric must be

defined in line with the system goal. For example, a drone remaining run-time

must be accurately predicted in the short-term with a high degree of certainty to

complete its mission, whilst for a drilling equipment the optimisation of maintenance

strategies on the long-term are more important as repair onsite is rarely carried

out, rather a backup equipment is kept on standby. Therefore a di↵erent asset

health management strategy is adopted based on industry. In this context, capturing

algorithm uncertainty is critical for determining the best course of action given the

predicted SOH or RUL value. The present section introduces rigorous performance

evaluation metrics from both an error evaluation perspective, as well as uncertainty
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quantification.

2.2.1 Performance evaluation

Irrespective of the modelling approach adopted, PoF based or ML based, the goal of

the prognostics model is to provide accurate SOH estimation and early warnings of

the component failure through the prediction of RUL. From a regression accuracy

point of view, the performance of the SOH algorithms is estimated based on mean

absolute percentage error (MAPE) eq 2.1 and root-mean-squared percentage error

(RMSPE) as per eq. 2.2.
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The two metrics, MAPE and RMSPE are chosen here due to their ability to mea-

sure normalised error, this results measuring algorithm performance across multiple

cell designs and chemistries.

2.2.2 Uncertainty quantification

An important criteria for the implementation of SOH and RUL machine learning

models in engineering is the availability of large number of run-to-failure data, par-

ticularly when the models are deployed in the field. Given the lack of operational

data, researchers have turned to developing SOH and RUL estimation algorithms on

the readily available laboratory data obtained via accelerated lifecycle testing. This

results in a drop in model performance when deployed in the field, where loading

conditions change rapidly. As a result, it is important to evaluate the performance of

state of health estimation algorithms from an uncertainty quantification perspective

by first developing adequate metrics followed by a re-calibration of the models.

There are several sources of uncertainty that a↵ect the state of health estimation

of the algorithm stemmed from di↵erences in cell design, stochastic operating con-

ditions and complex failure mode mechanisms. This presents significant challenge

for the design of a suitably robust cell capacity fade estimation method. Therefor

methods for reasoning under uncertainty must be a key building block for machine

learning systems. In a regression setting, we obtain probabilistic forecasts using

Bayesian-based machine learning algorithm through estimating a mean, µ and a

variance, �2. The resultant probabilistic forecaster FN(xn) has an output in the
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form of a Gaussian distribution N (µ(xn), �2(xn)). Although, obtaining a probabilis-

tic output is a relatively well-established practice in machine learning, the model’s

confidence in its prediction is often overlooked [18]. A machine learning model

can be over-confident in its prediction (predicted variance is too narrow around

the predicted mean when test data does not belong to the training distribution) or

under-confident (predicted variance is too wide when test data belongs to the train-

ing distribution). To obtain trustworthy predictions, particularly in safety-critical

applications calibration of uncertainty prediction for regression must be performed.

A typical model used for recalibration in classification settings is isotonic regression

[19]. Whilst well established for classification problems, recalibration of regressors

is an understudied topic in literature [20] and only a hand-full of researchers tackle

this problem in the context of engineering systems.

Figure 2.3: ↵-accuracy zone and � probability mass illustration.

A model is deemed to be calibrated when for example 90% of the true label

values fall in a 90% confidence interval (CI). The confidence interval is calculated

based on eq. 2.3:

CI = µ± z� (2.3)

where µ is the predicted mean, � is the predicted standard deviation and z is

the z-score.

For this work considered the 95% confidence interval captured in eq. 2.3 as a

calibration score using the formula in eq. 5.10.
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Furthermore, the predictive uncertainty for decision making is also evaluated

by reliability diagnostics curves [21]. Based on the reliability curve assessment,

re-calibration can be perform. Each predicted confidence interval is divided into m

confidence levels that are monotonically increasing on the interval [0, 1] i.e. 0 < p1 <

p2 < ... < pm < 1. The true label frequency in each confidence interval (empirical

probability) is computed using the formula:

p̂j =
|yn|Fn(yn)  pj, n = 1, ..., N |

N
(2.5)

To visualise calibration curves, see Figure 2.3 for a typical illustration of a re-

liability curve, one must plot (pj, p̂y). Calibration error, denoted here by Cerror is

used as a numerical score to describe the quality of the calibration based on eq.

2.6 and sharpness (Sh) to describe average standard deviation based on eq. 2.10.

Sharpness, in a regression setting, indicates weather the confidence interval should is

tight around the predicted mean value. For a complete description of the calibration

method, refer to [21].

Cerror =
mX

j=1

(pj � p̂j)
2 (2.6)

Sh =
1

N

NX

i=1

std(Fn) (2.7)

For example if a 90% prediction interval contains only 60% of test observations

means the empirical variance underestimates the true predictive uncertainty - see

ideal calibration line in Figure 2.3.

Since, machine learning algorithms used for engineering applications must un-

dergo rigorous uncertainty quantification checks prior to deployment in the field [22]

this work introduces three key metrics for uncertainty assessment, ↵-accuracy, �

score and PEP error. The ↵ coe�cient (see Figure 2.4) is calculated as a percent-

age error from the true label. Therefore, the ↵-accuracy is further calculated as

percentage of true labels residing in the accuracy zone - see equation 2.8.
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Further, the average probability mass of the prediction PDF within the ↵ bounds,

called � (refer to Figure 2.4), is introduced. Ideally, � is as close to 1 as possible - see

17



Chapter 2: Prognostics and Health Management

Figure 2.4: ↵-accuracy zone and � probability mass illustration.

equation 2.9. A value close to one indicates that the predicted confidence interval

encapsulates the entire ↵-accuracy zone.
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Since ↵ summarises the notion of the desired accuracy, ↵+ is the upper bound for

estimates above the accuracy zone, and ↵
� represents low estimates, the work further

introduces the percentage of early predictions, or PEP. the PEP or percentage of

estimate below the ↵� is used here as a measure of algorithm uncertainty in critical

application scenarios.
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The above proposed metrics for uncertainty quantification, despite being de-

signed for assessment of algorithm prediction in engineering systems, are applicable

to other domains where a regressor is employed for the prediction task. The metrics

are adopted in chapters below for battery state of health assessment.

2.3 Selecting a prognostics model

Previous sections presented an overview of available methods in prognostics, intro-

ducing traditional methodologies based on physics of failure and modern state of
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the art machine learning based methods. Generally speaking the machine learning

method is regarded as ”black box”, i.e. algorithms have no intrinsic knowledge of the

physics of failure or failure modes, despite being deployed for degradation prediction

at booth component and system level [18], [23]. On the other hand, as indicated in

the above literature review section, the physics based model approach has generally

been used at component level only, where failure mode mechanism and degradation

states are well understood [24], [25] Note, for the purposes of this analysis we refer

to hybrid models when a combination of a PoF model and a ML model is used in

symbiosis for the estimation of SOH or RUL of a component, e.g. in [26] authors

use an equivalent circuit model to model a Li-ion cell and use a NN algorithm to

capture changes in parameters with degradation to ultimately predict RUL.

In practice, prognostic models predict SOH or RUL by measuring varying pa-

rameters that are both directly and indirectly linked to the degradation of the com-

ponent or system. This implies that the approach must be selected in line with the

available data, yet this is hardly the case in practice. Despite numerous methods

being developed for battery and supercapcitor SOH and RUL prediction [27] - [28],

criteria on how to select, evaluate and compare algorithm performance has not yet

matured [18].

This section aims at discussing the assumptions behind model selection and

emphasises on the need for scalable models, not only when moving from lab to

operational data, but also from one manufacture to another. The three main ap-

proaches, PoF models [29], [30], machine learning [31], [32] and hybrid approaches

[26], [33] are analysed based on a developed evaluation matrix that assigns scores

to each of the models on criteria such as data requirements, performance and the

ability of model generalisation on multiple assets or components. The proposed crit-

ical categorisation for model selection purposes consists of an assessment based on

three ground parameters: applicability, performance and data requirements. Each

of the three criteria are assigned a weight with a value on the interval [1, 5]. The

lower bound of the interval represent a low correlation, whereas the higher end of

the interval represents a high correlation to the proposed criteria. The criteria of

assessment is further split into sub-criteria adjectives. The scores of each criteria has

been assigned based on author’s interpretation of the literature reviewed in previous

sections. The assigned weights are described in Tables 2.2, 2.3, 2.4 together with

the sub-criteria for each of the principal criteria element considered.

The first criteria considered in the analysis, Applicability potential considers the

following sub-criteria:

• Generalisation power : ability of the model to adapt to di↵erent operating

environments and intrinsic variability of the component.

• Transparency : ability to provide engineering reasoning behind a prediction
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e.g. a degradation model used in a PoF approach is governed by physics laws

whereas weights of a a neural network are learned based on abstract generated

features.

• FMMEA agnostic: reliance of the model on failure mode mechanism and e↵ect

analysis.

Applicability potential

Method / Criteria Generalisation power Transparency FMMEA agnostic
Model - based (PoF) 1 4 1

ML (Data) 5 2 5
Hybrid 4 3 1

Table 2.2: Criteria for the ability of model generalisation on multiple assets.

The second criteria considered in the analysis, Performance potential considers

the following sub-criteria:

• Accuracy : method ability (low error) to predict desired target variable (SOH,

RUL) in comparison to each other.

• Prognostics horizon: long-term/short-term prediction capability.

• Overfitting : model has a pre-disposition to overfitting training data and pro-

vides no alternative for user to mitigate for such scenarios.

Performance potential

Method / Criteria Accuracy Prognostics horizon Overfitting
Model - based (PoF) 4 2 4

ML (based) 3 4 2
Hybrid 5 5 3

Table 2.3: Performance evaluation criteria.

The third criteria considered in the analysis, Data requirements considers the

following sub-criteria:

• Data quantity : amount of training data required.

• Data monotonicity : dataset must incorporate a clear degradation trend i.e.

model is not able to model degradation in dynamic scenarios.

• condition based monitoring (CBM) data: dataset must include a high number

of components operated under di↵erent conditions for the model to generalise.

Data requirements

Method / Criteria Data quantity Data monotonicity CBM data
Model - based (PoF) 2 5 3

ML (based) 5 1 5
Hybrid 3 3 5

Table 2.4: Evaluation criteria based on data requirements for prognostics.

By averaging the scores of each of the three criteria and representing the average
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value as a sphere centroid, Figures 2.5, 2.6, 2.7 and 2.8 are obtained. Each sphere

radius is calculated as:

r =

Pn
i=1 avgi

nm
(2.11)

where n is number of criteria considered, avgi the average weight for each criteria

and m represents the length of the interval [1,5] containing only N numbers.
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Figure 2.8: Data vs Performance

In [34] a similar assessment has been proposed, however in the current work the

analysis has been extended by including additional criteria for both performance

and adaptability characteristics as well as the addition of a 3rd dimension, data

requirements.

The spheres in Figures 2.5, 2.6, 2.7 and 2.8 indicate that physics-based models

whilst accurate for a niche applications e.g. SEI layer formation or crack propagation

in the battery electrode [30], they lack in generalisation ability i.e. such models have

low Applicability. On the other hand data methods, in this context machine learning

based, have high applicability, achieving a good generalisation over a wide spectrum
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of failure modes and components whilst maintaining a high degree of accuracy.

Machine learning techniques cover a wide range of applications for e.g. a NN can

be applied to both SOH and RUL prediction of both Li-ion batteries [35], [28] and

electrochemical capacitor [27], [36]. In addition, the the possibility of combining

various machine learning methods by making use of ensemble techniques coupled

with ease of application and quick deployment made such methods attractive to

numerous recent research in the prognostics domain [37], [35]. Figure 2.5 illustrates

that all methods require data despite common misconceptions, in particular it is

worth mentioning that PoF models also require extensive test data for parameter

estimation [30] as well as model validation. As expected, hybrid models require

a high amount of training data since they combine two methods, a PoF model

and an algorithm, however ML based methods require the highest amount. This

is partially motivated by the fact that ML based models must capture intrinsic

component degradation in the absence of any PoF modelling or FMMMEA.

In the context of PHM of engineering systems, machine learning models poses

important properties, generally neglected by traditional models. For a start, the

need for a mathematical model of the system is completely eliminated. In turn,

this cascades into eliminating the need to gather specifics about the engineering

system. For a storage devices this implies that machine learning models are agnostics

to electrode and electrolyte chemistry, design, size and manufacturer. Without a

detailed manufacture specification sheet, such properties are typically hard to find

and in some cases impossible to infer or purposely concealed by manufacturers due to

IP protection priorities. A hybrid model, although often regarded as more accurate

with a lower amount of data, still requires a high degree of expertise and is unable

to model environmental factors by using physics of failure alone. In the absence

of specific electrode material compositions, cell design or inability to model cell

dynamics a machine learning based approach is better suited for Li-ion battery or

electrochemical capacitor modelling and such an approach is adopted in the present

work.

2.3.1 Data-driven prognostics case study

To better illustrate the advantages and limitations of a data-driven prognostics ap-

proach this section details a machine learning approach for maintenance decision

making of drilling equipment for oil and gas exploration. Section 2.3.2 discusses the

main components on a printed circuit board (PCB) and summarises their failure

modes. Section 2.3.3 succinctly introduces the machine learning approach to pre-

dictive maintenance of electronic components operated on-board drilling equipment

based on data gathered at fleet level. The section also outlines its limitations and
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puts forward the component-centric approach to prognostics adopted in the present

thesis.

In the context of drilling equipment this case study focuses on a downhole tool as-

sembly for deep drilling, refereed to as the bottom whole assembly (BHA). The BHA

is a complex electro-mechanical system, consisting of numerous sub-assembles (refer

to Figure 2.9 for a typical assembly diagram) performing specific functions such as

steering, formation-measurements, power-supply and communications [1]. As a con-

sequence to the increased demands in reaching remote unconventional hydrocarbon

resources, BHAs have become increasingly complex incorporating a considerable

amount of electronics that achieve di↵erent functions including automation, faster

processing speeds and better control of the tool. Electronics have been identified as

one of the most critical assemblies in numerous systems [14], and are prone to have

an above average failure rate in a BHA assembly [1].

Figure 2.9: BHA drill string architecture - from system to sub-system and compo-
nent level.

2.3.2 Electronic modules failure modes

The structure of PCB single board computer consists of components such as: inte-

grated circuits, chip capacitors, tantalum capacitors, metal-film resistors, inductors,

connectors, crystals, switches, chip operational amplifiers (OPAMPs), PCB board

(including the solder joint, pad, metal interconnects,etc). Each of the sub compo-

nents have their own failure mechanisms. Failures can be functional failures, software

failures or physical failures or a combination of the three [38]. Failure mode mech-

anism and e↵ect analysis (FMMEA) identifies the failure mechanism and potential
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Component Failure mode Failure mechanism Cause

Semiconductor

devices

Open circuit, short cir-
cuit, high impedance,
leakage

Electro-migration(EM) Relative humidity, volt-
age, temperature

Threshold voltage in-
crease, Switch resis-
tance increase

Time-dependent gate
oxide breakdown
(TDDB)

Electrical overstress,
temperature, channel
electric field

Short circuit Hot carrier e↵ect
(HCE)

Gate current increase,
threshold voltage shift

E↵ect of negative bias
temperature instabil-
ity(NBTI)

High temperature,
strong field, negative
gate voltage

Open circuit Chip corrosion Humidity, Electrical
over-stress

Open circuit, burn Chip bonding layer fa-
tigue

Temperature cycling

Wire-Bond Intercon-
nects

Delamination, Crack-
ing

Temperature Cycling,
Vibration, Electrical
Overstress

Capacitor Breakdown/burn Dielectric breakdown Electrical overstress,
temperature

Solder joint Intermittent signal,
open circuit

Thermal fatigue Temperature cycling

Table 2.5: FMMEA of a single board computer as per [38] and [14].

failure sites for a device, product or system. This subsection concentrates on a re-

view of FMMEA applied to a single board computer to identify (1) critical failure

sites or components and (2) describe the failure mechanism. A failure mechanisms is

typically influenced by the relationship between stresses and variables at a potential

failure site. An analysis based on [38] and [39] identified the critical components

on a single board computer as summarised in Table 2.5. The primary reliability

concern for electronics arises from the fact that components use di↵erent packag-

ing materials with varying thermal expansions coe�cients, which causes thermal

mechanical stress in adjacent layers under exposure to temperature cycling. The

reliability performance of both micro-electronics and power electronics is limited by

stress induced failures in the packaging material [40]. Additionally, the failure rate

of electronic components in a drilling environment is known to increase two fold

with every 10°C increase in ambient temperature [41].

Concentrating on Small Outline Integrated Circuit (SOIC) packages as illus-

trated in Figure 2.10 there are di↵erent failure mechanism of power modules, such

as bond wire fatigue, reconstruction of chip metalisation, solder fatigue, fatigue crack

propagation within the ceramic substrate, corrosion of aluminum bond wires and

burn-out failures, which can occur within field operation. It has been determined in

various studies that wire bond fatigue and subsequently cracking of wire heel is one
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Figure 2.10: SOIC 8 package structure

Figure 2.11: Wire-bond lead frame full crack failure

of the most common failure modes and thus it will be investigated in the present

document. Wire bond connections are susceptible to fatigue failure as a result of

various thermo-mechanical damage mechanisms during the component operational

life. Wire bonds form the primary interconnections between an integrated circuit

(IC) and a metal lead frame as depicted in Figure 2.10. Figure 2.10 illustrates the

location of the wire bond failure. Wire bond failure is largely attributed to thermo-

mechanical fatigue [1] and according to Ming et. al. [42] it is caused by shear stress

between the bond pad and wire and the repeated fixture of the wire. These conse-

quently induce vertical heel cracks or horizontal cracks at the bonding interface (see

Figures 2.10 and 2.11).

During the life-cycle of a PCB several failure mechanisms may by activated for

one single component by di↵erent environmental and operational parameters acting

alone or in combination at various stress levels. Although, on average, only a few

operational and environmental parameters and failure mechanisms are responsible

for the major failures [14], due to the high number of components, complexities

involved and associated failure modes it is not feasible to develop degradation models

for failure prediction. Thus, the next section introduces a data-driven failure mode

agnostics machine learning model for predictive maintenance of electronic board

based on data gathered at drill string fleet level.

25



Chapter 2: Prognostics and Health Management

2.3.3 Failure prediction machine learning model

The proposed method in [1] is developed on operational data gathered during a 6

months period that covers 208 drilling missions. The gathered dataset consists of

electronics memory data accumulated over time. The data is then used as input for

two frequentist ensemble methods, random forests and gradient boosting (XGBoost).

The RF and XGBoost are further explained in Chapter 3.3. The two models estimate

the probability of an electronic component failure or no-failure (see Figure 2.12 for

the methodology outline).

Post run data: 
 

- Tool memory data
- Field reports

Field data: 
 
- Surface data
- Telemetary data

BHA dataset

Machine Learning model: 
Random Forest 

XGBoost 

Predictive
Maintenance

Health 
Management

Figure 2.12: BHA predictive maintenance pipeline.

From a machine learning point of view the problem of maintenance decision

making i.e. failure thus replace, or non-failure thus fit for mission, is treated as a

classification problem. Generally speaking the task of learning can be divided into

regression or classification. Despite the division between the two categories, most

machine learning algorithms can be used for both classification and regression, as it

will be illustrated later in Chapter 3.3 for the case of support vector machines when

applied to Lithium-ion battery data. Therefore, the classification deals with discrete

random variables, whereas regression deals with continuous random variables, how-

ever some of the classification algorithms can be used on continuous data for outlier

detection or labelling. Taking the case of an electronic component in a BHA and

considering the health index denoted by 0 = no � failure or 1 = failure the task

of the classifier is to bin a continuous random variable (input vectorial data) into

the appropriate category. Note, despite the fact that the classifier has been trained
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Classfier Accuracy [%] F1 [%]
RF 85 82
XGBoost 90 89

Table 2.6: Results of RF and XGBoost for predicting PCB failure on-board drilling
equipment.

on a continuous random variable, the output is always a discrete variable and hence

it does not matter if the input data (feature space) is continuous or discrete as

long as the classification is done in an discrete space. Due to the flexibility of the

classification algorithms, as briefly discussed before the two algorithms achieve the

results in Table 2.6 based on various data is collected during the drilling mission.

The data contains information regarding the formation, tool health and event logs

as well as an aggregation of memory data and field data (number of attempts and

mission status).

The RFC and XGBoost classifiers are trained in turn on each of the datasets

using a randomized grid search for hyper-parameter selection (see Chapter 3 for the

definition and importance of hyper-parameter training). The RF, being an ensemble

of decision trees, consists of 200 parallel trees with a maximum tree depth of 50.

Trained on the same dataset, the XGBoost classifier uses 100 sequential trees with a

maximum tree depth of 5. For performance evaluation purposes three key classical

metrics in calssicfications are used namely: accuracy (eq. 2.12) and F1 score (eq.

2.13).

Accuracy =
TN + TP

TN + TP + FN + FP
(2.12)

where TN, TP, FN, FP represent true negatives, true positives, false negatives

and false positives.

F1 =
TP

TP + 1/2(FN + FP )
(2.13)

In essence accuracy measures the percentage of correct predictions for both fail-

ure and no-failure as a percentage of total predictions, whilst the F1 score measures

the balance between predicting failure and non-failures. As summarised in Table

2.6, XGBoost achieves an accuracy of 90% as opposed to an accuracy of 85% for

the RF. Whilst the models achieve good results, the proposed methodology has lim-

ited applications beyond predictive maintenance for tasks such as state of health

estimation and remaining useful life prediction. Prognostics at fleet level is limited

by:

1. Increasingly complex electro-mechanical systems

2. Inability to continually monitor each component in the system
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3. A high number of failures modes and degradation paths

4. Poor understating of failure mode mechanism both a component and sub-

system level

The proposed predictive maintenance prognostic model limitations include lack

of detailed: PCB layout, degradation trajectories, failure modes, quantity and qual-

ity of the monitored data, modelling capability at PCB level, and uncertainties in

dynamic operational environment [43]. For this reason any PHM aiming to estimate

SOH or RUL estimation must be developed first at the component level and later

integrated into health management strategies at sub-system or system level.

2.4 Summary

This chapter introduced the field of prognostics and health management (PHM)

and summarised the main methods used in prognostics. It also introduced the no-

tion of health management in engineering and discussed key metrics for analysing

prognostics model confidence for decision making. The chapter also proposed a cri-

teria for selecting the best prognostics method based on available data as well as

intended application. Finally, the chapter concludes with a short case study. The

case study describes the complexities involved in determining failure modes mecha-

nism of printed circuit boards (PCB) and single board computers, and described a

failure modes agnostic machine learning approach to PCB health prediction. Con-

cretely, the case study focuses on predictive maintenance strategies for PCBs on-

board complex drilling equipment. Operational data obtained at fleet level is used

as input two machine learning algorithm, random forest and XGBoost. The best

model achieves an accuracy of 90 % for predicting failures. The case study puts for-

ward the idea of data-driven predictive maintenance at fleet level motivated by the

inability to model the complexity of printed circuit boards. The next chapters focus

on individual component prognostics by first introducing energy storage technology

to date, followed by modelling of degradation and estimation of state of health.
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Prognostics for energy storage

cells

Prognostics of energy storage cells, such as Li-ion batteries and electrochemical ca-

pacitors, is a new field of research that aims to determine cell state of health, predict

cell degradation and ultimately estimate uncertainty associated with the prediction

for decision making purposes. The chapter first introduces the the structure of two

energy storage devices, namely Lithium-ion batteries and electrochemical capaci-

tors. It then continues with Section 4.1 where it summarises available prognostics

models based on physics of failure. Section 4.2 provides a literature review of data-

driven prognostics models and then provides supporting evidence to the adoption of

a machine learning approach for state of health and degradation estimation.

3.1 Energy storage devices

Modern day energy storage devices capture energy in di↵erent ways from electro-

chemical, potential, kinetic, thermal, etc. through systems such as flywheels, capac-

itors, pumped hydro, fuel cells [44]. In the context of energy storage devices, this

thesis focuses on energy storage cells, namely Lithium-ion batteries (Li-ion) and

electrochemical capacitors (supercapacitors). Currently, energy storage cells are be-

ing used in numerous applications ranging from batteries for portable electronics,

electrical vehicles (EV), home storage and industrial applications, to electrochemi-

cal capacitors currently used in high power applications such as electric busses and

trains, power tools and recently, satellite applications. Depending on market and

applications, cell chemistry, design and power - energy density ratio must be se-

lected accordingly. The technological trade-o↵ between energy and power density of

various energy storage devices is illustrated in Figure 3.3.

This chapter introduces the fundamentals of Lithium-ion battery construction
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Figure 3.1: Energy-Power Ragone plot of electrochemical energy storage devices -
adapted from [45].

in Section 3.1 and provides an overview of the available chemistries. It then follows

with Section 3.2 where a short introduction to electrochemical capacitor construction

and concludes with a summary of available electrolytes for electrochemical cells.

3.1.1 Lithium-ion batteries

The fundamental construct of Lithium-ion batteries consists of a sandwich-like con-

figuration where cathode, separator and anode are stacked on top of each other in

several di↵erent form factors such as coin, cylindrical, pouch, and prismatic (com-

prehensive schematics of each battery form factor can be found [46]). The anode

of most commercial cells is carbonaceous material, typically graphite, adhered to a

copper current collector. The cathode, on the other hand, is a layered transition

metal oxide material (LiMO2 with M mostly corresponding to Co or a mixture of Ni,

Co and Mn or Ni, Co and Al, LiMn2O4 or LiFePO4 [46]) adhered to an aluminium

current collector - refer to Figure 3.2.

The working principle of a Lithium-ion battery is based on the fundamental prin-

ciple of lithium ions insertion/extraction that occurs during the charging/discharging

process in the host matrix i.e. the cathode of the cell as depicted in Figure 3.2.

Therefore the charge/discharge process is defined by a transfer of lithium ions

through the electrolyte, typically referred to in the literature as a reduction/oxidation

(or redox) reaction of the anode host material, and a flow of electrons through the

external circuit.

Lithium-ion based batteries were first introduced in consumer electronics by Sony
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Figure 3.2: Lithium ion battery schematic illustrating the charge-discharge process
consisting of Lithium ions (Li+) insertion/deinsertion in both the anode and cathode.

Corporation in 1991 [11] and over the years Li-ion technology adoption extended

to transportation and stationary storage. The latter was traditionally addressed

by lead-acid and NiCd cells, however, such cells use aqueous electrolytes and thus

measuring the battery state of health is challenging. Such cells also have a low

faradaic charge e�ciency that varies with temperature, charge rate and state of

charge, making it di�cult to assess the battery’s state of health [47]. Li-ion batteries

are increasingly adopted throughout various industry settings due to their 100% high

faradaic charge e�ciency, low self-discharge (a particularly advantageous property

for EV long-time parking) and an improved power - energy density ratio (see Figure

3.3). The almost linear relationship between the open-circuit voltage and the cell

SOC also facilitates for the accurate on-board battery management system (BMS)

[11]. Li-ion cell technology incorporates variations in chemistry from layered oxide

cathodes, spinel oxide cathodes to oxide cathodes with polyanions [47], therefore the

BMS must be able to determine battery health and end of life irrespective of cell

chemistry and design.

3.1.2 Electrochemical capacitors

The double-layer electrochemical capacitors (EC), although sharing a similar man-

ufacturing process and construction with Li-ion battery cells, di↵erentiate in the

fact that they store energy non-Faradaic i.e. no chemical reactions (redox or oxida-

tion) take place inside the device to store energy. An EC consists of two electrodes,

typically made out of activated carbon coated on aluminium current collectors, a

separator and an electrolyte - refer to Figure 3.4. During charging the ions inside
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Figure 3.3: Pouch Lithium ion cell construction.

the electrolyte are attracted to each of the electrodes depending on their charge,

where the ions are also stored. The energy is therefore mostly stored on the surface

of the electrodes since the carbon layer is very thin [48] on the order of (approx 30

to 80 µm) [49]. This results in a low energy density when compared to a battery

see Figure 3.3. However, as opposed to a Li-ion battery cell, the EC exhibits a very

high power capability facilitated by the absence of redox/oxidation reactions and

the shallow storage of ions in the porous electrodes.

In the context of electrochemical capacitors, this thesis concentrates on EC with

graphite-based electrodes (activated carbon) that use carbon black as the additive

and a polymer-based binder to provide mechanical stability. The activated carbon

is mixed with the carbon additive to improve electronic conductivity [48].

Given their constructions, electrochemical capacitors also referred to as superca-

pacitors or ultracapacitors, are typically used in high-power high-current where the

energy density is not of high importance e.g. hybrid storage for train applications,

electrical vehicle energy regeneration (regenerative braking), portable electronics

and hybrid stationary energy storage [50]. Irrespective of application and depend-

ing on the electrolyte used the EC operate in di↵erent temperature ranges and at

di↵erent voltage ranges, organic ( 2.5V), aqueous (1-1.23V), or ionic-liquid-based

(up to 4V), and thus undergo di↵erent ageing mechanisms [13]. It is therefore crit-

ical that engineers understand EC degradation irrespective of the electrochemical
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Figure 3.4: Electrochemical double layer capacitor illustrating a charge state con-
sisting of ions (anions and cations) insertion in both the anode and cathode.

capacitor construction particularly in safety-critical applications where estimating

the degradation of a particular cell can improve maintenance schedules, increase

safety and avoid catastrophic events such as cell rupture.

3.2 Physics inspired prognostics modelling
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Figure 3.5: General architecture of physics driven modelling for SOH estimation.

Battery or electrochemical capacitor (EC) modelling is crucial to the safe oper-

ation of the cell irrespective of the application and loading conditions. A battery or

EC model ensures accurate state of charge (SOC) estimation and prediction of the

cell’s current degradation or state of health (SOH), and remaining useful life (RUL),

quantified as time to failure or remaining number of cycles. The two most common
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Ref. Li-ion cell EC cell Model State estimation SOH RUL

ECM CM PF GPF EKF LS UKF

[29], [51] X X X X
[52] X X X X
[53] X X X X X
[54] X X X X
[55] X X X X
[56] X X X X
[57] X X X X X
[58] X X X X

[59],[60], [61] X X X X
[62] X X X
[63] X X X
[30] X X X

Note: ECM - equivalent circuit model, CM - chemical model, PF - particle filter,

EKF - extended Kalman filter, LS - least squares, UKF - unscented Kalman filter.

Table 3.1: Summary of methods for physics inspired prognostics.

physics inspired cell modelling approaches are electrical equivalent models (ECM)

or chemical models (CM) as captured in Table 3.1.

The physics-based methods are build with di↵erent levels of rigour ranging from

a simplified electrical equivalent model to a detailed electrochemical model based

on porous electrode theory, concentrated solution theory and the Butler–Volmer

kinetic equations [25]. Irrespective of the approach adopted, ECM or CM, the

lithium concentration in each electrode cannot be directly measured, and therefore

it must be inferred through a state filter algorithm. As described in Figure 3.5 the

state filter objective is to compare the actual measurement output of the cell under

loading with the output of the model, and estimate the state value by minimising

the error between measured outputs and ECM/CM model predicted output.

�

�

99R

5 5UF

&UF
,

Figure 3.6: First order equivalent circuit model of a Li-ion battery used in literature
for SOC, SOH or RUL.
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An ECM model of a Lithium-ion battery consists of an ohmic resistor (R), an

n number of parallel resistor-capacitor (RC) network (Rrc and Crc) and a voltage

source (Vo). The number n of RC networks in the model dictates the order of the

model, a first order ECM model is illustrated in Figure 3.6. The ohmic resistor R

describes the model static parameters such as thermodynamic properties of the bat-

tery chemistry [64] and the instantenous voltage drop in the charging or discharging

process [56], whilst the RC networks capture the dynamic faradic impedance of a

battery [64], [56]. The cell voltage for the first order model in Figure 3.6 under

constant-current conditions as derived by Verbrugge and Conell [65] is given by:

V (t) =
Q

Crc
e
�t/RrcCrc + Vo � IR� IRrc(1� e

�t/RrcCrc) (3.1)

where I is the constant current value, Q is the nominal capacity, and Vo is

the nominal SOC-dependent cell OCV. All nominal parameter values must first

be determined prior to tracking the degradation of the cell with operation. SOC

dependant open circuit voltage (OCV) is first determined by charging and discharg-

ing of the cell at low current values, typically C/25 rate [64], whilst R, Rrc, Crc

are determined based of electrochemical impedance spectroscopy (EIS) at di↵erent

SOC values. With cell is ageing and experience a capacity fade, all parameters in

equation 3.1 change accordingly. For prognostics purposes the model must be able

to track the state of health of the cell and further predict its degradation. There-

fore, new measurements are required at specific points in time as follows: (1) a full

charge-discharge to determine battery capacity fade and (2) an EIS measurement

to determined the aged R, Rrc, Crc. Alternatively, a number of researchers combine

the ECM with a particle filter (PF) [29], [52], [53] a Kalman filter (KF) [54]-[55] or

least-squares [56]-[58] to estimate the aforementioned ECM parameters.

A simple ECM model was introduced in [52] for state of health estimation pur-

poses. The first order ECM model see Figure 3.6 is used in conjunction with a

particle filter (PF) and is able to estimate the capacity fade with high accuracy.

Plett [59], [60], [61] developed a capacity fade and resistance increase estimation

method based on an ECM similar to the one presented in Figure 3.6 and an ex-

tended Kalman filter (EKF). The work of Bi. et. al. [57], goes a step further and

uses a second order ECM to model a battery pack for state of health estimation

purposes. The work targets battery pack resistance as SOH and uses an ECM in

combination with a recursive least-squares method with forgetting factor to solve

the equations of the equivalent model to obtain the parameters of the two RC net-

works. Furthermore, the Genetic resampling particle filter (GPF) is subsequently

used to track the degradation of the battery pack resistance based on the resistance

state equation and an observational equation obtained on the basis of the battery
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equivalent circuit model.
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Figure 3.7: Dynamic electrochemical capacitor equivalent circuit model used in [54]
for SOH estimation purposes.

ECMs are also used for electrochemical capacitor modelling for SOH and RUL

estimations [53], [54], [55] – refer to Table 3.1. Oukaour et. al. [58] used a simple

least square algorithm to estimate the resistance of the EC based on an initial DC

characterisation test. Whilst others [59],[60], [52], used EIS measurements to initi-

ate the parameters of the model. When tracking of the SOH index – capacitance

decrease or resistance increase, the ECM parameters responsible for quantifying

degradation are typically estimated via a state filter (refer to Figure 3.5). Mej-

doubi et. al. [54] developed a more elaborate model by replacing the least square

algorithm with a Kalman filter whilst employing a dynamic ECM (see Figure 3.7)

consisting of a resistance R1 and a variable capacitor C1, similar to a lumped first-

order transmission line model. The proposed model in Figure 3.7 takes into account

the capacitance variation C1 with voltage V1 during both charge and discharge. The

model is described by:

V = V1 +R1I(t) (3.2)

V1 =
1

C1

Z
I(t)dt (3.3)

where C is the EC voltage and I is the charge/discharge current. Thus, the

proposed method in [54] method is an improvement over [58], achieving an experi-

mental evaluation mean squared error of 4.62%, however it comes at the expense of

a higher computational demand. Despite the wide adoption and low computational

demands, ECMs lack insights into the elctrochemical process occurring at electrode

level and thus cannot provide highly accurate results.

The behaviour of a Li-ion battery cell can also be modeled by approximating

the potentials of the electrodes based on electrochemistry theory and cell degra-

dation mechanisms, such as SEI formation and growth or particle cracking [24].

Electrochemical models (CM) use partial di↵erential equations to estimate lithium
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concentration inside the electrode and can be used to model degradation and thus

prevent catastrophic failure. The electrochemical model first introduced by Doyle

et. al. [66], [67], commonly referred to in literature as pseudo-two-dimensional

(P2D) model, determines the lithium concentration in the two electrodes – essen-

tially quantifying the available electrical energy in the cell. The P2D is a complex

model based on porous electrode theory, concentrated solution theory and the But-

ler–Volmer kinetic equations [25] and thus serves as the backbone for the simpli-

fied single-particle model (SPM). For battery SOH estimation purposes, especially

when deployed in real-time, the P2D model is too slow and requires a high number

of PDE parameters making it impractical for implementation on-board low-power

BMS micro-controllers [68].
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Figure 3.8: Single particle model (SEM) when compared to SEM captured images of
a LCO batetry electrode. Note: Rn and Rp is the radius of the particle approximated
anode and cathode respectively.

SPMs, however, have successfully been used in [62], [63], [69] when coupled with

a chemical/mechanical degradation model [62] for battery SOH estimation. An

SPM model consist of a lower number of states, typically 10 states [70] when com-

pared to its P2D equivalent and assume the electrode particles to be spherical under

uniform current distribution across both electrodes [62]. Although particles are ap-

proximated to a sphere, and are an over-simplistic approximation of the electrode

composition (refer to Figure 3.8), Li et. al. [63] reports a 2% SOH error when the

SPM is coupled with a degradation model that captures the SEI layer formation

and growth, and volumetric change due to dissolution. The purposed degradation

model is linear when estimating the capacity fade and was only deployed on a limited
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number of cycles, lower than 100 cycles, thus it not capable of estimating SOH past

the cell degradation knee point [71]. The work of Li et. al. [62] also achieves good

results for in-cycle capacity estimation. The degradation model proposed in [62]

is also linear and only considers two-degradation mechanism, SEI layer formation

and growth and crack propagation, ignoring critical degradation mechanism such as

lithium platting. This limits its applicability under dynamic operational conditions,

particularly at high C-rates where the SPM model fails to capture the degradation

and is not as accurate [72]. A detailed discussion of P2B or SPM models is beyond

the scope of the present material, however the interested reader can refer to [62],

[70] for comprehensive explanations of the two models. All studies presented [59] -

[30] propose a SPM coupled with a degradation model, be it a crack propagation in

the particle model or a SEI growth model. Despite its simplicity and high accuracy

the SPM model has shortcomings. For a start the integrated degradation model

typically captures one to two failure mechanism, omitting other failure mechanism

typically encounter in practice. In addition, the SPM requires cell details such as

detailed electrodes materials compositions, particles size, ratings, etc. typically hard

to obtain from manufacturers due to IP protection. Alternatively, researcher have

tried obtaining material data through detailed analysis via SEM, EDX, CT scan,

etc., however such equipment is expensive and rare – only a handful of research lab-

oratories have access to such equipment. Finally, the electrochemical model despite

its high accuracy, comes at the the expense of computational demand and there-

fore it is rarely adopted in practice. Implementing such a model for an on-board

real-time battery management system application is computationally and memory

prohibitive. A more viable solution is to develop a model capable of capturing the

intrinsic sate of the cell by deploying it on the sensory data without the need for an

equivalent circuit, electrochemical model, or detail material analysis, such models

are generally refered to in literature as data-driven models.

3.3 Machine-learning driven prognostics

The machine-learning driven approach disregards the physics-based mathematical

modelling of a Li-ion cell or electrochemical capacitor, and instead maps a predic-

tion function in a multi-dimensional space directly from sensor measurements to

the desired target variable, e.g. SOH or RUL. The prediction function is typically

built using a machine learning algorithm that maps form current, voltage and tem-

perature sensors to the state of health indicator as summarised in Figure 3.12. In

many situations, the physics based modelling stage is time consuming, particularly

when detailed material information is required such as is the case of a CM model,
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instead machine learning models are agnostic to cell materials, design and degrada-

tion mechanics and are therefore trained on large sets of experimental or operational

data. In comparison to ECM and CM models, the data-driven approach, given suf-

ficient training data, can generalise over numerous failure modes and mechanism,

charge-discharge conditions and temperatures, and is thus not limited to the often

used failure mechanisms such as a crack propagation or a SEI layer growth model

[59] - [30]. The review given in Table 3.2 provides a comprehensive overview of

prominent work in which machine learning methods have been used for battery and

electrochemical SOH or RUL estimations.
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Figure 3.9: General architecture of data-driven modelling for SOH estimation.

From a data-driven machine learning perspective, the task of SOH or RUL es-

timation is considered a supervised regression problem where the main objective of

the algorithm is to map from a set of inputs to the target variables. The regression

function is generally formulated as:

y = f(x) + ✏ (3.4)

where x is the input sensory data vector, ✏ is a Gaussian distributed noise con-

tribution N (0, �2) and f(x) represents the latent function that requires learning.

The simplest multivariate linear regression model is a liner combination of the input

variables and the target function:

y(x,w) = w0 + w1x1 + ...+ wnxn = hw · xi+ w0 (3.5)

where x = x1, ..., xn is the input feature vector, w0...wn are the model weights and

n is the number of features. Geometrically this corresponds to fitting a hyperplane

in a multi-dimensional space assuming linear relationships between features. An

extension of the model considers fixed non-linear functions of the input variables
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Ref. Li-ion cell EC cell Hybrid model Machine Learning Algorithm SOH RUL

ECM Empirical Model RF NN SVR RVR GPR Genetic Alg.

[27], [36] X X X
[73] X X X X
[26] X X X X
[31] X X X
[74] X X X X
[75] X X X
[76] X X X
[77] X X X
[78] X X X
[79] X X X
[80] X X X X
[81] X X X
[32] X X X
[33] X X X X
[82] X X X X
[35] X X X
[83] X X X
[28] X X X X
[2] X X X

Note: ECM - equivalent circuit model, RF - random forest, NN - neural network,

SVR - support vector regression, RVR - relevance vector regression, GPR - Gaussian process regression.

Table 3.2: Summary of methods for machine-learning driven prognostics.

and hence the Kernel Regression model is created as:

y(x,w) = w0 +
n�1X

i=0

wi�i(x) (3.6)

where �i(x) are basis functions (kernel functions) and w0 is the intercept. Choices

for basis kernel functions will be discussed in relevant section below where machine

learning algorithms are applied to Li-ion battery data.

The weights of the model can be determined by minimising the sum-of-squared

errors function equation described by the maximum likelihood solution under an

assumed Gaussian noise model. The optimal solution for the parameter weights can

be found by gradient decent (GD) if xTx is singular, otherwise the normal equation

w = (xTx)�1xTy can be used. In the case of highly correlated variables, regularised

regression techniques can be used as an alternative. The second norm regularisation,

also called Ridge regression has a loss function of the form:

L(w, w0) =
nX

i=1

(yi � hw · �(xi)i � w0)
2
�

�

2

nX

i=1

w
2
i (3.7)
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where � is the regularisation parameter controlling model complexity and all

other parameters have been previously defined. The ridge regression solution is

easily determined by:

w = (xTx+ �I)�1xTy (3.8)

where I is the identity matrix and all other variables have been previously described.

Linear models have successfully been used for determining new material for bat-

tery electrodes [84] and for predicting battery life in [10] and [85], and they will later

be introduced as a technique for state of health estimation of Li-ion batteries.

An alternative to the weight-based models such as the one presented above,

authors in [31], [74], [80] used a sparse statistical algorithm to predict SOH or RUL.

As succinctly identified in Table 3.2 support vector machines have been widely used

in literature from both SOH and RUL due to its ability of extrapolating the input

feature space to a high-multidimensional space via the build-in kernel function.

The algorithm is therefore introduced below outlining its strengths and weaknesses.

The section follows with an introduction to support vector regression and Gaussian

process regression and concludes with a detail review of the seminal work presented

in Table 3.2.

Support Vector Machine

Regression has been previously introduced as a function that approximates mapping

from an input domain to the real numbers based on a number of attributes or

features. In contrast to the classification task the error between the predicted values

and the target function is no longer binary, hence no longer discrete. The residual

is always measured by a loss function and the support vector regression (SVR) is

no di↵erent. The choice of the loss function will result in a di↵erent overall strategy

for performing regression [86] as it will be later illustrated.

Despite the fact that the support vector machine has been originally developed

by Vapnik in 1992 as a classifier, it could also be extended to regression maintaining

most of the main features of the soft margin classifier including the sparse property.

The support vector regression works by learning a non-liner function by employing a

liner learning machine in a kernel-induced feature space. Similar to the classification

case, the regression algorithm minimises a convex function with a sparse solution,

however in this case an ✏ -intensive loss function will be considered.

First as a reminder the liner regression model with a kernel is introduced as

follows:

y(x⇤
,w) =

nX

i=1

wi K(x⇤
,xi) + w0 = wT �(x⇤) + w0 (3.9)
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where x⇤ is the value on which the prediction must be made, w0 is the intercept

or bias term and all other variables as previously described.

In a regularised linear regression, in this particular case Ridge regression the loss

function to be minimised during training is given by:

Loss =
1

2

nX

i=1

[y(xi,w)� ti]
2 +

�

2
||w||

2 (3.10)

where t represents the target value and � is the regularisation parameter. For an

introduction to regularisation refer to [87].

As it can be seen from the loss function the solution is not sparse and hence to

obtain sparsity the loss function is replaced with an ✏-intensive error function (Vap-

nik 1992), which gives zero error if the absolute di↵erence between the prediction,

y(x) and target, t is less than ✏ where ✏ > 0 as follows (refer to figure 3.10 for a

visualisation of the function):

Err✏ =

8
<

:
0, if |y(x)� t| < ✏

|y(x)� t|� ✏, otherwise

= max(0, |y(x)� t|� ✏) (3.11)

Therefore the loss function considered for minimisation in SVM regression is

given by:

Loss = C

nX

i=1

Err✏ +
1

2
||w||

2 (3.12)

where C is the inverse of the regularisation parameter i.e C = 1
� .

Figure 3.10: The di↵erence between the least mean square error and SVR error is
illustrated on the left whereas the lefthand side digram illustrates the SVM regression
curve together with the ✏-intensive tube boundary. In addition the slack variables ⇣
and ⇣̂ are also illustrated. Figures adapted from [87]

Similar to the soft margin classifier, slack variables ⇣i � 0 and ⇣̂i � 0 can be

introduced for each point xi for i = 1...n as illustrated in 3.10. The reason for
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introducing the slack variables allows a point to lie outside the ✏-intensive tube.

Finally the error function for the support vector regression can be written as:

Loss = C

nX

i=1

(⇣i + ⇣̂i) +
1

2
||w||

2 (3.13)

which must be minimised subjected to the following constraints:

⇣i � 0 (3.14)

⇣̂i � 0 (3.15)

ti  y(xi) + ✏+ ⇣i (3.16)

ti � y(xi)� ✏� ⇣i (3.17)

Minimising the loss function in equation (6.14) subject to the constraints 3.14,

3.15, 3.16 and 3.17 can be achieved by optimising the following Lagrangian, by

introducing to Lagrange multipliers ↵i, ↵̂i � 0 and �i, �̂i � 0.

L =C

nX

i=1

(⇣i + ⇣̂i) +
1

2
||w||

2
�

nX

i=1

(�i⇣i + �̂i⇣̂i)

�

nX

i=1

↵i(✏+ ⇣i + y(xi) + ti)�
nX

i=1

↵̂i(✏+ ⇣̂i � y(xi) + ti)

(3.18)

Substituting for y(xi) using equation (3.9) and setting the derivatives of the

Lagrangian with respect to w, w0, ⇣i and ⇣̂i to zero the dual problem now resumes

to maximising:

L̂(↵, ↵̂) =�
1

2

nX

i=1

nX

j=1

(↵i � ↵̂i)(↵j � ↵̂j)k(xi,xj)

� ✏

nX

i=1

(↵i + ↵̂i) +
nX

i

i = 1(↵i � ↵̂i)yi

(3.19)

subject to the box constraint derived from setting the derivates of the previous
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Lagrangian in equation 3.18:

0  ↵i � C (3.20)

0  ↵̂i � C (3.21)

Derivating equation (3.18) with respect to the model weights w and equating to

zero based on Lagrange theory (�f = ��g, where � is the Lagrange multiplier f

and g are two functions, g representing the constraint the function) the weights can

then be represented as:

@L

@w
= 0 =) w =

nX

i=1

(↵i � ↵̂i)�i(xi) (3.22)

This is an important representation of the model weights since we can conclude

that predictions of new inputs depend in the Lagrange multipliers ↵i, ↵̂i. the kernel

space and the intercept as follows:

y(x⇤) =
nX

i=1

(↵i � ↵̂i) k(x
⇤
,xi) + w0 (3.23)

Finally the corresponding Karush-Kuhn-Tucker (KKT) conditions where the

product of the dual variables and the constraints must vanish are:

↵i(✏+ ⇣i + yi � ti) = 0 (3.24)

↵̂i(✏+ ⇣̂i � yi + ti) = 0 (3.25)

(C � ↵i)⇣i = 0 (3.26)

(C � ↵̂i)⇣̂i = 0 (3.27)

The support vectors are the data points for which the Lagrange multipliers ↵i and

↵̂i are non-zero and thus contribute to the prediction in equation (3.23). Referring

back to figure 3.10 these are points that lie on the boundary of the tube or outside

the tube, all other points are discarded since the Lagrange multipliers for all points

within the tube are zero. Similar to the classification case sparsity has been achieved

in regression too. The intercept can be determined by using:

w0 = ti � ✏�wT
�(xi) = ti �

nX

j=1

(↵j � ↵̂j)k(xi, xj) (3.28)
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For a complete derivation of support vector machines refer to [87], [86]. Regres-

sion has been widely used in prognostics and, in particular support vector regression

has been used in battery prognostics due to SVM’s ability to closely predict mono-

tonic decrease in capacity over time in situations where a battery cycle is defined as

a full charge-discharge i.e. 100% DOD. In [88] estimation of state of charge (SOC)

of a high-capacity lithium iron manganese phosphate (LiFeMnPO4 ) battery cell

from an experimental dataset has been performed using a support vector machine

(SVM) approach. The algorithm is trained on battery charging/discharging testing

cycles, using cell current, cell voltage, and cell temperature as input variables to

the support vector regression. The SVM model achieves an error of 6% over all

ranges of operation, including charge/discharge at constant current or operation in

a variable current profile. Similarly, Wang et. al. [31] made use of the SVR on a re-

duced feature space under the assumption that the input features (current, voltage,

temperature) are highly correlated due to the underlying physical laws. Tradition-

ally, as shown in [88] multidimensional physical characteristics including the current,

voltage, usage duration, battery temperature, and ambient temperature have been

used as inputs to the algorithm. However, in [31] authors argued that capacity fade

of lithium-ion batteries is highly correlated to energy e�ciency and battery working

temperature, which account for all performance metrics of lithium-ion batteries with

regard to the RUL and thus only two features represent su�cient input criteria to

the SVR. The work of Nuhic et. al. [74] goes a step-further and combines Fisher

ratio and and Rainflow counting methods for feature engineering with a SVR al-

gorithm to predict both SOH and RUL. Nuhic’s method was developed for EVs’

on-board computers and achieves an overall error of 6.4%. The method developed

in [74] lacks in the assessment of model uncertainty and estimates battery SOH

based on life-cycle lab data from the previous cycles capacity measurement, which

is generally not available in practice. An alternative approach is developed Liu et.

al. [28] where an empirical exponential model is encoded into a neural network for

RUL prediction. The empirical model is first developed on the training data and

it is then used as activation function for all neurons of the first hidden layer of a

two-layer deep neural network. Liu et. al. [82] proposed a more elaborate approach

for determining battery RUL based on two algorithm. The input current and volt-

age sensor measurements are first decomposed using empirical mode decomposition

(EMD) and subsequently fed to a long short-term memory for long-term degrada-

tion trend prediction and a Gaussian process regression (GPR) algorithm with a

rational quadratic (RQ) kernel to quantify uncertainty in each prediction.

The work presented in [27] - [74] and [76] - [28] considers manually engineered

input features based on domain expert knowledge, however as an alternative ap-

proach the work of [75] combines an auto-encoder with a neural network to engineer
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feature and predict RUL. The proposed method engineers 21 features via the auto-

encoder part which are then fed into four fully connected layers with the number

of neurons in each layer set to 10, 7, 4, 1. The method is reported to achieve an

error of 6.66% on unseen battery test data, however there are a few shortcomings:

(1) the input features do not have a physical explanation since they are extracted

from a latent space, (2) the method fails to scale to other batteries as a retraining

of the auto-encoder is mandatory and (3) the computational demand is high since

the models uses two neural architectures that require training. As an alternative,

the work of Richardson et. al. [76] trains a Gaussian process regression directly

on charge voltage data to predict Li-ion battery SOH. The method highlights the

advantage of eliminating the need for feature engineering by first smoothing the in-

coming voltage data via a Savitzky-Golay filter, followed by a selection of a voltage

range, thus eliminating unnecessary data processing. The filtered data is treated

as input to a Gaussian process regression algorithm with a Matern kernel function

enabling capacity estimates with approximately 2–3 % RMSE. In [77], Richardson

et. al. use the same algorithm for RUL prediction purposes, however there are a few

key modifications. For a start the input data to the algorithm represents parts of the

capacity-cycle degradation data, secondly the GPR uses compound kernel functions

and lastly, the GPR uses explicit mean functions derived from known parametric

battery degradation.12/06/2018 draw.io
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Figure 3.11: Linking regression models - an interactive visualisation.

The GPR proposed in literature [76], [77], [78] provides a probabilistic alternative

to SVR, hence its wide adoption in the literature see Figure 3.11 for a comparison

between frequentist and Bayesian based methods). Gaussian Processes for regression

46



Chapter 3: Prognostics for energy storage cells

(GPR) is a non-parametric approach, in that it finds a distribution over functions,

denoted here by f(x) – see equation 3.29 consistent with the observed data. In other

words linear parametrisation is not assumed, be it in the basis coordinate system

or the kernel space. A GPR simply assigns a probability to each of these functions.

The mean of this probability distribution then represents the most probable charac-

terization of the data [89]. Thus, a Gaussian process is defined bv its mean function

and covariance function as follows:

f(x) ⇠ GP(m(x), k(x,x0)) (3.29)

where m(x) is the mean and k(x,x0) is the covariance function. The mean and

covariance are defined by:

m(x) = E[f(x)] (3.30)

k(x,x0) = E[(f(x�m(x))(f(x0
�m(x0))] (3.31)

Commonly used covariance functions, also called kernels, include the squared

exponential (SE), radial basis, or Mattérn [89]. For other popular kernels and their

mathematical explenation refer to [90]. These are the central equations for Gaussian

process predictions, for a more in-depth explanation on the mechanism of GP refer

to Rasmussen et al. [89].

GPR computes a prediction of a test vector input x⇤ by determining the condi-

tional distribution p(y⇤
|x⇤

,x,y). The conditional distribution is given by:

p(y⇤
|x⇤

,x,y) = K(x,x⇤)TK(x,x⇤)�1y (3.32)

where the mean vector, m⇤ and the covariance matrix, ⌃⇤ are defined by:

m
⇤ = K(x,x⇤)TK(x,x⇤)�1y (3.33)

⌃⇤ = K(x,x⇤)�K(x,x⇤)TK(x,x⇤)�1
K(x,x⇤) (3.34)

For prognostics purposes the GP regression (GPR) is of particular interest for

remaining useful life estimation due its ability to predict smooth long-term degra-

dation functions. In regression setting, GPR is computationally expensive (O(N3)

time) involving repeated matrix inversion becoming expensive once the number of

features n exceeds the order of thousands and the number of predictors (kernel func-

tions) is greater than 3 [89]. With reference to other sparse kernel methods such

as the previously introduced SVM or the relevance vector machine (RVM), GPR

is slow, however it gives well calibrated probabilistic outputs [89]. For this reason,
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GPR works well on predicting remaining useful life of batteries as illustrated in the

following examples.

In [77] the authors demonstrated the advatges of using GPR for predicting RUL

both in short-term and long-term on a selection of capacity vs. cycle datasets for

lithium-ion battery cells. The authors emphasise on the importance of selecting

the right kernel. In the paper the advantage of using compound kernel functions for

capturing complex before is demonstrated. Similarly, [76] presents a GPR for capac-

ity estimation, termed GP-ICE. The GP-ICE algorithm estimates battery capacity

using current and voltage measurements over short periods of battery operation.

The authors claim that in each case, within certain voltage ranges, as little as 10

seconds of galvanostatic operation enables capacity estimates with approximately

2-3% RMSE. To overcome the issue illustrated in [77], [91] combines GPR with

wavelet denoising (WD). By implementing WD as a prior step, the problem associ-

ated with trend fitting deteriorating rapidly for multiple-step-ahead estimation when

test data is particularly di↵erent to training data is bypassed, achieving an accuracy

of 2.2% when compared to standard error of 6.7% for Gaussian process function

regression model. A comparison between a novel Gaussian process regression with

neural network (GPRNN) with GPR methods introduced by other authors consist-

ing of varying kernels – GPR quadratic polynomial mean function (LGPFR and

QGPFR [92]), and the multi-scale GPR (SMK-GPR, P-MGPR, and SE- MGPR

developed in [93]) has been undertaken in [94]. The authors concluded that the

GPRNN outperforms all other GP based methods. Similarly, in [95] due to the self-

charging nature as well as the the capacity regeneration, the capacity trajectories of

Lithium-ion are di�cult to model with traditional prediction algorithms. Therefore

the authors in [95] proposed a novel RUL prediction method based on the Gaussian

Process Mixture (GPM) model capable of capturing such variations in the discharge

curve. The algorithms, GPM, GPR, and SVM, are compared for RUL prediction

based on the NASA datasets which included two commercial available 18650 Type

Lithium-ion batteries. The results clearly indicate that the GPM method, whilst

being computationally intensive, has a higher prediction accuracy and confidence in

the prediction. GPR can perform well on monotonic discharge data of a lithium-

ion battery as illustrated by the above literature, but, despite the achieved results

in [95], their performance on non-monotonic stochastic time series data of battery

degradation remains an open question particularly under computational constrains

typically encountered during on-board operation. In addition, sparse based ma-

chines such as SVM, RVM tend to require less computational complexity than the

GPR achieving similar accuracy for state of health estimation [83]. Perhaps future

modifications to the GPR can accelerate their use for online SOC, SOH and RUL

use.
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The outlined literature clearly indicates that data-driven models have the poten-

tial of generalisation across di↵erent battery chemistries solving both the SOH and

RUL problem. However, data-driven prognostics poses a further question regarding

the algorithm choice. Although, algorithm performance is important, computational

demand as well as model ability to intrinsically explain how it reached the prediction

is critical in engineering applications. If a certain algorithm performs extremely well

on a dataset in comparison to other algorithms, it might not be because it is superior

to the others, but it is in fact overfitting the dataset [18]. This is a key factor that

must be accounted for when comparing algorithms for battery/electrochemical ca-

pacitor SOH or RUL. An overview of machine learning algorithms used in literature

as a function of computational demand and explainability is illustrated in Figure

3.12.

'HHS�
/HDUQLQJ

6WDWLVWLFDO�/HDUQLQJ
*35
690

(QVHPEOH
¬0HWKRGV

'HFLVLRQ
7UHHV

5DQGRP
)RUHVW

1HXUDO
1HWZRUN

([SODLQDELOL\

&
RP

SX
WD
WLR
QD
O�'

HP
DQ
G

Figure 3.12: Machine learning models typically used for SOH and RUL of energy
storage devices.

Computational demand quantification of machine learning algorithms has been

investigated in [37], [96] and [97]. The work of Wu et. al. [37] concentrates on the

prediction of tool wear in milling operations by comparing three popular machine

learning algorithms, artificial neural networks (ANN), support vector machines for

regression (SVR), and an ensemble technique, namely random forest (RF). The

work showed that, although computationally expensive taking longer to train, RF

is more accurate than SVR and a single hidden layer deep ANN. To minimise the

overfitting potential of the algorithm to be able to compare them, their performance

was evaluated on 315 milling tests - a considerably complex dataset. For an empirical

comparison of machine learning algorithms refer to [98].
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3.4 Discussions and conclusion

The chapter provided a complete taxonomy of available physics of failure and data-

driven models for Lithium-ion battery and electrochemical capacitor state of health

estimation and remaining useful life prediction. The chapter also discussed math-

ematical theory behind machine learning algorithms such as Bayesian regression,

support vector machines and Gaussian process regression, revealing both strengths

and weaknesses. The following chapter introduces the experimental work and data

generation, on which the machine learning algorithms are later deployed for cell

state of health prediction.

50



Chapter 4

Design of experiment for testing of

energy storage devices

The chapter introduces the experimental work carried out in collaboration with the

Center for Advanced Life Cycle Engineering (CALCE) at the university of Maryland.

The chapter introduces the test set-up for both lithium batteries and electrochemical

capacitors in Section 5.1. Section 5.2 continues with details on the accelerated life-

cycle test procedure and the design of experiments (DOE) for investigating battery

degradation when subjected to five stress factors, temperature, discharge C-rate,

charge cut-o↵ current (during CV charging), charge C-rate (during CC charging),

and depth of discharge. Section 5.3 continues with the DOE for electrochemical

capacitor life-cycle testing at extreme temperature ranging from 80°C to 200°C and

concludes with a summary of the electro-chemical capacitor cycling results.

4.1 Experimental test equipment

The experimental set-up for all the accelerated lifecycle testing carried out in the

present work is depicted in Figure 4.1. The set-up consists of a Thermal chamber, an

Arbin cycler and a PC that controllers the Arbin equipment. The Arbin BT2000 has

10 channels that are connected to the battery or electrochemical capacitors which

are placed in the thermal chamber to precisely control the operational temperature.

The Yamato DVS 402 has a temperature range of up to +260°C with an accuracy

of ±1°C. The software controlling the cycler is proprietary to Arbin and records

three measurements, current, voltage and temperature as a function of time with an

accuracy of 0.1%. During li-ion battery and electrochemical testing, the equipment

is often stopped to perform characterisation test measurements at room temperature

of approximately 22°C, at which point the thermal chamber is left to cool-down for a

minimum of 12h hours. For details on experimental work refer to the section below.
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Figure 4.1: Experimental test set-up diagram.

4.2 Lithium-ion battery accelerated life-cycle data

This subsection presents a design of experiment (DOE) to investigate and model

the e↵ects of various stress factors on battery degradation and to determine the

corresponding acceleration factors. The DOE involves two types of tests: character-

ization and continuous cycling tests. Characterization tests have been conducted to

determine battery electrical parameters that can robustly quantify battery degra-

dation. Continuous cycling tests of Li-ion battery is used in this work to determine

the battery degradation trend induced by the cyclic operation.

The charging operation will be conducted using constant current - constant volt-

age (CC-CV) standard charge algorithm irrespective of the test type, characterisa-

tion or cycling, respectively. The battery will be charged at constant charge C-rate

up to the end-of-charge voltage followed by the ‘top-up’ phase using constant volt-

age charging until the charging current drops below the prescribed charge cut-o↵.

Figure 4.2 illustrates a typical CC-CV discharge profile, whilst Table 4.1 summarises

the cyclic test conditions for each experiment. The discharge operation will be per-

formed using a prescribed constant discharge C-rate as per Table 4.1. The cell
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Figure 4.2: Typical constant current - constant voltage charge protocol. Note:
CCCT - constant current charge time; CVCT - constant voltage charge time

characterization testing is conducted before commencing of cyclic testing for base-

line data generation purposes, after which characterization testing is only performed

intermediately between the cycling tests at a frequency of 50 cycles for comparison

with baseline characteristics. All the cells have undergone characterization testing

irrespective of cell chemistry or manufacturer.

Experiment No. Temperature [°C] Discharge C-rate Charge Cut-o↵ Charge C-rate DOD [%]

1 25 (L) 0.5C (L)a 0.01C (H)a 0.8C (L) 50 (L)

2 25 (L) 0.5C (L) 0.01C (H) 1.2C (H) 100 (H)

3 25 0.5C 0.2C (L) 0.8C 100

4 25 0.5C 0.2C 1.2C 50

5 25 2C/1.3Cb (H) 0.01C 0.8C 100

6 25 2C/1.3C 0.01C 1.2C 50

7 25 2C/1.3C 0.2C 0.8C 50

8 25 2C/1.3C 0.2C 1.2C 100

9 55 (H) 0.5C 0.01C 0.8C 100

10 55 0.5C 0.01C 1.2C 50

11 55 0.5C 0.2C 0.8C 50

12 55 0.5C 0.2C 1.2C 100

13 55 2C/1.3C 0.01C 0.8C 50

14 55 2C/1.3C 0.01C 1.2C 100

15 55 2C/1.3C 0.2C 0.8C 100

16 55 2C/1.3C 0.2C 1.2C 50

a H – High, L – Low

b Based on the manufacturers’ datasheets, two di↵erent high levels of discharge C-rates have been used in the two case studies

Table 4.1: Test matrix for accelerated life-cycle testing of Li-ion battery cells.

Li-ion battery capacity characterisation tests were conducted regularly by cycling
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the battery at room temperature (25°C) using the standard full charge-discharge

cycle protocol. The protocol consisted of a charging the cell at constant current

of 0.8C up to end-of-charge voltage followed by the constant voltage charging until

the charging current drops below C/20. Immediately after the charging, battery

was be discharged at C/2 constant current up to the end-of-discharge voltage. After

discharge, 10 minutes rest period has been used prior to commencing the next cycling

regime. For the initial capacity measurements of a fresh cell, five characterisation

cycles have been conducted. The average of the five cycles has been used as the

nominal (initial) capacity of each cell i.e. 100% capacity health. During cyclic

testing however, only two characterisation tests are carried at fixed time intervals.

This has been done to shorten the characterisation time, whilst only the second

measurement is used as the real capacity fade value.

Note: T = Test, S = Sample

Degradation curves 
for tests 1-9

Degradation curves 
for tests 10-12

Degradation curves 
for tests 13-16

Figure 4.3: Degradation curves for Manufacturer 1 Li-ion cells when subjected to
the design test conditions in Table 4.1.

The test matrix in Table 4.1 includes 5 di↵erent factors covering possible stress

conditions encountered during cyclic operation of a Li-ion battery. The 5 stress

factors include temperature, discharge C-rate, charge cut-o↵ current (during CV

charging), charge C-rate (during CC charging), and depth of discharge. Six cells

from two manufacturers are cycled per each test condition totalling to a total of

96 cells. The degradation profiles obtained via the accelerated life-cycle testing are

illustrated in Figure 4.3.
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4.3 Electrochemical capacitor accelerated life-cycle

data

Electrochemical capacitor cells have been cycled under extreme temperature condi-

tions for accelerated life-cycle assessment purposes. The accelerated life-cycle test

(ALT) matrix captured in Table 4.2 includes ambient temperature induced thermal

stress such that: (1) electrochemical capacitor operation at high temperature is in-

vestigated and (2) isolate ambient temperature induced degradation from thermal

induced degradation introduced due to high charge/discharge current values.

Figure 4.4: Charge-discharge profile: Constant current (CC) - constant voltage (CV)
charge and constant current discharge for electrochemical capacitor.

The work considers capacitor cells from two manufactures as per Table 4.2.

All cells are cycled under a CC-CV charge profile and a constant current (CC)

discharge profile as per Figure 4.4. The current rate for both charge and discharge

was chosen well below the maximum rated discharge current (refer to Table 4.3) to

minimise its e↵ect on degradation. The experimental set-up is described in detail

in Section 4.1.

LS Mtron FastCap

Cell no. 1, 2, 3 4, 5 1, 2 3, 4

Charge Profile CC-CV CC-CV CC-CV CC-CV

Charge current [A] 2 2 1 1

Charge cut-o↵ voltage [V] 3 3 1 1

Time at CV [s] 600 600 600 600

Discharge current [A] 2 2 2 2

Temperature [°C] 80 95 160 200

Table 4.2: Accelerated lifecycle test matrix.

Tracking of the degradation throughout the life-cycle testing has been done by

calculating capacitance and equivalent series resistance (ESR). Capacitance, C was
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Figure 4.5: Voltage and time values used for calculation of capacitance and equiva-
lent series resistance at each discharge.

calculated as the the average of all instantaneous discharge capacitance measure-

ments between 80% and 40% of the rated voltage:

C =
1

N

80%·VratedX

i=40%·Vrated

Ci (4.1)

where Vrated is the rated voltage of the electrochemical capacitor, N is the total

number of voltage entries between 40% and 80% of the rated voltage and Ci is the

calculated instantaneous capacitance.

The instantaneous capacitance in discharge was calculated as:

Ci =
I(t)dt

dV (t)
(4.2)

where dt is the change in time, I(t) is the instantaneous discharge current at

time t and dV (t) is the change in discharge voltage at time t.

The ESR, on the other hand, was determined using the intersection method used

in literature [99], [100]. First the instantaneous drop in discharge voltage, V1 and

associated time t1 are used to determine the constant slope of the discharge voltage

curve with reference time, denoted as t0 and V0 in Figure 4.5 The equation used to

determine the ESR is:

ESR =
C(V0 � V1) + I(t1 � t0)

IC
(4.3)

where C is the capacitance and I the discharge current.

The ECs used in this study include four samples manufactured by FastCAP

(model EE150- 35) and five samples manufactured by LS Mtron (model LSUC

002R8S). Table 4.3 summaries manufacturer electrical properties and rated per-

formance. In this section we discuss in detail the FastCap samples as data for LS

Mtron cells has been imported from [101]. For further details on the LS Mtron sam-
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Specification FastCap LS Mtron

Rated Voltage [V] 1.0 2.8

Maximum Current [A] 74.0 46.3

Surge Voltage [V] 1.1 3.0

Rated Capacitance [F] at 25°C 32.1 100

Rated Capacitance [F] at 150°C 33.2 -

Initial ESR [m⌦] at 25°C 21.6 9.0

Initial ESR [m⌦] at 150 C 16.4 -

Maximum Operating Temperature [°C] 150 65

Minimum Operating Temperature [°C] -40 -40

Cycle life at 25°C [no. of cycles] >1,000,000 500,000

Table 4.3: Electrochemical capacitor properties and manufacturer rated perfor-
mance.

ples refer to an electrochemical capacitor construction in Section 3.1.2 and the work

of Williard et. all. [101]. Note, LS Mtron samples have been cycled in a similar

fashion using the same test equipment described in Section 4.1.

The four FastCap samples (see Table 4.3 for sample properties) were placed in

the thermal chamber illustrated in Figure 4.1 and cycled under the CC-CV profile

of Figure 4.4 followed by constant current discharge at an ambient temperature of

160°C and 200°C, respectively. The charging current is set to 1A during the CC

part of the charge, whilst the CV part is set to 10 minutes (refer to Figure 4.4).

The charge and discharge current value was set to 1A, well below the maximum

discharge current rated by the manufacture (refer to Table 4.3) so that its e↵ect on

the degradation can be considered negligible. Characterisation cycles are performed

after every 300 cycles at a room temperature of 22°C with a similar charge-discharge

profile.

Capacitance and resistance have been monitored both during cycle testing and

characterisation testing using the above described method. The degradation trend of

each cell, quantified as percent change from the first cycle measurement is captured

in Figure 4.8.

4.4 Conclusions

The above chapter introduced the design of experiment methodology as well as the

test set-up for accelerated life-cyle if Lithium-ion batteries and electrochemical ca-

pacitors. The generated data is later used as input to di↵erent machine learning

algorithms to investigate the e↵ect of various stress factors on cell degradation and

to determined the factors that accelerate degradation most. In addition, acceler-
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Figure 4.6: Capacitance degradation trend for LS Mtron electrochemical capacitor
cells.

Figure 4.7: Capacitance degradation trend for FastCap electrochemical capacitor
cells.

ated life-cycle testing coupled with machine learning models o↵ers the potential to

predict the degradation of energy storage cells and provide engineers with a better

understanding of cell degradation under di↵erent stress factors, including extreme

temperature. The next chapter proposes a methodology for investigating contribut-

ing stress factors to cell degradation using the random forest algorithms, followed

by the development of Bayesian algorithms for estimating electrochemical capacitor
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Figure 4.8: Resistance increase for FastCap electrochemical capacitor cells.

cell degradation at temperatures ranging from 80°C to 200°C.
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Degradation of energy storage

cells

Degradation of energy storage cells is an inevitable e↵ect governed by both external

factors such as temperature, discharge, charge rates as well as intrinsic degradation

mechanisms. It is therefore critical to first understand the stress factors’ e↵ect on the

acceleration of degradation and subsequently predict the degradation of the energy

storage cell. The present chapter discusses machine learning model development for

stress factor ranking and degradation modelling of two energy storage technologies,

namely lithium-ion batteries and electrochemical capacitors.

Lithium-ion batteries have seen extensive use in numerous applications, however,

operational data is scarce and thus, their degradation is poorly understood. This

represents a major hurdle in the development of intelligent algorithms for degrada-

tion modelling, state of health estimation or remaining useful life prediction. In the

absence of operational data, researchers have turned to laboratory cyclic data in an

attempt to understand the degradation of energy storage devices. Cycle testing of

Li-ion batteries is conducted for various reasons including for qualifying a battery

cell for a particular application or for understanding of the degradation in a partic-

ular operating environment. In addition to tests being time consuming, depending

on the stress conditions, ambient temperature, charge-discharge C-rates, cell volt-

age cut-o↵ limits, depth of discharge (DOD), rest time after charge/discharge, new

failure modes, not encountered in normal operation, could potentially be introduced

via the accelerated life-cycle testing. It is not practical to use all of the stress fac-

tors for planning the accelerated testing due to the resulting large number of tests

and the limited e↵ects of some of the stress factors on battery degradation. It is

therefore of paramount importance to rank these stressors in terms of their contri-

bution to the degradation of the cell such that only the key stressors are used for

degradation acceleration purposes. In turn, this has two beneficial consequences,
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acceleration of degradation and reduction of test times as well as the elimination

of artificially induced failures due to overstress induced via non-critical stress fac-

tors. As a secondary objective accelerated life-cycle testing can also qualify cell

operation at conditions outside the manufacturer specified operating environment.

In some industries, including automotive, oil and gas and space, energy storage cells

are forced to operate outside the manufacturer-specified temperature operating en-

velope. Engineers must first understand cell degradation at high temperatures by

performing accelerated life-cycle tests and then use the generated data to model the

degradation.

The chapter first introduces the model development for ranking of stress factor

importance to cell capacity fade in Section 6.1. Degradation models for electro-

chemical capacitors are presented in Section 6.2 before the chapter concludes with

a discussion on the applicability of the models.

5.1 Stress factor ranking for energy storage cells

It is crucial to determine which of the stress factors are accelerating the degradation

to save time and further introduce engineering judgment into state-of-charge (SOC),

state of health (SOH) and remaining useful life (RUL) model development. Acceler-

ated testing is typically conducted by subjecting the cell to high-stress factor values

to accelerate the degradation rate and precipitate the failure earlier. Battery cycling

operation can be mainly characterized by five di↵erent stress factors as tabulated in

Table 4.1.

Any of the stress factors mentioned in Table 4.1 can be selected to accelerate

the battery degradation process. However, their e↵ect on battery degradation is

not linear i.e. some stress factors a↵ect cell degradation in a disproportionate ratio

when compared to others. Additionally, over-stress can introduce unrealistic failure

modes generally not encountered in real-life operation [102], [12]. It is not usually

feasible to design a test matrix that considers all the stress factors due to limited

testing resources. For reducing costs associated with extensive testing times, it is

necessary to select the most significant stress factors, utilize them for accelerated

testing and predict degradation using models possibly fitted on additional battery

degradation datasets.

In machine learning literature, the task of finding the highest contributing fea-

tures for prediction is termed feature selection and is generally carried out by three

methods: filter, wrapper, and embedded methods [103],[104],[105]. Feature selection

techniques are generally applied in datasets where the number of features exceeds

the order of hundreds [104], [105]. Typically, feature selection is used for pruning
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Figure 5.1: Stress factor ranking and degradation model for Li-ion battery cells.

the input feature space by first ranking of input variables followed by a selection of

a subset of features. For the present work, however, we use the inherent ability of

the random forest algorithms to rank features in order of importance to the capacity

degradation rate as summarised in Figure 5.2. In the present work, filter methods

have been used to determine the correlation between the covariates, however, no fea-

ture selection has been carried out based on such methods. Despite their simplicity,

findings based on filter methods such as Pearson’s correlation criteria are consistent

with findings based on considerably more complex methods. The correlation matrix

for each of the manufacturers, illustrated in Figures 5.3, 5.6 follows the Pearson’s

correlation criteria denoted by ⇢. First, covariance is determined by:

Cov (a, b) =
1

n

nX

i=1

(ai � ⇢a)(bi � ⇢b) (5.1)

where a and b are two vector of equal length m, whilst ⇢a and ⇢b are the vectors’

mean. The Pearson’s correlation coe�cient is thus defined as:

⇢ =
Cov(a, b)

�a�b
(5.2)

where �a and �b are variances of the two vectors a and b. Note, Pearson’s

correlation magnitude is always between -1 and 1 and it depends on the level of

correlation between variables. Pearson’s coe�cient captures correlations of first-

order, but ignores any nonlinear correlations. In addition, it does not work well in
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the presence of outliers, which could be the case of reliability testing data.

For feature ranking purposes an embedded method is used, namely Random

Forest algorithm (RF) due to better performance over the other feature selection

methods enumerated above, ability to better interpret the input feature space when

compared to wrapper methods and its property to rank variables without the need

for scaling of input vectors. The results of the proposed method are illustrated in

the section below.

5.1.1 Degradation learning and feature ranking algorithm
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Figure 5.2: Intuition on the application of the random forest (RF) algorithm for
battery stress factor ranking.

Given a training dataset of n labeled examples (x1, y1), ..., (Xn, yn) the task in

supervised learning is to predict the label y for unlabelled test point x. In the

context of Lithium-ion battery we treat the five stress factors, ambient temperature,

discharge C-rate, charge C-rate, charge cut-o↵ C-rate, depth of discharge (DOD) and

cycle as the input vector x, and as the label, y the degradation trend measured as

capacity fade.

In engineering applications (e.g. degradation prediction of Lithium-ion battery

cells or electrochemical capacitor cells) is critical to have a predictor that can quan-

tify predictive uncertainty instead of solely producing a point estimate. The goal is

thus not to just produce the label y, but to output a distribution p(y|x), i.e. a Gaus-

sian distribution around the predicted mean value denoted as N (ŷ, �2
ŷ), where ŷ is

the predicted capacitance and �
2
ŷ is the estimated variance. In a regression setting,

uncertainty is captured using confidence bounds and this work considers confidence

intervals of the form y ± z�̂. The work uses Random Forest (RF), described by

Breiman in [106], as the main algorithm for mapping from the vector set of five in-

put features to the target variable, y and uses the infinitesimal jackknife developed
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by Wager et. al. in [107] to estimate standard errors. Ensemble techniques, such

as the random forest, have only recently been used as a feature selection method,

however, they prove to yield more robust results when compared to single algorithms

[108]. In ensemble learning, a collection of single regression models is trained, and

the output of the ensemble regression is obtained by aggregating or averaging the

outputs of the single models [109]. This leads to robust results when compared to

single regressor algorithms. Feature selection robustness is also explored here in

conjunction with the performance of the algorithm. Generally speaking, the multi-

dimensional regression function that requires learning from inputs to output can be

summarised mathematically as:

y = f(x) + ✏ (5.3)

where ✏ is a Gaussian distributed noise contributionN (0, �2) and f(x) represents

the latent function that requires learning by emoplying the RF algorithm.

Random Forest is a collection of constructed decision trees that sequentially

conduct binary splits of the data to produce a homogeneous subset [110]. In an RF,

the individual trees are randomised to decorrelate their predictions and therefore, the

RF has the benefit of selecting a feature that might never occur. As a disadvantages,

the number of tress selecting features is an important parameter, and it requires

tuning. The present work makes use of 70 trees due to computational limitations

during the hyper-parameter tuning. Each feature importance is calculated based on

node impurity and the probability of a feature reaching that node. Therefore, the

feature importance values over all trees in the forest 'm can be calculated by:

Imp(xn) =
1

M

MX

m=1

X

t✏'m

p(t)�i(st, t), (5.4)

where p(t)�i(st, t) is the impurity increase, measured by calculating the mean,

n number of features, t node number, m no of decision trees in the forest and p(t)

the proportion of samples reaching node t over the total number of samples [106],

[111]. Making predictions using the pre-trained RF is fast as any input starts at

the root node of the tree, testing the attribute specified by this node, moving down

the tree branch and repeating the procedure for the sub-rooted tree until the end.

Once all decision trees in the forest are skimmed through, the individual results are

aggregated and a prediction is made.

Prediction confidence or confidence interval (CI) of the RF was estimated based

on the study by Wagner et. al. [107], where the variance has been obtained using the

bootstrap replicates used to train the random forest itself, also called infinitesimal

Jackknife. The standard error (SE) can then be calculated based on variance. Once
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SE is calculated, the representation of the standard error estimates, �̂ as a Gaussian

confidence interval is given by:

CI = ŷ ± z�̂ (5.5)

where z is a quantile of the normal distribution. This work uses the 95% confi-

dence interval with a corresponding quantile value of 1.96, unless otherwise specified.

Given a large population of batteries and their associated life cycle tests, the CI could

potentially be reduced and accuracy improved.

While decision trees are powerful they are prone to overfitting and require heuris-

tics to limit their complexity i.e. limiting the maximum depth or pruning the learned

decision trees on a holdout dataset. Therefore, RF requires careful hyperparam-

eter tuning. Instead of the widely used grid search, a random search approach

was adopted in this work with an exponential distribution for each of the hyper-

parameters. Randomly chosen trials are adopted here because irrespective of the

distribution they are chosen from, they are more e�cient for hyper-parameter op-

timisation than trials on a grid [112]. In addition, a group cross-validation method

is used during the hyper-parameter tuning, where each group is represented by one

cell degradation detest, resulting in 96 groups overall. The groups are shu✏ed dur-

ing training, however, the samples within each group are not, so that the temporal

dependencies of capacity fade values at each cycle measurement are kept intact,

similar to a time-series.

The accuracy of the RF is also measured to check model validity for ranking of

the stress-factors. Results have been analysed for each manufacturer individually

using R
2 (see equation 5.6), mean absolute percent error (MAPE) and root mean

squared error (RMSE) - introduced in Chapter 3.3.

R
2 = 1�

Pn�1
i=0 (yi � ŷi)2Pn�1
i=0 (yi � ȳi)2

(5.6)

5.1.2 Results

Below we illustrate the results when the algorithm is deployed on two di↵erent

cells from two manufacturers. Note the manufacturer names, exact chemistry and

design of the battery are confidential, hence we refer to each dataset generated using

the test conditions in Table 4.1 as Manufacturer 1 and Manufacturer 2. For each

manufacturer, the correlation matrix between variables are illustrated, and the RF

algorithm results after fitting each dataset are summarised below.
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Manufacturer 1

First, the correlation matrix based on Pearson’s correlation criteria is introduced in

Figure 5.3. The matrix values suggest that cycle number is correlated to capacity,

followed by discharge C-rate and temperature. This indicates the two most impor-

tant covariates for accelerating time to failure during life-cycle analysis are discharge

C-rate and temperature, however, this finding is not supported by the RF algorithm.

Figure 5.3: Correlation matrix manufacturer 1

The investigation into feature ranking carried out by employing RF has been done

here by considering 41 test case scenarios as training data, whereas the remaining

7 cases acted as test data. Test data consisted of tests 10 to 16 (refer to Table 4.1),

for one sample, sample number 3. Feature selection based on the training dataset

together with the feature score generated by the RF is reported in the bar-plot of

Figure 5.4.

Feature name Score Rank

X0 Cycle 0.538 1

X2 Discharge C-rate 0.145 2

X1 Temperature(ambient) 0.113 3

X3 Charge cut-o↵ C-rate 0.085 4

X5 DOD 0.072 5

X4 Charge C-rate 0.045 6

Figure 5.4: RF feature ranking and score values manufacturer 1.
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It was expected charge C-rate to be the least important of features in both

algorithms due to the relatively small variance of 0.4C from one test to another,

even though it is proportional to the amount of charge capacity. A greater variance,

of possibly 1C might accelerate the degradation, however, this is not realistic from

an application point of view, causing excessive lithium platting [113]. In addition, it

was expected for the cycle number to play a major role in the prediction due to its

correlation to measured discharge capacity since is a measure of time as illustrated

in the correlation matrix of Figure 5.3. Finally, the accuracy score across all test

datasets have been tabulated in 5.1.

Linear combinations of the covariates have also been introduced in the original

input space, followed by retraining of the RF algorithm on the newly extended space.

The reason for the introduction of the additional 6 features, linear combinations of

temperature and discharge C-Rate, temperature and cut-o↵ charge C-rate, temper-

ature and DOD, discharge C-rate and cut-o↵ charge C-rate, discharge C-rate and

DOD, cut-o↵ charge C-rate and DOD is two-folded: (1) increase in prediction ac-

curacy and (2) provide an insight into covariates interaction via the feature ranking

property of the algorithm. Generally, the more features present in the input space,

the better the prediction, however, there are cases when an increase in feature space

does not necessarily equates to a better prediction [105]. Therefore, linear combina-

tions of cycle or charge C-rate with all other covariates have not been considered to

avoid the introduction of bias into the algorithm since cycle and charge C-rate are

constantly ranked as a highest and lowest ranking feature, respectively.

Accuracy Measure Average across test datasets

R
2 [%] 73.92

Mean Absolute Percent Error [%] 7.01

Mean Squared Error 0.166

Table 5.1: Average accuracy values across all test datasets manufacturer 1

Figure 5.5 summarises feature ranking, whilst Table 5.2 summarised the average

accuracy. It is clear that the accuracy of the prediction has increased when all

metrics are considered.

In terms of feature ranking as per Figure 5.5 the interaction of temperature

and discharge C-rate achieves the second-highest ranking values. In addition, linear

combinations of discharge C-rate and DOD have also been ranked high. It is worth

mentioning that both Temperature and Discharge C-rate have been highly ranked

individually too, suggesting that, indeed, in order to accelerate the degradation

for manufacturer 1 temperature and discharge C-rate are the two most important

covariates to experiment with.
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Feature name Score Rank

X0 Cycle 0.514 1

X1⇥ X2 Temperature ⇥ Discharge C-rate 0.131 2

X2⇥X5 Discharge C-rate ⇥ DOD 0.061 3

X2 Discharge C-rate 0.049 4

X1 Temperature 0.043 5

X1⇥X5 Temperature ⇥ DOD 0.042 6

X1⇥X3 Temperature ⇥ Charge Cut-o↵ C-rate 0.037 7

X3⇥X5 Charge Cut-o↵ C-rate ⇥ DOD 0.035 8

X2⇥X3 Discharge C-rate ⇥ Charge Cut-o↵ C-rate 0.031 9

X5 DOD 0.022 10

X3 Charge Cut-o↵ C-rate 0.018 11

X4 Charge C-rate 0.015 12

Figure 5.5: RF feature ranking and score values manufacturer 1 with extended input
feature space

Accuracy Measure Average across test datasets

R
2 [%] 80.66

Mean Absolute Percent Error [%] 5.95

Mean Squared Error 0.142

Table 5.2: Average accuracy values across all test datasets with extended feature
space manufacturer 1

It is safe to conclude that the model generalises well across all datasets given

the accuracy score of table 5.2. Thus the model can be used to determine the

individual stress factor rank as well as a linear combination of stress factors to

better understand their e↵ect on degradation.

Manufacturer 2

Correlation matrix calculations for the second manufacturer are depicted in Figure

5.6 where temperature achieves the highest correlation value followed by discharge

C-rate, DOD and charge cut-o↵ C-rate when absolute values are considered. The

matrix indicates that discharge C-rate and DOD are equally important for degra-

dation acceleration.

The RF is fitted on all test cases except for the test cases 10, 12, 15 and 16 on

which the ranking of the stress factors is analysed. The results in Table 5.3 indicate

that the algorithm obtains an R
2 of 81.28%. In terms of stress factor ranking, in

this case, RF determines that the charge cut-o↵ C-rate is far more important than

DOD and even discharge C-rate as shown in Figure 5.1.2. Table in Figure 5.1.2

ranks temperature and charge cut-o↵ C-rate as the two highest features preceding

cycle in importance with a score of 0.157 and 0.124 respectively. This illustrates

that their interaction could potentially cause an acceleration in degradation. This
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Figure 5.6: Correlation matrix manufacturer 3

finding consolidates the idea that, apart from temperature, charge cut-o↵ C-rate is

the second most important covariate to accelerate degradation closely followed by

discharge C-rate. The fact that charge cut-o↵ C-rate ranks high in RF analysis is

surprising, especially when compared to the other manufacturer. This is related to

the presence of cobalt as the only constituent metal in the cathode when compared

to the Manufacturer 1 cell. Therefore, the algorithms perform slightly di↵erent

from one manufacturer to the other from both a feature ranking and a prediction

perspective.

Feature name Score Rank

X0 Cycle 0.426 1

X1 Temperature 0.157 2

X3 Charge cut-o↵ C-rate 0.124 3

X2 Discharge C-rate 0.105 4

X5 DOD 0.096 5

X4 Charge C-rate 0.092 6

Figure 5.7: RF feature ranking with score values Manufacturer 2

In order to determine the interaction e↵ect of stress factors on degradation, RF

was deployed on the extended feature space as described in the above sections. The
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Accuracy Measure Average across test datasets

R
2 [%] 81.28

Mean Absolute Percent Error [%] 11.44

Mean Squared Error 0.191

Table 5.3: Average accuracy values across all test datasets Manufacturer 2

results of feature ranking, when linear interactions between features are considered

have been summarised in Figure 5.8. The results indicate that interactions between

temperature with both discharge C-rate, charge cut-o↵ C-rate and DOD as well

as charge cut-o↵ C-rate and DOD are in the top 5 of most relevant features for

acceleration purposes. For manufacturer 2 linear combinations of features precede in

importance individual covariates, a trend that has not been previously encountered

in manufacturer 1. Finally, when liner combinations of features are considered, the

charge cut-o↵ C-rate, although highly correlated to capacity (see Figure 5.6) and

critical to battery top-up phase during the charge protocol (see Figure 4.2), is ranked

as the least individual feature contributing to degradation in Figure 5.8.

Feature name Score Rank

X0 Cycle 0.523 1

X1⇥X2 Temperature ⇥ Discharge C-rate 0.086 2

X1⇥X3 Temperature ⇥ Charge cut-o↵ C-rate 0.071 3

X3⇥X5 Charge cut-o↵ C-rate ⇥ DOD 0.070 4

X1⇥X5 Temperature ⇥ DOD 0.048 5

X1 Temperature ⇥ DOD 0.042 6

X2⇥X3 Discharge C-rate ⇥ Charge Cut-o↵ C-rate 0.037 7

X2⇥X5 Discharge C-rate ⇥ DOD 0.035 8

X4 Charge C-rate 0.031 9

X5 DOD 0.022 10

X2 Discahrge C-rate 0.019 11

X3 Charge Cut-o↵ C-rate 0.014 12

Figure 5.8: RF feature ranking and score values Manufacturer 2 with extended input
feature space

From a prediction standpoint, RF accuracy is greatly improved when trained on

the extended feature space as reported in Table 5.4. This is in line with findings

for Manufacturer 1, and therefore clearly indicates that the linear interaction e↵ects

between stress factors considerably a↵ect the degradation of Li-ion battery cells.

In conclusion manufacturer two, batteries behave di↵erently to the other man-

ufacturer when subjected to identical test scenarios. The three most important

features for this manufacturer are without a doubt temperature, discharge C-rate

and discharge cut-o↵ C-rate. DOD remains an important factor, however perhaps to

changes in materials across both cathode and anode an increase in discharge cut-o↵
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Accuracy Measure Average across test datasets

R
2 [%] 86.80

Mean Absolute Percent Error [%] 9.19

Mean Squared Error 0.180

Table 5.4: Average accuracy values across all test datasets with extended feature
space Manufacturer 2

C-rate’s importance as a feature can be identified.

5.1.3 Conclusion and Discussions

In this section, a machine learning-based degradation model has been developed

capable of explaining the underlying engineering reasoning behind the acceleration

of cell capacity fade by way of ranking the stress factor inputs. The random forest

(RF) algorithm has been used for modelling the relation between capacity fade

rate (response variable) and main and two-way interaction e↵ects of stress factor

(predictor variables). The section considered five main stress factors (temperature,

discharge C-rate, charge C-rate, constant voltage charge cut-o↵ C-rate and depth of

discharge or DOD) and their two-way linear interaction (temperature and discharge

C-Rate, temperature and cut-o↵ charge C-rate, temperature and DOD, discharge

C-rate and cut-o↵ charge C-rate, discharge C-rate and DOD, cut-o↵ charge C-rate

and DOD).

The study concluded that temperature, discharge C-rate, and constant voltage

charge cut-o↵ current stress factors in the form of either their main e↵ects or in-

teraction were among the top-three-ranked factors for the capacity fade of batteries

from the two manufacturers. Additionally, RF achieves a prediction error, mea-

sured as MAPE, of 5.95% on manufacturer one and 9.19% on manufacturer two.

Finally, it can be concluded that despite the degradation varying with battery man-

ufacturer, chemistry and any alteration in electrolyte concentration, in absence of a

larger train/test dataset, temperature, discharge C-rate, and constant voltage charge

cut-o↵ current are the three factors manufacturers can tune in order to accelerate

degradation.

The modelling approach provides valuable information on which stress factor

accelerates cell degradation during accelerated lifecycle tests (ALT). The work also

emphasises the potential benefits of adopting machine learning and AI for leveraging

already existing datasets within the battery manufacturing companies industry by

ranking stress factors and supporting ALT with a better-informed decision on which

factors to select to precipitate failure early.
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5.2 Degradation model for energy storage cell

For use in extreme environments, the validation testing of electrochemical capacitor

(EC) cells involves repeated charge-discharge cycles to assess capacity fade and re-

sistance increase under di↵erent charge, discharge and temperature conditions. To

reduce test time as well as costs, companies and research groups alike use accelerated

lifecycle testing to reach EC cell failure time sooner. Accelerated life cycle testing

at high temperatures can thus be used to shorten test times, however, this could

introduce new failure modes. Additionally, to qualify o↵-the-shelf components for

operation in extreme environments such as oil and gas drilling or geothermal explo-

ration accelerated lifecycle tests must be carried outside the manufacturer specified

operating environment. Since operation in the oil and gas drilling environment re-

quires components to withstand temperatures of up to 200°C [4] it is of paramount

importance to both understand the degradation under such conditions and predict

the degradation trend for maintenance purposes.

This section describes a machine learning algorithm, Gaussian process regres-

sion (GPR), as a method for modelling the capacitance fade of ECs and qualifies

the uncertainty in the associated predictions via calibration curves. The section

summarises the GPR results when trained on EC data obtained during cycling at

high temperature and showcases model generalisation ability on data gather from

two EC designs.

5.2.1 Gaussian process regression degradation model

An analysis of the generated life-cycle data in Section 3.1.2 indicates that all the

capacitors tested reached the end of life, measured as 30% capacitance fade, first.

Given that the resistance increase is small compared to capacitance fade, (see Section

3.1.2) for results, capacitance is used as the main indicator for degradation.

Formulating the degradation modelling as a machine learning problem, the task

of estimating capacitance fade can be regarded as a supervised regression problem.

Therefore, the algorithm uses four features as inputs to predict the degradation

trend. The degradation is quantified by capacitance fade calculated as % of capac-

itance left from the first cycle measurement. Mathematically, the algorithm maps

from a set of inputs, x to a set of outputs, y. The input feature vector consists of

temperature, cut-o↵ voltage, discharge current and cycle number as illustrated in

Figure 5.9.

As introduced earlier in the literature review section of Chapter 3.3, to capture

algorithm uncertainty in the prediction both a mean and variance must be esti-

mated. To satisfy the requirement of uncertainty estimation the Bayesian-based
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Figure 5.9: Gaussian process algorithm (GPR) procedure for training, calibration
and testing.

Gaussian process regression algorithm is used here to solve equation 5.3. Bayesian-

based methods, in particular Gaussian process regression (GPR), have been used

for battery capacity fade estimation [76], [77], and are thus promising candidates

for electrochemical capacitor degradation modelling. GPR has been selected as the

main algorithm for EC degradation modelling for the following reasons:

• non-parametric property able to make use of a kernel and thus map the input

vector to a multi-dimensional space unlocking new insights.

• ability to provide a predictive distribution i.e. mean and variance prediction.

• predicted variance becomes wider as one moves away from the training data

distribution (the algorithm showcases less confidence) as opposed to RVM

where predictive uncertainties get smaller the further you move away from the

training cases [114].

GPR’s formulation has been thoroughly explained in Chapter 3.3 and is thus

omitted in the present section. The formulation of the GPR algorithm in equation

3.29 indicates that the function f(x) is a sample from a Gaussian process and can

be approximated by a kernel function. Typical kernel functions k(x,x0), where x is

a training vector sample, and x0 is a test vector smaple, commonly referred to as

covariance functions, are: the radial basis, the squared exponential (SE), or Mattérn

[89]. This work combines a rational quadratic (RQ) kernel with a white-noise(WN)

kernel. The RQ kernel is defined by:

kRQ(x,x
0) =

✓
1 +

d(x,x0)2

2↵l2

◆�↵

(5.7)

where ↵ is the scale mixture parameter, l is the length scale of the kernel and
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d(·, ·) is the Euclidean distance. The RQ kernel has a smooth output given its equiv-

alent formulation to adding together many SE kernels with di↵erent lengthscales.

Thus the SE kernel displays long range trends [90] suitable for applications in prog-

nostics and degradation prediction, such as the trends illustrated in Figure 4.8. The

white noise kernel is motivated by (1) the need to model the noise component of

equation 5.3 and (2) it prevents over-fitting of the data. GPR is commonly known

to over fit when trained on small a dataset [115] consisting of just 5 cells. The

white-noise kernel is given by:

kWN(x,x
0) =

8
><

>:

�
2
n, x ⌘ x

0

0, otherwise

(5.8)

where �
2
n is the variance of observation noise, normally distributed with zero

mean.

The final kernel used in the GPR model for the present work is thus a summation

of the three kernels, rational quadratic and white noise kernel, as:

k(x,x0) = kRQ(x,x
0) + kWN(x,x

0) (5.9)

As identified above, the GPR output is not just a point estimate, but a one-

dimensional Gaussian distribution. This implies that the model has built-in uncer-

tainty information and therefore, each % of degradation in capacitance predicted

is accompanied by a standard deviation. To capture uncertainty, the 95% confi-

dence interval (CI) using the predicted value, ŷ⇤ and the model predicted standard

deviation, �⇤, is calculated as follows:

CI = ŷ⇤
± 2�⇤ (5.10)

The model is tuned using a random search cross-validation approach approach

[112] such that the error is minimised and over-fitting prevented. The parameters

l and ↵, and �
2
n, in equations 5.7 and 5.8, respectively, are drawn from normal

distributions. The cross-validation is done based on predetermined groups of cell

data, where each fold is represented by one of the 5 training cells, to maintain the

temporal dependencies of degradation within each cell.

The model error on unseen test data is evaluated based on the metrics presented

in Chapter 2.2.1: mean absolute percent error (MAPE) equation 2.1 and root mean

squared percent error (RMSPE) equation 2.2. In addition, since the model quanti-

fies its uncertainty by way of predicting a standard deviation, its ability to assess

its uncertainty must be evaluated. Consequently, the model must be recalibrated,

unless otherwise su�ciently calibrated as quantified by the calibration score (see
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Chapter 2.2.2 for a complete explanation of recalibration methods and measures of

scoring for model calibration). Thus, we first calculate calibration score based on a

2� confidence interval in equation 5.10 using the formula:

CS2� =
1

N

NX

i=1

[|ŷ⇤
i � y⇤

| < 2�⇤] (5.11)

where ŷ⇤ is the predicted % change in capacitance, y⇤ is the label and N is the

total number of cycles for the cell under scrutiny. The calibration is triggered when

the model predicts a value outside a ±1% threshold of the 2� CS score, we perform

a recalibration of the model. The predictive predictive uncertainty for decision

making is further investigated reliability diagnostics curves as presented in Chapter

2.2.2. Traditionally, algorithm recalibration, particularly in classification settings,

is carried out using isotonic regression [19]. The isotonic regression method fits a

step-wise function, however, it is prone to over-fitting. To prevent over-fitting, the

calibration has been performed using the Kernel ridge regression (KRR), a non-liner

model. The interested reader is referred to the work of Murphy [116] for a detailed

explanation of the kernel ridge regression algorithm. The KRR models used for

recalibration is using a radial basis kernel [89] with a gamma value of 100.

5.2.2 Results

The dataset detailed in Chapter 4.3, is split into train and test data. The training

data consists of five samples, whilst the test data consists of four samples (refer

to Table 5.5 for detailed explanation on test samples). Once fitted and tuned on

the training data via the group cross-validation approach, the error of the GPR

algorithm on each of the test cells measured as MAPE, RMSPE, and CS2� is reported

in Table 5.5, whilst the calibration performance is visualised via reliability curves in

Figure 5.11.

MAPE RMSPE
CS2�

uncalibratedc

CS2�

calibratedc

Cell 3a 2.13 2.53 17 92

Cell 5a 1.21 1.38 32 89

Cell 2b 0.23 0.31 96 -

Cell 4b 1.91 2.3 1 92

Average 1.37 1.63 39 93

a
LS Mtron cells,

b
FastCap cells,

c
All values in [%].

Table 5.5: Gaussian process results on test cells from both manufacturers, LS Mtron
and FastCap
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Figure 5.10: LS Mtron cells 3 and 5 predictions with GPR and associated calibration
curves.

Except for FastCap cell 2 who exhibits a near-ideal reliability plot (see Figure

5.11), all other cells required calibration of the output. It is worth noting that, as

per Figures 5.10 5.11, the reliability curve only improves above the 90% confidence

interval, otherwise displaying a poor calibration, although calibration does improve

when compared to the uncalibrated model results. FastCap cell 2 achieves the

lowest measured errors, whilst the highest error is obtained on LS Mtron cell 3. The

increase in error on sample 3 is caused by a higher deviation of the degradation trend

of the LS Mtron cell 3 from the two training cells 1 and 2. Despite, the high error

the model captures the fact that it is uncertain in the predictions of sample 3 by

increasing the standard deviation value (the grey shaded area in Figures 5.10 5.11)

around the predicted mean. Such a model behaviour is highly desirable in practice

where the true capacitance values are not available, and thus model uncertainty

quantification is often the sole decision making indicator.
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Figure 5.11: FastCap cells 2 and 4 predictions with GPR and associated calibration
curves.

5.2.3 Conclusions

Accelerated life-cycle testing coupled with machine learning models o↵ers the po-

tential to predict the degradation of energy storage cells and provide engineers with

a better understanding of cell degradation under di↵erent stress factors, including

extreme temperature. The machine learning model employed for this work, Gaus-

sian process regression, was able to predict cell degradation at temperatures ranging

from 80°C to 200°C with an average root mean squared error of 2% and a mean cal-

ibration score of 93% when referenced to a 95% CI. The model is thus mainly used

for determining cell degradation at high temperature, however, the model can also

be used to estimate degradation in between characterisation tests for a particular

EC design operated at a fixed temperature.
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State of health estimation pipeline

State of health (SOH) estimation is an intermediary step to the prediction of the end

of life or remaining useful life of an asset. A state of health (SOH) indicator such as

the capacity, or resistance, is a variable that characterises the condition of an energy

storage device. Typically, a cell’s SOH is calculated as a per cent decrease or increase

in the indicator value when compared to its pristine condition. SOH indicators can

be used to recognise a gradual or a sudden degradation of the battery cell or pack.

In Prognostics and Health Management (PHM), state estimation is traditionally ad-

dressed via an equivalent system model coupled with a filtering technique [29], [51]

as introduced in Section 3.2. Sensor measurements are used to approximate parame-

ters in the state of health model, whilst filtering techniques are used to estimate the

uncertainty of the state. Estimating uncertainty in the model via a filtering method

adds computational time and complexity. An alternative to the traditional, model

and filtering combination, is proposed in this section by training machine learning

algorithms directly on the sensory data. Machine learning models can estimate the

state of the system as well as the associated algorithm uncertainty. The associated

model uncertainty represents the algorithm’s confidence in the prediction, typically

captured in statistics by a confidence interval [18].

Machine learning-based models have numerous advantages over the traditional

methods including the elimination of the mathematical/physical model, which may

not be an accurate representation of the system, an agnostic ability to the system

design and configuration. Machine learning models, however, require considerable

amounts of training data. In the absence of adequately sized training datasets, the

models are prone to overfitting. In addition, machine learning models are sensible

to sensor data quality as well as data capture rates.

To address such challenges, in this chapter a machine learning-based model is

proposed for the task of state of health estimation of lithium-ion batteries capable

of (1) self-introduction of augmented data to minimise overfitting and (2) ability to
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quantify algorithm uncertainty. A typical machine learning pipeline used in prognos-

tics is presented in Figure 6.1. In comparison, the developed method in this chapter,
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Figure 6.1: A typical prognostics machine learning pipeline.

called battery health and uncertainty management pipeline (BHUMP), incorporates

several key modifications when compared to the schematic in Figure 6.1 including

a feature engineering step, the introduction of adversarial training examples and

re-calibration of the models for better confidence interval output, see schematic in

Figure 6.14. The pipeline uses Li-ion battery and electrochemical capacitor charge

curves as input and estimates degradation measured as capacity. BHUMP oper-

ates by passing incoming data streams through a hierarchical sequence of processing

steps to fuse them into a model. Each step of the pipeline has the goal of eliminating

or minimising the typical disadvantages plaguing machine learning-based algorithms

in prognostics. Namely, the pipeline engineers feature by summarising each incom-

ing charge curve data stream to one single value, thus becoming robust to di↵erent

data captures. In the case of limited training data, BHUMP introduces adversar-

ial examples, minimising overfitting. BHUMP also associates confidence with each

SOH estimation and re-calibrates the model when the estimated confidence is too

low/high.

In this chapter Section 7.1 presents the Lithium-ion battery data, Section 7.2

presents an overview of the pipeline introducing the key methodology. Section 7.3

proposed the neural network based learning algorithm for mapping from battery

inputs to state of health, whilst Section 7.4 provides an assessment of BHUMP’s

performance when deployed on a total of 179 Lithium-ion cells. Section 7.5 discusses

on the applicability of the pipeline and concludes with a summary of the main results.
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6.1 Lithium-ion battery data

The dataset used in this work consists of open-source Lithium-ion battery datasets.

The key di↵erences between available data sources are the operational conditions,

charge-discharge C-rates and temperatures, battery designs and chemistries consid-

ered.

Dataset CALCE CS21 CALCE CX22 CALCE PL3 NASA 5 4 NASA115 TRI *,6 Oxford7

Manufacturer Unknown Unknown Unknown LG Chem LG Chem A123 Systems Kokam

Cathode ** LiCoO2 LiCoO2 LiCoO2 LiCoO2 LiCoO2 LiFePO4

LiCoO2 /

LiNiMnCoO2

Form factor Prismatic Prismatic Pouch
18 650

Cylindrical

18 650

Cylindrical

18 650

Cylindrical
Pouch

# cells 6 6 2 8 25 124 8

Charge CC-CV CC-CV CC-CV CC-CV CC-CV Fast-charge CC

Discharge 2 regimes 2 regimes 1 regime 2 regimes 7 regimes 1 regime 1 regime

Group6*** I I I I I II III

*
Toyota Research Institute,

**
Information from manufacturer, not verified,

***
Groups based on charge protocol

Dara source: 1,2,3
CALCE [117],

4,5
NASA data repository [118],

6
TRI [119],

7
Oxford University [120]

Table 6.1: Datasets overview

This work considers three di↵erent charge protocols, namely the traditional con-

stant current (CC) and constant current - constant voltage (CC-CV) protocols illus-

trated in Figure 6.8 and the fast charge protocol, typically employed in EV battery

pack charging as illustrated in Figure 6.9. The fundamental di↵erence between the

two protocols lies in the charge C-rate values. The CC-CV protocol uses a constant

current value throughout the charging process typically ranging from 0.5C to 1C,

whilst the fast charge protocol uses a high charge C-rate between 0% to 80% SOC

followed by a CC-CV protocol for the remaining SOC range i.e. 80% to 100% (refer

to Figure 6.8(a) for the voltage profile).

The data is thus portioned in three categories as per Table 6.1 based on the

charging protocol. The partitioning of the data is motivated by the need to illustrate

the generalisation ability of the pipeline irrespective of the charging protocol, battery

chemistry, cell design and discharge condition.

CALCE dataset

The CALCE dataset [117] incorporates three di↵erent battery designs as referenced

in Table 6.1. The dataset incorporates the standard CC-CV (refer to Figure 6.8).

The CC-CV charge protocol consists of the constant-current (CC) part of 0.5 C-rate
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charging current until the cut-o↵ voltage threshold value of 4.2V, and a constant-

voltage (CV) part until the current dropped to a value of 0.05 C-rate. All cells

have been discharged with a current value of 0.5 C-rate or 1C-rate, until the voltage

reached a value of 2.7V. Degradation results measured as a percentage of capacity

fade from the first cycle are displayed in Figure 6.2.

Figure 6.2: Degradation curves for cells in CALCE dataset

NASA dataset

The NASA data [118] used for the present work combines two datasets. Both

datasets used the above mentioned CC-CV charging protocol (see A.1) with a charge

current during the constant-current phase set to a value of 1.5 C-rate. During

discharge, current values incorporate a mixture of constant-discharge, square wave

discharge with current values ranging from 2A to 4A or randomised discharge chang-

ing from 5 minutes to 3 hours with current values between 0A to 5A. (for detailed

information regarding discharge profiles refer to [118]). To track degradation, char-

acterisation tests have been conducted at regular intervals with a CC-CV charging

profile similar to the one used in A.1, at a constant-current value of 2A, and a

discharge current value of 2A. The characterisation data was used as part of the

performance analysis of BHUMP with the degradation results measured as a per-

centage of capacity fade from the first cycle - see displayed degradation curves in

Figure 6.3.
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Figure 6.3: Degradation curves for cells in NASA dataset

TRI dataset

The biggest dataset incorporated in the work is the Toyota Research Institute - MIT

- Stanford cell cycling dataset, made publicly available at [119]. The dataset includes

a total of 124 batteries cycled under 72 di↵renet fast-charge profiles similar to the

one outlined in Figure 6.9. All cells have been identically discharged with a 4C-rate

current value between voltages of 3.6V and 2.0V. For further details regarding the

experimental work refer to the work of Severson et. al. [10]. All the cycle data is

used as input to the BHUMP pipeline. Figure 6.4 illustrate degradation profiles of

the cells in the dataset measured as the percentage of capacity fade from the first

cycle.

Oxford dataset

The final dataset used in the present chapter is the Oxford Battery Degradation

Dataset [120], which was developed to understand Li-ion battery cell degradation

when operated dynamically under electrical vehicles ARTEMIS [121] driving profile.

Periodic characterisation cycles to better gauge the degradation of the cells have been

carried out at regular intervals of 100 ARTEMIS drive cycles. The characterisation

cycles consisted of a constant current (CC) charge protocol followed by a constant-

current discharge protocol at C/18.5 (40 mA). The characterisation data is thus

further used as input to BHUMP. Degradation results measured as the percentage

of capacity fade from the afirst cycle are displayed in Figure 6.5.
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Figure 6.4: Degradation curves for cells in TRI dataset

Figure 6.5: Degradation curves for cells in TRI dataset.

6.2 Method overview

Estimating battery state of health is considered a supervised multivariate regression

problem. Thus, depending on the application the algorithm output takes the form of

capacity (energy fade), or resistance (power fade) for Li-ion batteries. In this work,

capacity is considered as the primary SOH estimator and thus the algorithm maps

from a vectorial input, x to a set of outputs y i.e. capacity vector. The mapping
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function is given by:

(y) = f(x) + ✏ (6.1)

where f(x) is the mapping function that requires learning and ✏ is the random

noise component. In this work, the noise ✏ is assumed to belong to a zero-mean

Gaussian distribution given by N (0, �2
noise). The input sensory data considered in

this work are voltage and current measurements during the charge portion of the cell

operation. Whilst capacity during discharge is used as output i.e. state of health

(SOH) indicator. Capacity is calculated based on the Coulomb counting method.

In practice, Capacity (Q), is given by:

Q =
nX

i=1

I(ti)�ti�1,i (6.2)

where i is the time instance, n is total number of time steps, I(ti) is the current

at time ti and �ti�1,i is the time di↵erence between two consecutive time step

measurement.

Considering capacity as the target variable, equation 6.1 can be solved via numer-

ous methods including exponential models as well as machine learning algorithms

as summarised in the literature review of Section 3.3. This work considers four

machine learning approaches separated into two classes based on their statistical

inference assumptions, namely frequentist or Bayesian approaches. The key di↵er-

ences between the two lie in the assumptions each method makes. The frequentist

assumptions regard the data as a random sample of a population with non-accessible

fixed parameters. In consequence, during the training phase, the algorithm learns

the population parameters by using statistical inferences to make probable approx-

imations about the parameters. The Bayesian method, on the other hand, assumes

data to be fixed and the parameters of the distribution can be described proba-

bilistically. During the training process Bayesian methods extract knowledge from

the sample and any prior information about the problem and thus learn parameter

distributions. A deep understanding of the di↵erence between the two approaches

is beyond the scope of the present chapter, the interested reader can refer to [122],

[123] for an in-depth discussion on the topic. For prognostics, however, the key point

to underline is that, depending on the inference technique used, the prediction is a

point estimate for frequentist methods, whereas for Bayesian methods it is typically

a Gaussian distribution where the mean of the prediction represents the predicted

value and the variance component represents the associated confidence in the predic-

tion. To overcome the inability of the frequentist method to provide variance-based

confidence, we consider in Section 6.3 two modified ensemble methods as an alter-

84



Chapter 6: State of health estimation pipeline

native. The proposed ensemble techniques can estimate uncertainty, quantified as

variance based on the intrinsic variably between individual estimators in the ensem-

ble. In total, the work considers four algorithms, kernel ridge regression, Gaussian

process regression, random forest regression and an ensemble of neural networks as

well as two filtering and feature selection methods and two calibration methods.

The following sections describe the pipeline hierarchical steps in greater detail and

splits them into Data processing, Learning algorithm and Uncertainty quantification.

Finally, the chapter concludes with the results in the section titled State of health

estimation pipeline applied to Li-ion batteries.

6.2.1 Data processing

Prior to model training, input sensory data goes through a processing step in which

any outliers are eliminated and features are engineered - refer to Figure 6.6. Often,

for engineering applications the data processing step includes a feature engineer-

ing step where inputs are selected based on the underlying physical principle [124],

[125]. Given the high number of sensors in an engineering systems, features must

be selected based on importance to predictor variable based on failure modes mech-

anism and e↵ect analysis as well as automatic feature selection algorithms such as

the Random Forest. The obtained features can be further compressed via dimen-

sionality reduction techniques such as principle component analysis (PCA). Finally,

before o↵-line algorithm training, the degradation data is prepared via outlier de-

tection and filtering techniques. This section concentrates on three key aspects for

the development of a state of health estimation machine learning centered pipeline

for Li-ion batteries: (1) engineering features based on input charge curves, (2) se-

lecting the best correlated features to the target variables via the recursive feature

elimination algorithm and (3) the introduction of additional samples in the training

dataset via augmentation techniques.

6.2.2 Data analysis and filtering

The data used for this work, see Table 6.1 consits of three fundamental Li-ion

battery chemistries widely used in industry namely, a catode consiting of lithium

iron phosphate (LiFePO4), lithium cobalt oxide (LiCoO2), or lithium cobalt oxide

(LiCoO2)/lithium nickel manganese cobalt oxide (LiNiMnCoO2) with a graphite-

based anode. Due to the high variation in the data outliers, introduced due to er-

ronous sensor measurement or human error when setting up the experimental work,

are removed. The filtering technique used to filter all degrdation data (erronous ca-

pacitance measurments) in this work is the Random Sample Consensus (RANSAC)
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Figure 6.6: Data processing for machine learning models.

algorithm developed in [126]. The method was used due to its simplicity of filter-

ing data via a linear model, however any other outlier filtering techinque can be

employed for this work. Therfore, RANSAC was set to remove gross errounous

measurements in capacity from one cycle to another. The filtering technique was

deployed before feature engineering and model training. Results are succinctly il-

lustrated in Figure 6.7.

6.2.3 Feature engineering

Feature engineering has traditionally been dominated by a manual feature re-construction

based on domain knowledge [124], [125] or automatic feature generation and ex-

traction through techniques such as neural network auto-encoders [23], [127]. The

biggest downside of the automatic based technique of not knowing what the newly

generated features represent in an engineering/physical context. For this reason, a

complete white box approach with an automatic feature selection has been adopted

for BUMP, where most features have an underlying physical degradation explana-

tion, though agnostic to specific battery design and chemistry.

Typical sensory data collected from a Li-ion cell or an electrochemical capacitor
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(a) Cylindrical A123 LFP/graphite cell 1. (b) Pouch LCO cell 11.

(c) Prismatic CS2 LCO cell 33. (d) Prismatic CX2 LCO cell 33.

Figure 6.7: Outlier removal with RANSAC (red denotes outliers, blue denotes inlier)

Attribute Target variable

Cycle number

Discharge Capacity

Discharge C-rate

Charge C-rate

Test time

Voltage vs. Time

Current vs. Time

Charge times

Table 6.2: Parameters recorded or calculated based on input sensory data during
cycling tests.

includes voltage and current [128], temperature [129] and humidity [130]. The most

common and easily retrievable data at the cell level, however, are time-stamped

current and voltage measurements during battery charge-discharge operation (refer
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to Table 6.2). Due to ease of data retrieval and wide availability, this work uses

the voltage and current charge curves as input to the pipeline. It is well known

that cell voltage is dependant on operating temperature, discharge rates and cell

ageing [131] indicating that voltage-time measurements capture the intrinsic battery

degradation e↵ectively. Depending on the charge protocol, constant current (CC),

constant current - constant voltage (CC-CV) Figure 6.8 or fast-charge Figure 6.9,

the extracted curves change form as the battery is ageing as seen in Figures 6.15

and 6.16.

(a) Typical voltage profile during CC-CV

charge protocol.

(b) Typical current profile during during

CC-CV charge protocol.

Figure 6.8: Constant current - constant voltage (CC-CV) charge profile with asso-
ciated cut-o↵ values.

(a) Typical voltage profile during fast-charge. (b) Typical current profile during fast-

charge.

Figure 6.9: Fast charge profile with associated cut-o↵ values. Note: constant current
- constant voltage (CC-CV) charge curve occurs at the end of the profile.

The frequency and accuracy of the captured curve vary from one experiment to

another. Additionally, depending on electrode and electrolyte chemistry composition

each cell will have di↵erent voltage ratings. For example, a LiCoO2 battery cell

operating envelope is 2.7V to 4.2V [132], whilst an electrochemical capacitor with

an organic-based electrolyte operates at a potential window of 0V to 2.7V [133]. This

implies that the measured curve will have a di↵erent voltage range depending on
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the monitored cell, in turn a↵ecting the generalisation ability of the models during

deployment.

To overcome variations in voltage operating envelope curve, the extracted curve

sections in Figures 6.9 and 6.9 are normalised on the interval [0, 1] by subtracting

the minimum value and dividing by the resulted maximum value. This allows for

the pipeline to be deployed on di↵erent battery types and designs whilst using the

same training dataset provided the test cells underwent the same charging protocol.

Since features extracted based on an auto-encoder approach are di�cult to ex-

plain using engineering principles, and thus are hard to interpret. For this reason,

the work adopts a more engineering-based approach where domain knowledge ex-

pertise plays a central role in the derivation of the new features. Consequently, each

normalised curve is then compressed to one value based on mathematical formulas.

Summarising each curve to just one value reduces algorithm training time, bypasses

the need for the curves to be recorded using the same data capture frequency and

speeds up prediction time when the algorithm is deployed online.

The forst three features are derived based on signal mean, kurtosis coe�cient

and skewness coe�cient as per the following formulas:

skewness =

Pn
i=1(x(i)� x̄)3

(n� 1)�3
x

(6.3)

kurtosis =

Pn
i=1(x(i)� x̄)4

(n� 1)�4
x

(6.4)

where x̄ and �x represent the mean and standard deviation of curve feature x.

In addition to the above features derived from traditional pattern recognition,

the work considered distance measurements from a predetermined reference line to

the charge curves. First a line of equation y = mx+ c where y represents current or

voltage, and x represents time. The introduced line is used as a reference point from

which the distance is measured towards the desired charge curve, be it voltage charge

curve or current charge curve (see Figures 6.10, whilst Figure 6.11). To calculate the

distance the work uses Directed Hausdor↵ (DH) and Frechet (FD) distance covered

in detail in [134], [135] and [136], [137].

The Hausdor↵ Distance distance between two point sets A(x1, x2) and B(x3, x4),

where x1, x2, x3, x4 are 2D coordinates, is calculated as:

H(A,B) = maxx✏A{miny✏B{||x, y||}} (6.5)

where ||x, y|| can be any norm. Since H(A,B) 6= H(B,A), and thus Hausdor↵

Distance is not symmetric, the work only uses the distance from the reference line

to the charge curve - see Figures Figures 6.10 and 6.11 for reference.
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Figure 6.10: Typical constant current
(CC) charge curve with associated ref-
erence line of equation y = mx+ c

Figure 6.11: Typical constant voltage
(CV) charge curve with associated ref-
erence line of equation y = mx+ c

Taking the two points outlined above as a reference, the second distance mea-

surement introduced in this work, Frecehet distance is given by:

FD(A,B) = min{max||A(↵(t)), B(�(t))||} (6.6)

where ↵(t) and �(t), range over continuous and increasing functions with ↵, �, t

✏[0, 1]; while, ||...|| is the norm. In contrast to Hausdor↵ distance, Frechet distance

respects the order of the points in the takes into account the order of the points along

the curve and thus can better compare the di↵erence between the reference line and

the desired charge curve [136]. A complete mathematical explanation behind Frechet

distance formula in eq. 6.6 can be found in [137].

In addition to the above-introduced features, the entropy of a curve is also used

as a method to generate new features for the algorithm. Entropy is widely used in

a plethora of domains including in information theory as introduced by Shannon in

1948 [138], or statistical mechanics, where thermodynamic property of curves has

been thoroughly analysed in [139], [140], [141].

This work uses a modified version of the entropy of a curve (EC) formula intro-

duced in [141] as follows:

EC =
log2 (

2L
D )

log2 (N � 1)
(6.7)

where L is the length of the curve, D is the diameter of the smallest hypersphere

covering the curve, and N�1 is the number of segments approximating the line. For

a thorough mathematical journey on the derivation of the curve entropy computed

above refer to [141].

Finally, typical battery operational data has been used as further features for
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the algorithm such that degradation time can be accurately located in the lifecycle

of the cell. Therefore, attributes such as continuous operational time, time spent

at the constant current charge, or time spent in constant voltage time are also used

along with the above-derived features. The total number of engineered features for

Li-ion battery cells used in this work reached 30 features. A complete summary

of all derived features (cumulative based current, voltage and time features) and

engineered features (obtained based on charge curves) can be found in tables 6.3.

Feature Target variable

Battery specific data

1 - Nominal Capacity [Ah]

Discharge Capacity [Ah]

2 - Charge Current [A]

3 - 4 - Discharge Current [A]

Cumulative (historical) data
5 - Cumulated Discharge Capacity [Ah]

6 - Cumulated Discharge Energy [Wh]

1 Cycle Lagged Data
7 - Lagged Cycle Time [s]

8 - Lagged Pseudo Resistance [⌦]

Instantaneous charge data

9 - Terminal Voltage @ Start of charge [V]

10 - Charge time of CC part of charge curve [s]

11 - Charge time of CV part of charge curve [s]

12 - Mean current during CCCV part [A]

13 - Mean voltage during CVCC part [A]

14 - Slope of CCCV-CCCT curve

15 - Slope of CVCC-CVCT curve

16 - Energy during CCCV-CCCT curve segment [Wh]

17 - Energy during CVCC-CVCT curve segment [Wh]

18 - Energy ratio CCCV-CCCT / CVCC-CVCT of curve segment

19 - Energy Di↵erence ( CCCV-CCCT) - (CVCC-CVCT) of curve segment

20 - Entropy of CCCV-CCCT curve segment eq 6.7

21 - Entropy of CVCC-CVCT curve segment eq 6.7

22 - Shannon entropy of CCCV curve segment

23 - Shannon entropy of CVCC curve segment

24 - Skewness coe�cient of CCCV-CCCT curve segment eq 6.3

25 - Skewness coe�cient of CVCC-CVCT curve segment eq 6.3

26 - Kurtosis coe�cient of CCCV-CCCT curve segment eq 6.4

27 - Kurtosis coe�cient of CVCC-CVCT curve segment eq 6.4

28 - Frechet Distance of CCCV-CCCT curve segment eq 6.6

29 - Frechet Distance of CVCC-CVCT curve segment eq 6.6

30 - Hausdor↵ Distance of CCCV-CCCT curve segment eq 6.5

31 - Hausdor↵ Distance of CVCC-CVCT curve segment eq 6.5

Table 6.3: Engineered features based on recorded parameters in Table 6.2.

6.2.4 Feature ranking and selection

Often in engineering problems, there are uninformative or highly correlated input

features, which could prevent modelling of the problem and thus, fitting a correct

regression model. The task of ranking and identifying the highest contributing

features in order of importance to the prediction is termed ”feature selection”. A
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feature selection process is crucial to select only the informative features and discard

non-informative ones. The primary goal of feature selection as a step in the pipeline

is a reduction in computational time and memory by selecting a subset of the input

feature space. The present work makes use of feature ranking and selection for two

primary reasons: (1) identification of the highest contributing stress factor to the

cell degradation and (2) pruning of the input feature space and thus selecting a

subset of engineered features.

Input variable ranking is the process of ordering the features by the value of some

scoring function. There are several techniques to address the problem of ranking

depending on the intrinsic algorithm scoring function: filter, wrapper, and embedded

methods. Each method is described in detail in [142], [143] and [144]. Based on

the algorithm output ranking value, the features are then pruned based on a user-

determined threshold or via cross-validation. The next section introduces the feature

selection procedure for BHUMP.

Feature ranking and selection for BHUMP

Feature ranking methods are essential due to their discriminative power in the as-

sessment of intrinsic properties of the data, especially when features are highly

correlated. In order to illustrate the high correlation between features and illustrate

potential redundancies in the feature input space, we first compute the correlation

matrix based on Pearson’s correlation, ⇢ given by:

⇢ =
Cov(X, Y )

�X , �Y
(6.8)

where X, Y denote feature vectors, �X , �Y are their variances and Cov(X, Y ) is

the covariance between the two features, calculated as:

Cov(X, Y ) =
1

n

nX

i=1

(xi � µX)(yi � µY ) (6.9)

where µX , µY are the mean values of each feature series X, Y . The results

of feature correlation using Pearson’s criteria are illustrated in Appendix section

Figures A.11, A.12 and A.13.

For selecting the decorrelated subset of the engineered features designed for the

state of health estimation task, a wrapper method is investigated. Guyon et. al.

[145] introduced a wrapper method based on stability selection using recursive fea-

ture elimination with cross-validation (RFE-CV) back in 2002. RFE first fits an al-

gorithm on the dataset, in the original formulation a support vector machine (SVM)

algorithm is fitted, followed by an iterative elimination of the features based on the

feature rank. Each feature ranked is obtained based on the fitted algorithm as-
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signed weights for each of the input vector features. RFE requires a specific number

of feature to be removed after each iteration and also requires a minimum number

of feature to be kept for the predictor to be trained on. To avoid the need for man-

ual input of the desired number of features the previously mention cross-validation

approach is used such that the RFE is fitted multiple time i.e. on each fold and thus

the most important number of features is selected automatically.

The method is used here for its unique property of feature selection without re-

quirements of user-based thresholds, such as a maximum number of features desired

by the user. Instead, features are automatically selected via cross-validation. To

better suit, the application to energy storage devices, the original formulation of the

method as described in [145] is modified by replacing the decision function algorithm

with a random forest (RF) as opposed to the support vector machine (SVM), due to

RF non requiring scaling of the dataset which could, in turn, introduce biases in the

feature selection process. Additionally, recursive feature elimination is guaranteed to

outperform other conventional methods [146], [147]. The resultant feature selection

algorithm is called random forest recursive feature elimination with cross-validation

(RF-RFE-CV).

6.2.5 Data augmentation

After the feature selection step, we deliberately introduce adversarial examples to

make the algorithms robust to outliers, prevent overfitting and reduce distribution

variance around the predicted capacity value. Adversarial examples [148] are values

close to original training example, but are often miss-classified by the algorithm.

Generating adversarial examples in a regression setting is an understudied topic

[149]. Therefore, this section introduces a novel method to generate adversarial

examples using the fast gradient sign method (FGSM) as proposed by [148] in com-

bination with the weight decay algorithm (ridge regression). Other methods based

on neural networks [150], [151], [152], [153] can also be used as data augmentation

policies. We use FGSM with Ridge regression for generating such examples due to

its simplicity and ease of application. Given an input x̂ with a target y and loss

l(✓̂, x̂, y) where ✓ are the model weights, FGSM generates an adversarial example

as:

x̂adv = x̂+ ✏ · sign(rxl(✓, x̂, y)) (6.10)

where ✏ is a small multiplication value such that the max value of the pertur-

bation is bounded and rx is the gradient with respect to x̂. Since we use ridge

regression (weight decay) algorithm to generate the samples, the loss function be-

comes:
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l(✓̂, x̂, y) =
nX

i=0

(yi � x̂
T
i ✓̂)

2 + ↵

kX

j=1

✓
2
j (6.11)

where i is the number of training examples, j the number of features and ↵ the

regularisation parameter. Since each feature in the dataset has a di↵erent range, we

set ✏ to 0.01 or 1% times the range of each feature vector.

As illustrated in [151] training of any algorithm on adversarial examples can be

interpreted as a computationally e�cient solution to smooth the predictive distri-

bution by increasing the likelihood of the target around the ✏ neighbourhood of the

original training examples. For this reason, adversarial training examples are not

strictly necessary, particularly in large datasets. However, for the application to

Li-ion batteries, adversarial examples are used here to mitigate di↵erences in bat-

tery design/chemistry. In situations when the training datasets are small, such as

Group III data presented in Table 6.1, adversarial examples can further be used

to enhance dataset size and reduce overfitting improving algorithm generalisation

ability on unseen test cells.

6.3 Learning algorithm

The pipeline described above and outlined in Figure 6.14 uses four algorithms to

estimate Li-ion battery state of health namely: Bayesian ridge regression, random

forest, Gaussian process regression, and an ensemble of neural networks. Bayesian

regression, Random forest and Gaussian process regression algorithms have been

described in sections 3.3, 5.1 and 5.2 respectively, and are thus omitted here, while

the ensemble of neural networks is further described below.

6.3.1 Ensemble of Neural Networks

Whilst the pipeline considers four di↵erent algorithms for estimating Li-ion battery

state of health, the most power-full of the three, in terms of scalability, generalisation

power and calibration potential, consists of an ensemble of neural networks [151].

A neural network (NN) is a machine learning algorithm that consist of con-

nected perceptrons or neurons. A perceptron is the simplest artificial neural neuron

that consist of an input layer, an activation function and an output (see Figure

6.12). Typical activation functions are the linear function, or non-linear such as

sigmoid, SoftMax, etc. [87]. A multi-layer perceptron network is generally trained

by computing a loss or cost function based on the error followed by a minimisation

of the function with respect to all the network weights (refer to Figure6.12 for an

illustration of the model weights).
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Figure 6.12: Perceptron schematic and key building blocks.

The flexibility and the ability to scale of the NNs by selecting the number of lay-

ers, number of neurons, or activation functions allowed them to out-perform other

machine learning algorithms, particularly in large datasets. Although highly accu-

rate in the field of Li-ion battery SOH estimation and RUL prediction [27], [36],

[73] due to their construction NNs cannot traditionally estimate uncertainty in their

prediction. Quantification of uncertainty, as motivated in Section 2.2.2 is critical

for practical applications in engineering, particularly for decision making purposes.

Therefore, this section proposes a novel algorithm consisting of an ensemble of neu-

ral networks. the proposed algorithm in this section exhibits two key properties:

(1) improves model performance by ensembling a pre-defined number of NNs as en-

semble regressor models are known to outperform single regressors [154], [155], and

(2) estimates prediction uncertainty by assuming a predictive Gaussian distribution

with mean µ and variance � generated by the ensemble itself.

In machine learning, a regressor ensemble combines several algorithms that run

in parallel to accurately predict the target variable by averaging the results of each

individual regressor [155]. Although, typically the regressors used are of di↵erent

form from one another e.q. an ensemble can consist of GPR, RF and BRR (see

Sections sections 3.3, 5.1 and 5.2 for abbreviations and algorithms) running in par-

allel, the work here concentrates on ensembling deep neural networks into a single

meta regressor called a deep neural network ensemble (dNNe) as illustrated in Fig-

ure 6.13. The proposed algorithm follows the formulation in [151] and consists of n

neural networks running in parallel. Each NN in the ensemble consist of two fully

connected dense layers with two di↵erent layers namely, layer one neurons incorpo-

rates a rectified linear unit (ReLU) (eq. 6.12) activation function, whilst neurons in

the second layer use a Leaky ReLU (eq. 6.13) activation functions.

ReLU =

8
<

:
0 z  0

z, z > 0
(6.12)
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Figure 6.13: Schematic of the deep ensemble of neural networks (dNNe). Note: µ

represents mean value, � represent variance, n the number of neural networks in the
ensemble, whilst µ⇤

, �
⇤ represent the mean and variance of the resultant mixture of

Gaussian distributions.

Leaky ReLU =

8
<

:
↵z z  0

z, z > 0
(6.13)

where z is the input to the activation function, and ↵ is a small non-zero constant

gradient, in this case ↵ = 0.001.

Additionally, the number of neurons set in each later depends on the number

of input features and thus decreases by 50% in each layer when compared to the

previous layer e.q. given 12 input features, the first layer includes 6 neurons, whilst

the second layer includes 3 neurons. Finally, the output of the last layer is fed into

a custom Gaussian layer which predicts the mean value µ and variance �
2 with

�
2
> 0. The loss function for each neural network is given by negative log-likelihood

as a function of the mean µ and variance �
2 eq. 6.14, whilst the final output of the

ensemble, the mean µ
⇤ and variance �

2⇤ of the mixture of Gaussian distributions

(see Figure6.13) is given by eq. 6.15 and eq. 6.16.

� log p(y|x) =
log�

2(x)

2
+

(y⇤ � µ(x))2

2�2(x)
(6.14)
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where x is the input vector, y⇤ is true label and µ and � are the NN predicted

mean and variance.

µ
⇤ = N

�1
nX

i=1

µi(x) (6.15)

�
2⇤ = n

�1
nX

i=1

(�2(x) + µ
2(x)) + (µ⇤(x))2 (6.16)

where n is the total number of NNs in the dNNe ensemble and all other variables

have been previously described.

The above outlined dNNe construction two key properties are observed: (1) the

loss or scoring rule measures the quality of predictive uncertainty eq. 6.15 and (2) the

final output is a mixture of Gaussian distributions which is guaranteed to outperform

a single neural network [151]. In turn, this rewards a better calibration of the

algorithm resulting in accurate algorithm uncertainty qualification, a key property

in engineering applications (refer to Section 2.2.2 for a summary of calibration and

its importance). Given the advantageous properties of the dNNe, the algorithm has

been used in this chapter for battery SOH.

6.4 State of health estimation pipeline applied to

Li-ion batteries

To demonstrate the pipeline ability to generalise over di↵erent Li-ion battery cells

the open-spruce datasets are split into three groups based on the charging protocol

as previously described in Table 6.1. Before training of the pipeline, each group is

split into training, validation (calibration) and test sets. Group I data consist of a

total of 47 cells, and it is split into 46% training, 12% calibration and 42% testing.

Group II data incorporates 124 cells out of which 50% are used for training, 8% for

calibration and 42% for testing. Finally, dataset Group III consists of 8 cells split

into 38% training, 12% calibration and 50% testing. Parts of the training dataset is

used for feature selection as follows: 24% Group I, 60% Group II, 25% Group III.

Following the feature selection step, the pipeline’s hyper-parameters are tuned on

the train datasets where we select the best model using cross-validation, followed by

recalibration using the validation dataset. BHUMP’s performance is then measured

against the test set for each group. The number of cells in each of the three sets for

each battery group is summarised in Appendix Tables A.1, A.2, A.4, A.5.
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6.4.1 Pipeline model for Li-ion battery data

The present section introduces the pipeline in Figure 6.14 and applies it to Li-

ion batteries in Table 6.1. The section goes through every step in the pipeline

diagram, feature engineering, feature selection, adversarial training, and tuning of

the algorithms when applied to each group in Table 6.1. The section concludes with

the best performing algorithm results for each of the three groups.
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Figure 6.14: Schematic of BHUMP applied to Lithium-ion battery cells.

Feature engineering

The feature engineering in Section 6.2.3 focuses on capturing degradation based on

the charge curves and battery operation data such as time under constant current

charge, total operational time, etc. - for a complete table of derived features refer

to Table 6.3. The captured charge curves are obtained based on voltage potential

measurements at the cell terminals and therefore charge curves have an underlying

physical explanation for capturing the intrinsic cell chemistry process.

According to authors in [46], the degradation-responsible processes at the pos-

itive and negative electrodes are substantially di↵erent. Loss of negative electrode

performance happens due to the instability of the passivation layer formed at the

electrolyte-electrode interface [46]. While loss of performance at the positive elec-

trode is a direct consequence of the partial dissolution of the active material during

98



Chapter 6: State of health estimation pipeline

cycling and/or solvent oxidation with temperature and high voltage operation [46],

[12], [156], [47]. For a complete synthesis of failure modes in lithium-ion batteries

refer to reference [12]. For interpretability purposes, in the remainder of the section,

the focus is on the underlying degradation process taking place at the chemical level

inside the battery cells, followed by an explanation of the engineered features.

Battery discharge is unequivocally determined by the user and intended appli-

cation and therefore, cannot be easily controlled or optimised. However, charge

protocol can be tuned to enhance battery life and therefore is a rich resource for

battery health quantification. Any charging protocol finishes with both electrodes

materials at their most extreme potential (and most reactive states) [46], namely

highest for the positive electrode and lowest for the negative electrode. The di↵u-

sion of Li+ inside an electrode is a complex process involving both microscopic and

macroscopic processes that can potentially be partially captured by charge curves

- for a diagram of a Li-ion battery structure refer to Figure 3.2. During charging

two crucial processes occur at the anode side (graphite-based for batteries consid-

ered here -see Figure 3.8 for an SEM captured image), namely the intercalation of

lithium ions into the active material eq. 6.17, and lithium plating eq. 6.18 [157],

[158], [159].

xLi
+ + Li�C6 + xe

�
! Li�+xC6 (6.17)

yLi
+ + ye

�
! yLi (6.18)

Provided cathode over-potential threshold value is not exceeded (i.e. no over-

charging occurs), it is safe to assume that anode properties play a more critical role

during charging, especially at high charge rates. Mainly due to intercalation kinet-

ics at the anode, cathode de-intercalates faster than the anode can intercalate, the

current is the main limiting factor in a graphite-based lithium-ion battery. [157],

[160], [159]. Consequently, any charging protocol su↵ers from such limitations. All

charging protocols used here (see table 6.1) will go through a CC mode, followed by

a CV mode except for the Oxford dataset, which uses a CC mode only. Since cell

capacity and subsequently, total charging time is greatly a↵ected by charging condi-

tions such as current and temperature, the ratio of CC to CV is very important for

the battery life - see Section 5.1 for ranking of stress factors such as current C-rate

during CC and cut-o↵ charge current in CV.

In [161], authors investigate the e↵ects of charging protocols in LiCoO2 based

batteries by creating a bespoke three-electrode cell (the third electrode being metallic

lithium for reference purposes). The three independent electrodes were used to

record the cell voltage, Ecell = E(+) � E(�), with respect to potential of the anode
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(E(�)) and cathode (E(+)). The authors show that lithium-ion plating happens

concomitantly with the intercalation process in the anode. Additionally, in [161]

authors also show that platting occurs in the late period of the CC despite the

graphite not being fully lithiated. At the end of CC mode, E(�) reaches a negative

value with respect to Li+/Li, and therefore this is when plating occurs. It is well

known that the duration of the CC captures the polarisation phenomenon and thus

resulting in a decrease in the constant current charge time (CCCT) as the battery

starts ageing. The reduction in the CCCT thus decreases the amount of energy

stored in the battery resulting in the capacity fade. Concentrating on the next

section of the charge protocol, namely the constant voltage (CV), one can observe

that upon the start of the CV charging, as the current decreases (see supplementary

material Figure 6.8 for a typical CC-CV charge protocol), E(�) slowly recovers to a

normal potential value. During CV charing, both E(�) and E(+) increase in parallel

with a constant potential di↵erence equal to cell voltage cut-o↵ value, e.g. 4.2V

for batteries in CALCE dataset [160]. The CV mode duration is thus crucial to

eliminate the polarisation e↵ect caused during the CC mode allowing for the anode

to recover and thus fully charge the battery. As the battery ages, constant voltage

charge time (CVCT) increases (refer to [161]) denoting that E(�) drops to an even

higher negative potential taking more time to completely reach a normal value.

(a) Extracted voltage curve corre-

sponding to each cycle.

(b) Extracted current curve corre-

sponding to each cycle.

(c) Cycle ageing

heatmap.

Figure 6.15: Extracted ageing curves for a pouch cell operated with a constant
current - constant voltage charge protocol.

In literature, the work of Willard et. al. [101] discusses the correlation between

constant current charge time (CCCT) and constant voltage charge time (CVCT)

to capacity fade (a widely used battery state of health measurand). CCCT could

prove to be a useful state of health indicator feature for partial depth of discharge

(DOD) data where battery degradation cycled in such conditions is not linear to
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degradation during full DOD as demonstrated by Saxena in [132]. On the other

hand, CVCT has already been considered as input to SOH methods in numerous

papers [77], [125], [162], [163], [164]. CC-CV or CC charge protocol takes up to 3h

to charge and depending on discharge C-rate an equal amount of time to discharge,

for this reason, we only use parts of the charge curves as input to the algorithm.

(a) Extracted voltage curve corre-

sponding to each cycle.

(b) Extracted current curve corre-

sponding to each cycle.

(c) Cycle ageing

heatmap.

Figure 6.16: Extracted ageing curves for a cylindrical cell operated with a fast charge
protocol.

To minimise the battery state of health estimation time, the work further reduces

the input charge curve data by extracting segments between predefined voltage and

current sections.

First, parts of the constant current charge voltage (CCCV) vs constant current

charge time (CCCT) curve are extracted based on a lower voltage threshold, Vl and

an upper voltage threshold, Vh (refer to the grey area of figure 6.8) for all datasets

except TRI dataset. Since the fast-charge protocol is used in the TRI dataset, the

entire CC-CV charge part of the charging protocol is used here - see the extracted

grey area in Figures 6.8, 6.9. The first threshold, Vh is slected to be equal to charge

cut-o↵ voltage, Vcut�off , while Vl is defined using the below formula:

Vl = Vh ��V (6.19)

Where �V is a predefined voltage range i.e. between 3.8V to 4.2V range. The

recorded curve between Vl and Vh with each charge as illustrated in Figures 6.8, 6.9 is

then normalised on the interval [0, 1]. The normalisation is carried out by subtracting

the minimum value i.e. Vl and dividing by the obtained maximum value. Following

the normalisation procedure, we proceed on mathematically deriving the features

as per Section 6.2.3. This allows for training di↵erent batteries types and designs
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on the same training dataset provided the charge protocol type is identical i.e. CC-

CV, CC or fast-charge. To overcome issues resulting from battery voltage recovery

and to capture the late period of the CC charging phase (when lithium plating

occurs as briefly explained above) the �V is set to a value of to 0.3V. Additionally,

it is worth mentioning that by selecting a high Vl the pipeline accommodates for

high recovery voltage values occurring past the conventional 80% EoL threshold

such as is the case for CALCE datasets (refer to degradation curves in the dataset

section Figure 6.2). Furthermore, a high Vl threshold eliminates the need to record

the complete constant current charge curve (CC). This in turn also accommodates

partial discharge batteries which start the charging process at a higher voltage.

Secondly, parts of the constant voltage charge current (CVCC) vs constant volt-

age charge time (CVCT) are also extracted based on two current threshold values,

Ih and Il respectively. Ih has been selected equal to charge C-rate, while the lower

threshold value, �I, is equal to a current drop of 40% from Ih (eq. 6.20). The

selection of the 40% current drop values is supported by the need to minimise the

diagnostics time, CV charge takes considerable time at a relatively low current value,

whilst allowing for su�cient datapoints to be collected. To shorten the diagnostics

time lower current values, however, model accuracy could potentially be a↵ected

further in the training process.

Il = Ih ��I (6.20)

So far the engineered features obtained have been deployed on charge curves

only, however, potential further degradation information can also be extracted based

on the discharge curve since the process of lithium extraction/insertion happens

in reverse from anode to cathode. Since discharge currents vary with users, we

only extract one feature from the discharge curve, namely the instantaneous drop

in resistance termed the pseudo linear resistance as introduced in reference [165].

The pseudo-linear region is correlated to a drop in voltage from 4.2V to 4V during

discharge particularly for LCO batteries in Table 6.1. The resistance is calculated

as the ratio of the measured voltage drop, �V , in discharge and the applied load

current typically referred to in this work as C-rate. With ageing battery resistance

increases [165], hence the adoption of the pseudo resistance as a health indicator

input. The pipeline thus uses the lagged version of pseudo linear resistance from

the previous cycle such that no information from the futures is leaked into the SOH

estimation algorithm.

In addition to the above-mentioned features derived based on the CC, CV and

voltage discharge curves further features are obtained as shown in Table 6.3, however,

are omitted here since their calculation is standard for all cells in all groups and have
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been discussed in details in Section 6.2.3.

To conclude, it is worth noting that capacity is not monotonically fading with

cycle number as observed in Figure 6.2 due to regeneration phenomenon [166]. As

concisely argued in [167] a small range of capacity rise/drop has a significant e↵ect

on the accuracy and precision of the SOH estimation method, and, perhaps more

importantly, such an error propagates down the line into the decision-making process

possibly resulting in catastrophic mission failure. The aim of the proposed pipeline

is thus, to mitigate such errors by introducing the engineered features adaptable to

battery design, chemistry and operating conditions (charge, discharge, temperature).

This makes the SOH estimation problem considerably harder. For this reason, a high

number of features have been generated: 30 features for datasets I and II and 18

for dataset III allowing the algorithm to select the most relevant as explained in the

next following sections.

Feature ranking and selection

The data is split into three di↵erent groups as per Table 6.1, represented by a

di↵erent charging protocol as well as di↵erent discharge scenarios, Group I (8 cells)

with a CC-CV charge protocol, Group II (47 cells) with a fast charge protocol and

Group III (124 cells) with a CC charge protocol. While the above sections discussed

the engineering of up to 30 features, the prediction performance of each algorithm

comes from a reduced number of features, 18 for Group I, 5 for Group II and 5

for Group III as selected by the aforementioned random forest - recursive feature

elimination with cross-validation (RF-RFE-CV) algorithm.

The behaviour of RF-RFE-CV algorithm during the feature selection process is

captured in Figure 6.17 where negative MSE is shown as a function of the number

of features. Figure 6.17 clearly illustrates as the error increases when additional

features are considered. The increase in error is caused by the high correlation be-

tween features confusing the algorithm – the correlation between all input variables

for each group is summarised in Appendix Figures A.11, A.12 and A.13. It is thus

crucial to eliminate highly correlated features not only for algorithm performance

purposes but also for achieving a computationally e�cient pipeline. Therefore, de-

pending on battery chemistry, design and charge-discharge process the RF-RFE-CV

selects di↵erent features for each battery type – refer to Table 6.17 for the selected

feature for Groups I, II and III, respectively.

6.4.2 Results

The pipeline is deployed on all cells in Table 6.1 which have been divided into 3

groups. Each group dataset is split into training, validation and testing on which
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(a) 18 features for Group I. (b) 5 features selected for Group II.

(c) 5 features selected for Group III.

Figure 6.17: RF-RFE-CV selected features for each Group.

each of the algorithms is fitted and tuned and their errors quantified during inference

on the test dataset. It is worth emphasizing that for the state of health estimation

not additional diagnostics tests are carried out to capture the degradation curves

to capture parts of the charge curve. The testing is carried out by extracting the

relevant curve section based on voltage and current thresholds as described in Section

6.2.3.

Before displaying results for each of the three groups a summary of how the

pipeline works is provided below such that the reader can have a better understand-

ing of how the pipeline’s results are obtained. The method is divided into two stages

namely, o✏ine and online. The o✏ine stage creates the pipeline, ensuring feature

engineering, adversarial training, feature selection, algorithm training, and uncer-

tainty calibration, whilst the online stage encapsulates the cell diagnostics stage

where the previously generated pipeline is deployed under the assumptions that it is

given a battery cell of unknown capacity and SOC. During the o✏ine stage, BHUMP

will automate the most tedious part of machine learning by intelligently exploring

the feature space and tuning the algorithm to find the best model for the battery.

During the o✏ine stage we train the pipeline on each of the three groups( refer to

table 6.1), whilst in the online stage, we deploy it on an individual battery under
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Engineered Feature Group I Group II Group III

Nominal Capacity [Ah] X
Charge current [A] X
Cumulated Discharge Capacity [Ah] X X
Cumulated Discharge Energy [Wh] X X
Lagged Cycle Time [s] X X
Terminal Voltage @ Start of charge [V] X
Charge time of CC part of charge curve [s] X
Charge time of CV part of charge curve [s] X
Mean current during CCCV part [A] X
Slope of CCCV-CCCT curve segment X
Slope of CVCC-CVCT curve segment X
Energy during CCCV-CCCT curve segment [Ah] X
Energy during CCCV-CCCT curve segment [Wh] X X X
Energy during CVCC-CVCT curve segment [Wh] X
Energy ratio CCCV-CCCT / CVCC-CVCT of curve segment X
Energy Di↵erence ( CCCV-CCCT) - (CVCC-CVCT) of curve segment X X
Entropy of CCCV-CCCT curve segment X
Shannon entropy of CCCV curve segment X X
Frechet Distance of CCCV-CCCT curve segment X X
Hausdor↵ Distance of CCCV-CCCT curve segment X

Table 6.4: Selected features using RF-RFE-CV for each Group. Note: CC = con-
satnt current, CV = constant voltage, CCCV = constant current charge voltage,
CVCC = contant voltage charge current, CCCT = constant current charge time,
CVCT = constant voltage charge tim

the assumption that the measurements are received sequentially.

The o✏ine stage comprises algorithm training on cell ageing data where each

cell is cycled under varying conditions and follows the next steps:

1. Determine threshold values for voltage and current charge curves based on

domain knowledge and application(e.g. refer to figure 6.15 for a visual repre-

sentation of thresholds).

2. For each curve, engineer features based on sections of CC and CV and record

all other attributes: operational time, discharge rates, etc. The 30 engineered

features are summarised in supplementary material Table 6.3

3. Partition data into training, validation and testing.

4. Optional: generate adversarial training examples through weight decay al-

gorithm, also called ridge regression [168] using the popular fast gradient

sign method (FGSM) first introduced by Goodfellow in [148] (any other algo-

rithm/method for adversarial training can also be used)
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5. Select a subset from 30 engineered features using recursive feature elimination

with cross-validation (RFE-CV) automatically reducing input space.

6. Train the 4 algorithms (BRR, RF, GPR, DE) on the newly engineered datasets.

7. Evaluate algorithm performance on the validation set and determine the ac-

curacy of uncertainty estimation.

8. Re-calibrate algorithm using isotonic regression.

Once the 4 algorithms are fully trained on the entire available dataset, the algo-

rithms are ready for deployment online.

The procedure for estimating the capacity fade online can be summarised to:

1. Record cell CC and CV charge curves between the predefined thresholds.

2. Generate the relevant features based on the pre-selected feature input space

and store the values in a vector x̂⇤ of shape equal to the number of features.

3. Use the newly created vector x̂
⇤ as input to the machine learning model to

obtain a capacity value as well as the standard deviation (confidence) around

the predicted point estimate.

4. Use estimated mean and variance for decision-making purposes.

Group I data

The cells in the first group are split into 23 cells for training, 5 cells for calibration and

the remaining 24 for evaluating the algorithm performance. For feature selection

purposes out of the 23 cells used for training ten randomly chosen cells are also

used for feature selection. Refer to Appendix Tables A.1, A.2 for exact cell data

partitioning for train, validation and test.

First, given that the cells in each group have di↵erent safe operating conditions

i.e. di↵erent voltage cut-o↵ values the voltage thresholds are discussed here. From

a threshold point of view, we select a Vh of 4.2V for all batteries in this Group with

a �V of 0.3V and an associated Vl of 3.9V - refer to Section 6.2.3 for an explanation

of thresholds value purpose. Based on the feature selection dataset consisting of

ten cells the RF-RFE-CV algorithm selects a total of 18 features - refer to Figure

6.17 and Table 6.4 for the feature selection results. This particular dataset group

is the most varied of all three groups proposed for the analysis consisting of 16

di↵erent test conditions which include constant discharge, random discharge and

various constant current - constant voltage (CC-CV) charge profiles as well as three

di↵erent battery designs. Given the varied datasets on this group, the RF-RFE-CV

selects the highest amount of input features when compared to the other two groups

as demonstrated later in the document. Once the features are selected the pipeline

moves on to the data augmentation as illustrated in Figure 6.14, followed by testing

of the four algorithms within the pipeline.
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To better illustrate the results of this section and capture model performance,

Table 6.5 displays the average algorithm performance across all cells in this group

from both an error and uncertainty estimation point of view. For a detailed ex-

planation of the error measures, algorithm calibration and uncertainty estimation

analysis metrics refer to Section 2.2.1.

MAPE RMSPE Cerror Sh ↵-accuracy � PEP

BRR 4.65 5.54 89.16 0.104 25.76 0.25 36.57

GPR 3.70 4.51 83.62 0.089 32.04 0.29 60.07

RF 2.17 2.70 54.70 0.039 35.94 0.66 65.47

dNNe 3.30 4.26 86.28 0.043 32.14 0.58 63.26

Table 6.5: Average results over Group I dataset.

To better illustrate the performance of the algorithms one cell, cell no. 38 is

selected for visualisation purposes. The results for the deep neural network ensemble

(dNNe) is displayed in Figure 6.18, whilst the results for the other 3 algorithms,

bayesian ridge regression (BRR), Gaussian process regression (GPR) and random

forest (RF) are summarised in Appendix Figures A.2, A.3, A.4. As described in

Table 6.1 at the beginning of the present chapter, the charge protocol used for all

cells in this group was a constant current - constant voltage (CC-CV) protocol, and

therefore cell no. 38 uses the CC-CV with a current value of 0.5 C-rate. In addition,

the discharge protocol used for this cell consists of a full depth of discharge at a

current value of 0.5 C-rate between the two voltage thresholds of 2.7V (lower cut-o↵

voltage) and 4.2V (upper cut-o↵ voltage). Hence, the cell has not undergone any

over-charge or over-discharge. Table 6.6 captures the four algorithms’ performance

on this cell whilst Figure 6.18 displays results for dNNe, and Appendix Figures

A.2, A.3, A.4 display results for the other three algorithms BRR, GPR and RF,

respectively. Whilst Table 6.5 concludes that RF achieves the lowest mean absolute

percentage error (MAPE), it also concludes that RF is hard to calibrate, achieving

a calibration score (Cscore of just 54.70%. Note, all algorithms display a confidence

interval (CI) equivalent to a 90% quantile. BRR, dNNe and GPR on the other hand

display a close to the ideal 90% Cscore, with the dNNe achieving the second-best

performance with a MAPE of 3.30% - see Table 6.5.

MAPE RMSPE Cerror Sh ↵-accuracy � PEP

BRR 1.52 2.49 84.49 0.021 70.00 0.57 68.92

GPR 1.49 2.24 92.23 0.025 65.00 0.48 71.76

RF 0.72 0.91 100 0.046 92.00 0.29 95.29

dNNe 0.65 0.92 88.01 0.0082 93.00 0.93 97.71

Table 6.6: Results for Group I cell no. 38.
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(a) dNNe prediction as a function of cycle

numbers.

(b) dNNe actual vs. predicted capacity.

(c) dNNE calibration results.

Figure 6.18: Prediction results with dNNe Group I cell no. 38.

Overall, the four models generalise well across all cells - refer to Table 6.5 achiev-

ing state-of-the-art performance results with the best algorithm, RF achieving an

average MAPE of 2.17%, whilst the worst performing algorithm, BRR achieved a

MAPE error of 4.65%.

Group II data

The biggest dataset for the performance analysis of the pipeline is Group II con-

sisting of 124 cells. The dataset incorporates cells that have been cycled under 72

di↵erent charge profiles and one single discharge profile defined. The discharge cur-

rent value used was a 4 C-rate down to the full depth of discharge of the cell. Due

to the single discharge profile used during testing, this particular dataset empha-
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sises the e↵ect of fast-charging on pipeline accuracy, highlighting its generalisation

ability on such varied charge profiles. The feature engineering is carried out on the

extracted full CC-CV charge as per Figures 6.9 and 6.16. In terms of the train-test

split, the Li-ion batteries are divided into 63 randomly chosen training cells and 51

cells for testing, refer to Appendix Table A.4 for cell partition in each dataset. In

addition, 10 cells are used for calibration and are therefore omitted from both train

and test dataset to avoid overfitting and leakage of information during prediction,

respectively. See Appendix Table A.4 for exact cell number for train-calibration-

test partition. The feature selection algorithm, RF-RFE-CV results are illustrated

in Table 6.4 and Figure 6.17. The algorithm selects only 5 features out of the total

30 engineered features as per Table 6.4. The reduced number of features selected

is caused by the low variation in discharge data indicating that only 5 features

are su�cient for estimating SOH of a battery despite the widely varied fast-charge

conditions.

MAPE RMSPE Cerror Sh ↵-accuracy � PEP

BRR 0.45 0.76 91.72 0.005 97.31 99.19 62.86

GPR 1.00 1.91 93.14 0.012 90.43 83.74 63.21

RF 0.11 0.14 79.72 0.001 99.84 99.96 58.77

dNNe 0.23 0.45 91.02 0.002 99.53 99.50 53.41

Table 6.7: Average results over Group II dataset

Average results of the four algorithms utilised in the pipeline are captured in

Table 6.7. Whilst visualisation of the results on a single cell, cell number one are

captured in Figure 6.19 for the dNNe and Appendix Figures A.5, A.6, A.7 for the

other three algorithms (BRR, GPR and RF). In terms of the testing, cell no one

was charged with a 3.6 C-rate up to 80% state of charge (SOC), after which the

cell is charged galvanostatically or CC at 1 C-rate followed by the potentiostatical

charging i.e. CV part of the charge protocol. Cell one was carefully selected to

better illustrate algorithm performance where there is a high degree of variance in

the measured SOH metric i.e. capacity fade - refer to Figure 6.19 where the true

capacity is displayed in red. The results of all algorithm on this particular cell

are captures in Table 6.8, where RF achieves the lowest error, followed by dNNe

achieving the second-best performance.

In general, across the dataset RF maintains the lowest error of 0.11%, however it

is di�cult to recalibrate achieving only a 79.72% Cscore where the ideal Cscore is 90%

- see Table 6.7 for results. Despite this all models achieve a RMSPE lower than 2%

RMPSE, clearly indicating that SOH estimation is not a↵ected by the fast-charge

section of the charging protocol. Additionally, the two Bayesian algorithms (BRR,

GPR) are also 10’

109



Chapter 6: State of health estimation pipeline

(a) dNNe prediction as a function of cycle

numbers.

(b) dNNe actual vs. predicted capacity.

(c) dNNE calibration results.

Figure 6.19: Prediction results with dNNe Group II cell no. 1.

MAPE RMSPE Cerror Sh ↵-accuracy � PEP

BRR 0.72 0.90 65.49 0.005 89.00 98.00 20.70

GPR 1.23 1.63 69.94 0.011 65.00 85.00 22.16

RF 0.23 0.43 87.42 0.002 98.00 100 42.81

dNNe 0.34 0.48 71.31 0.002 98.00 100 31.50

Table 6.8: Results for Group II cell no. 1.

Therefore, similar to the results in Group I dataset, the dNNe is the most suitable

algorithm for the task of SOH estimation under fast-charge conditions due to its

ability to achieve good scores across all metrics. dNNe also has an advantage owing

to its ability to scale to new cells and hardware implementations due to faster

training when deployed on GPU supported devices and easier to implement on
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front-end platforms.

Group III data

The final dataset used during the analysis is aimed at determining the pipeline’s

performance on Li-ion battery cell data operated under a simulated electrical ve-

hicle (EV) profile. A total of eight cells have been cycled with the internationally

ARTEMIS [121] dynamic driving profile. To determine battery degradation regu-

lar, at the end of every 100 ARTEMIS cycles, cell characterisation tests are carried

out. The characterisation test consisting of low rate constant current (CC) charge-

discharge cycles are used for SOH estimation purposes. All cells are cycled under

an identical profile and thus showcases the lowest variability in the operating con-

ditions, however it demonstrates the pipeline’s ability to operate on EV battery

data.

MAPE RMSPE Cerror Sh ↵-accuracy � PEP

BRR 0.26 0.32 68.11 1.20 100 100 23.54

GPR 0.52 0.65 42.42 2.37 90.50 97.25 23.22

RF 0.36 0.44 72.62 2.16 88.5 100 25.44

dNNe 0.30 0.39 91.17 2.01 98.25 99.75 27.95

Table 6.9: Average results over Group III dataset

Given the limited variability, similar to Group II results, the feature selection

algorithm, RF-RFE-CV selects 5 features from the total 18 engineered features -

note, 12 engineered features are missing since the cell does not undergo the constant

voltage (CV) portion of the charge protocol. For curve extraction and subsequent

feature engineering, similar threshold values as to Group I dataset are used: a Vh of

4.2V and a Vl of 3.9V - refer to Section 6.2.3 for a detailed explanation of feature

engineering. We keep the same threshold values as in Group I cells for the CC part of

the curves, namely a Vh of 4.2V and a �V of 0.3V on which feature are engineered.

MAPE RMSPE Cerror Sh ↵-accuracy � PEP

BRR 0.11 0.15 95.55 0.89 100 100 31.11

GPR 0.16 0.19 71.11 1.21 100 100 15.55

RF 0.17 0.21 97.77 2.01 100 100 24.44

dNNe 0.20 0.25 100.00 2.93 100 100 6.67

Table 6.10: Results for Group III cell no. 5.

In terms of splitting the dataset, cells 1 to 3 (a total of three cells) are used

for training, cell number 4 is used for model calibration whilst the remaining four

cells are used for testing. Average results on all test cells are captured in Table
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Table 6.9, whilst results for the randomly selected cell number 5, are captured in

Table 6.10 and Figure 6.20 for dNNe and Appendix Figures A.8, A.9, A.10 for all

other algorithms. On cell number 5, the pipeline archives low error values for all

algorithms with a less than 0.2% MAPE di↵erence between them. The error for

each of the used algorithms is smaller than the proposed accuracy zone threshold ↵

of ±1.5%.

It is clear, from Table 6.9 the linear Bayesian model (BRR) outperforms all other

methods on average with a MAPE of just 0.26% possibly due to the fact that such

models outperform more elaborate models such as dNNe, GPR and RF on smaller

datasets. In addition, both BRR and dNNe, the second-best performing algorithm,

exhibit low error values and state-of-the-art results for all other metrics, including

PEP indicating a conservative prediction.

(a) dNNe prediction as a function of cycle

numbers.

(b) dNNe actual vs. predicted capacity.

(c) dNNE calibration results.

Figure 6.20: Prediction results with dNNe Group III cell no. 5.
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In conclusion, performance analysis on the Group III dataset validates the pipeline’s

usefulness for SOH estimation on EV dynamic battery cycling conditions. The

most promising algorithm, despite achieving the second-best performance across

this dataset, dNNe at the expense of just 0.04% MAPE and 0.07% RMSPE achieves

a much better calibration score of 91.17%, resulting in almost ideal model confidence,

a property critical to the safe operation of an EV.

6.5 Discussions and conclusions

The above results section focused on algorithm performance across a total of 179

cells, split into three groups. The best performing algorithm is random forest (RF)

with the lowest average MAPE of 0.82%, whilst the worst performing algorithm

Bayesian ridge regression achieved an average MAPE of 1.74%. Whilst the per-

formance achieved across all groups is state-of-the-art it is imperative to discuss

algorithm performance from an uncertainty point of view. In engineering it is vital

that algorithms are able to self-recalibrate such that predicted confidence intervals

are a direct representation of model confidence in the prediction. This is important

for decision making purposes, where engineers can use CI in situations where the

predicted value is not as expected. For example where a the prediction in the first

few cycles (see Figure 6.18) is much lower than expected, the error bars must cap-

ture the model uncertainty by increasing the confidence intervals and thus naturally

indicating that the model is unsure in its prediction. This particular behaviour

is captured well in Figure 6.18(a), where the displayed CI is extremely wide. In

addition, given the calibration results in plot in Figure 6.18(c) which is displays a

calibration curve close to the ideal (see orange curve in 6.18(c)), the model thus

further indicates that the outputted CI can be used for decision making with a high

confidence.

In safety-critical application, in addition to accurate confidence intervals and

well calibrate models, we prefer a more conservative system, i.e the percentage of

early predictions (PEP) is high - refer to green bar plot in Figures 6.18(a), 6.18(b),

6.18(c) as reference. This implies that the number of capacity estimates which are

lower than true value exceeds the number of capacity values predicted above the

↵-accuracy zone (green designated zone in Figures 6.18(c), 6.18(b), 6.18(c).

To conclude, the deep ensemble models achieves the second best performance on

all groups on both MAPE and RMSPE, whilst consistently obtaining close to ideal

calibration curves and calibration score as well as displaying adequate PEP scores.

Deep learning has the potential to exceed even further in the future due to the its

ability to scale easily to new datasets, constant development of new neural network
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architectures, new hardware and an increasing amount of computational capabili-

ties. In addition, using an ensemble of dNNe as base algorithm not only achieves

best accuracy-calibration scores, but it is also a simple to tune (requires little hyper-

parameter tuning) and it is a non-Bayesian method (considerably fast to train when

compared to a Bayesian algorithm such as GPR). What is more, the introduced

pipeline provides the user with a set of benefits over conventional methods of diag-

nostics including greater flexibility (adaptable to indented application and battery

design/chemistry), shorter diagnostics time (by introducing a set of novel features)

and provision of calibrated estimates of uncertainty for future decision making.

From an application point of view, the pipeline replaces the need for chemistry-

based degradation estimation models and can complement remaining useful life pre-

diction models. The work also demonstrated that by having access to parts of the

charge profile curves a battery can be diagnoses an RMSPE lower than 1% in just

under 15 minutes. The pipeline can be readily implemented for a wide variety of bat-

tery architectures in both online and o✏ine settings irrespective of discharge C-rates.

In addition, the pipeline can be deployed online in any battery power application

including EVs, grid energy storage, satellite and portable electronics.
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Conclusion and Suggestions for

Future Research

7.1 Conclusion

The work undertaken in this thesis puts forward a data-driven approach to prog-

nostics. The thesis first introduced the field of prognostics and health management

followed by a case study for prognostics of printed circuit boards on-board drilling

equipment. The thesis further targets the problem of energy storage devices health

estimation and degradation and solves it through a data-driven approach. More

concretely, the methods developed in the present work combine engineering exper-

tise with machine learning algorithms, solving three problems for energy storage

devices operation: ranking of stress variables a↵ecting Li-ion battery degradation,

modelling of electrochemical capacitor degradation at high temperature and Li-ion

battery state of health (SOH) estimation with uncertainty management.

Traditionally energy cell degradation and health estimation have been done

through equivalent circuit models (ECMs) or electrochemical models (CMs). Both

modelling techniques however require detailed energy cell specific properties, such

as electrode materials and electrolyte chemistry which is often hard to obtain from

manufacturers. Because energy storage cell capacity and resistance changes with

temperature, chemistry and cell design, it is di�cult to use the traditional models

(ECM, CM) developed in the literature for estimation of cell SOH across the wide

spectrum of cells and operating conditions. Additionally, tests are conducted based

on specific in-house requirements to declare the goodness of fit of the models, but

little or no e↵ort has been made to generalise the performance of such models over a

variety of other operating conditions such as dynamic loading or prediction following

maintenance.

Given the limitations of traditional models, this work proposed an alternative
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solution to the physical modelling of energy storage devices that achieved excellent

generalisation ability over a wide range of operating conditions. In particular, the

Gaussian process algorithm has been used for modelling degradation of electrochem-

ical capacitors when operated at extreme temperatures (160-200 °C) and achieved

a mean absolute per cent error of 1.37%. In the context of Lithium-ion battery,

the work first proposed a random forest algorithm to rank stress factors such as

temperature, discharge and charge current, in order of importance for accelerating

degradation. This is important for the understanding of battery degradation in op-

eration. The work further proposed a machine learning pipeline for estimation of

battery state of health measured as capacity fade. The pipeline engineered a set of

features, selected the most important feature subset and predicted the state of health

with the aid of four algorithms, Bayesian ridge regression, random forest, Gaussian

process regression and an ensemble of deep neural networks. The pipeline achieved

a mean absolute per cent error of 0.45% when deployed on Li-ion batteries that

experienced a fast-charge protocol. The work concludes with the assessment of the

algorithm uncertainty based on prognostics metrics introduced in the review chap-

ters. Capturing algorithm uncertainty is critical for determining the best course of

action given the predicted state of health, particularly in engineering safety-critical

applications. More concretely the contributions are highlighted below.

7.2 Contributions

The data-driven methodology adopted in the thesis does not require energy storage

cell specific details (materials, chemistry, or design) and is first supported by a

comprehensive literature review with a case study and subsequently applied to solve

three main problems:

1. Ranking of stress factors a↵ecting battery degradation (capacity fade)

2. Machine learning model capable of predicting cell degradation

3. SOH machine learning base pipeline able to predict capacity fade at any point

in the battery life-cycle

Data-driven prognostics

Contributions brought to the field of prognostics and health management (PHM)

include:

• Review and identification of key failure mechanisms and modes of printed

circuit boards

• Data-driven failure mode agnostic machine learning pipeline for prediction of

electronics onboard drilling equipment
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• Machine learning pipeline ability to predict the probability of failure in a wide

range of operational conditions and on multiple drill string units

• Decision making support based on the machine learning pipeline ability to

quantify uncertainty by assigning a probability of impending failures for each

drill string

Stress factor ranking for energy storage

While the literature covers Li-ion battery experimental studies with multiple oper-

ational stress factors, none of proposed methodologies in literature considered all

practical cycling factors together in a single experiment. This thesis brings contri-

butions to the field of energy storage degradation analysis as follows:

• Investigation of the statistical significance of stress factors main and interaction

e↵ects on the battery capacity fade.

• Demonstratess the application of machine learning to ranking the battery

stress factors and their two-way interactions.

• Results show that charge cut-o↵ current during the constant voltage charging

phase is more statistically significant for battery degradation compared to the

charge current used during the constant current charging phase.

• The results also provide statistical evidence that neither the main e↵ects nor

the two-way interaction e↵ects of charge current and depth of discharge rank

in the top 3 significant stress factors for the capacity fade in Li-ion batteries.

Electrochemical capacitor degradation modelling

Degradation of electrochemical capacitors (EC) operated at high temperature is

poorly understood, although critical to the safe operation of the device in numerous

applications, including oil and gas drilling. The work in this thesis thus contributed

to:

• An understating of electrochemical capacitor degradation at high temperatures

when operated outside manufacturer specified temperature operating envelope.

• Development of a single machine learning model capable of predicting EC

degradation trend irrespective of operational temperature eliminating the need

for a predetermined parametric EC degradation model by simply using tem-

perature, nominal capacitance and end-of discharge voltage as inputs

• Machine learning model ability to quantify uncertainty in its prediction and

its ability to recalibrated results in a robust uncertainty estimation.
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Li-ion battery state of health estimation

Li-ion battery degradation is an inevitable e↵ect irrespective of the application. It

is therefore critical to track and estimate battery state of health (SOH) irrespective

of the battery chemistry, material composition and design. The work in this thesis

proposed a methodology for a machine learning model for battery SOH as follows:

• An engineered set of features capable of describing the intrinsic battery degra-

dation

• Accurately predicting degradation beyond the 80% conventional end of life

(EOL)

• Accurate health estimation beyond the occurrence of the ”knee” drop

• Reduction of diagnostics time to approx 15 min by training on sections of

charge curves

• Health estimation at various reference discharge current values (discharge C-

rates)

• Accurate health estimation irrespective of discharge conditions

• Ability to quickly and e�ciently scale to the intended application for online

deployment.

7.3 Suggestions for Future Work

There are several avenues for future work. First, from an algorithm point of view,

modifications to implement sequential learning when deployed online would be ben-

eficial, mainly when dealing with out-of-sample data during deployment. Secondly,

for memory-constrained applications, the SOH estimation pipeline can be distilled

into simpler models, perhaps considerably reducing the number of trees in the RF,

or reducing the ensemble size of dNNe. RF has achieved superior accuracy when

evaluated based on MAPE and RMSPE, however, it failed to achieve adequate

scores according to the proposed uncertainty metrics. Perhaps with a better calibra-

tion technique and better parallelisation on GPUs, RF can become the algorithm

of choice for battery SOH estimation, however, this needs further investigation.

Thirdly, from a data perspective, future work should consider accounting for high

variability in ambient temperature, charge/discharge C-rates as well as partial dis-

charge. Finally, validation of the pipeline on other SOH metrics such as resistance

(impedance) for power applications should also be considered.
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Appendix

A.1 Datasets for feature selection, train, test split

Cell name Discharge condition Dataset

CS2 - 33 0.5 C-rate Test

CS2 - 34 0.5 C-rate Training

CS2 - 35 1 C-rate Training & Feature Selection

CS2 - 36 1 C-rate Training & Feature Selection

CS2 - 37 1 C-rate Calibration

CS2 - 38 1 C-rate Testing

CX2 - 33 0.5 C-rate Test

CX2 - 34 0.5 C-rate Training

CX2 - 35 0.5 C-rate Training & Feature Selection

CX2 - 36 0.5 C-rate Calibration

CX2 - 37 0.5 C-rate Training & Feature Selection

CX2 - 38 0.5 C-rate Test

PL - 11 0.5 C-rate Train

PL - 13 0.5 C-rate Test

Table A.1: CALCE battery data discharge conditions and train, calibration and test
split.
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Cell name Discharge condition Dataset

B0005 2A Train & Feature Selection

B0006 2A Test

B0007 2A Train

B0018 2A Test

B0025 Square wave @ 4A Test

B0026 Square wave @ 4A Train & Feature Selection

B0027 Square wave @ 4A Train

B0028 Square wave @ 4A Calibration

Table A.2: Group I: NASA 5 battery data discharge conditions and train, calibration
and test split.

Cell name Discharge condition Dataset

RW1 Random Sequence Train & Feature Selection

RW2 Random Sequence Train

RW3 Random Sequence Train

RW4 Random Sequence Train

RW5 Random Sequence Test

RW6 Random Sequence Test

RW7 Random Sequence Test

RW8 Random Sequence Test

RW9 Random Sequence Train & Feature Selection

RW10 Random Sequence Train

RW11 Random Sequence Calibration

RW12 Random Sequence Test

RW13 Random Sequence Train

RW14 Random Sequence Train

RW15 Random Sequence Test

RW16 Random Sequence Test

RW20 Random Sequence Train & Feature Selection

RW21 Random Sequence Train & Feature Selection

RW22 Random Sequence Train

RW23 Random Sequence Test

RW24 Random Sequence Test

RW25 Random Sequence Train & Feature Selection

RW26 Random Sequence Train

RW27 Random Sequence Test

RW28 Random Sequence Calibration

Table A.3: Group I: NASA 11 battery data discharge conditions and train, cali-
bration and test split. Note: batteries are discharged to 3.2V using a randomized
sequence of discharging loads between 0.5A and 4A.
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Dataset Cell number Number of cells

Feature Selection
2, 6, 8, 14, 18, 19, 26, 28, 32, 35, 37, 45, 51, 53, 55, 58, 60, 61, 65, 69, 72,

76, 79, 83, 90, 91, 92, 103, 107, 109, 110, 113, 115, 116, 119, 120, 124
37

Training

2, 3, 6, 8, 9, 13, 14, 16, 18, 19, 20, 21, 23, 25, 26, 28, 32, 35, 37, 42, 45, 46,

50, 51, 53, 55, 56, 58, 60, 61, 63, 64, 65, 66, 69, 72, 73, 76, 79, 83, 84, 86,

88, 90, 91, 92, 94, 95, 98, 100, 103, 105, 106, 107, 109, 110, 113, 115, 116,

118, 119, 120, 124

63

Calibration 7, 12, 22, 48, 54, 59, 68, 77, 82, 108 10

Testing

1, 4, 5, 10, 11, 15, 17, 24, 27, 29, 30, 31, 33, 34, 36, 38, 39, 40, 41, 43, 44,

47, 49, 52, 57, 62, 67, 70, 71, 74, 75, 78, 80, 81, 85, 87, 89, 93, 96, 97, 99,

101, 102, 104, 111, 112, 114, 117, 121, 122, 123

51

Table A.4: Group II: TRI dataset splitting for: feature selection, training, calibra-
tion and testing.

Dataset Cell number Total number of cells

Feature Selection 1, 3 2

Training 1, 2, 3 3

Calibration 4 1

Testing 5, 6, 7, 8 4

Table A.5: Group III: Oxford dataset splitting for: feature selection, training, cali-
bration and testing.

121



Appendix A: Appendix

A.2 Engineered features for state of health pipeline

Figure A.1: Visualisation of derived features for a cylindrical Li-ion cells.
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A.3 Results of BHUMP when using BRR, RF or

GPR as base algorithm

(a) BRR prediction as a function of cycle

numbers.

(b) BRR actual vs. predicted capacity.

(c) BRR calibration results.

Figure A.2: Prediction results with BRR Group I cell no. 1.
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(a) GPR prediction as a function of cycle

numbers.

(b) GPR actual vs. predicted capacity.

(c) GPR calibration results.

Figure A.3: Prediction results with GPR Group I cell no. 1.
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(a) RF prediction as a function of cycle num-

bers.

(b) RF actual vs. predicted capacity.

(c) RF calibration results.

Figure A.4: Prediction results with RF Group I cell no. 1.
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(a) BRR prediction as a function of cycle

numbers.

(b) BRR actual vs. predicted capacity.

(c) BRR calibration results.

Figure A.5: Prediction results with BRR Group II cell no. 1.
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(a) GPR prediction as a function of cycle

numbers.

(b) GPR actual vs. predicted capacity.

(c) GPR calibration results.

Figure A.6: Prediction results with GPR Group II cell no. 1.
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(a) RF prediction as a function of cycle num-

bers.

(b) RF actual vs. predicted capacity.

(c) RF calibration results.

Figure A.7: Prediction results with RF Group II cell no. 1.
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(a) BRR prediction as a function of cycle

numbers.

(b) BRR actual vs. predicted capacity.

(c) BRR calibration results.

Figure A.8: Prediction results with BRR Group III cell no. 1.
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(a) GPR prediction as a function of cycle

numbers.

(b) GPR actual vs. predicted capacity.

(c) GPR calibration results.

Figure A.9: Prediction results with GPR Group III cell no. 1.
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(a) RF prediction as a function of cycle num-

bers.

(b) RF actual vs. predicted capacity.

(c) RF calibration results.

Figure A.10: Prediction results with RF Group III cell no. 1.
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A.4 Feature selection correlation matrix results

Figure A.11: Correlation matrix for engineered features for Group I dataset.
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Figure A.12: Correlation matrix for engineered features for Group I dataset.
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Figure A.13: Correlation matrix for engineered features for Group I dataset.
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