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Abstract

Lithium-ion batteries have been a promising energy storage technology for applications
such as electronics, automobiles, and smart grids over the years. Extensive research was
conducted to improve the prediction of the remaining capacity of the lithium-ion battery.
A robust prediction model would improve the battery performance and reliability for
forthcoming usage. To develop a data-driven capacity prediction model of lithium-ion
batteries most of past studies employed capacity degradation data, yet very few tried using
other performance monitoring variables such as temperature, voltage, and current data to
estimate and predict the battery capacity. In this thesis, we aim to develop a data-driven
model for predicting the capacity of lithium-ion battery adopting functional principal
component analysis applied to functional monitoring data of temperature, voltage, and
current observations collected from NASA Ames Prognostics Center of Excellence
repository. The result of capacity prediction has been substantiated with past studies and
obtained root mean square error (RMSE) of 0.009. The proposed data-driven approach
performs well to predict the capacity employing functional performance measures over the

life span of a lithium-ion battery.
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Chapter 1

Introduction

The concept of storing potential energy in the form of a battery has changed human lives
to a great extent. The human race secured immense flexibility and adaptability availing
such technology into their daily life. The applications of the battery have been dominating
everyday life from a tiny headphone to the laptop, electrical vehicle to the airplane industry.
Its wide-ranging operations not only assist human activities but also allowed us to make
advancements in science and technology. Being too much dependent upon such crucial
technology these days, the ramification of any kind of failure in performance is unbearable
for us. Even in some cases, we would have faced functional impairment along with
disastrous failures. While battery has become an indispensable part of our daily necessity,
understanding battery performance degradation could aid in improving user satisfaction
and would help to enhance the overall reliability of a system. There are several kinds of
rechargeable batteries available such as Lead-acid, Nickel- cadmium and Lithium-lon
battery. Among these lithium-ion is the latest development and has been used for its
compact in size and high energy density (Types of Battery Cells, 2019). Figure 1.1 shows
the comparison of available materials and it’s volumetric and specific energy densities
(Miao et al. 2019), and it shows lithium-ion batteries are preferable for most of the
electrical systems. Recent studies are showing by 2030 the demand of rechargeable lithium
batteries will be expected to reach approximately 350,000 metric tons ( Statista,2019).
Meanwhile, the lithium-ion battery is a vital constituent for lots of our known systems and

became very crucial for the performance. As demand rises for such batteries, researchers



are trying to keep more scrutiny to health monitoring and prognostics for lithium-ion
batteries. Scientists are putting continuous effort to control the operating conditions,
predicting replacement intervals for battery aiming to improve the system reliability and

consistency.
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Figure 1. 1: The battery comparison demonstrates the volumetric and specific densities
(Miao et al. 2019).

The study presented in this thesis focuses on these issues by developing an empirical model
based on lithium-ion battery capacity degradation which is affected by the ambient
environment and load condition. While developing the model, the study addresses the
effect of current, voltage, and temperature on the capacity degradation applied to
Functional Principal Component Analysis (FPCA) to predict the remaining capacity of a
battery. An effective prognostic algorithm should be able to predict the remaining useful

life or capacity using the past life cycle data of battery performance.

Most of the existing research on battery prognostics and health monitoring studies are

based upon tracking the state-of-health (SOH) and state-of-charge (SOC) employing
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battery capacity data due to the lack of battery information (S. Lee et al. 2012). These
algorithms frequently contribute measurement inaccuracies and misleading assumptions
which are often root causes of failures. This unexpected behavior of battery also forcing
people to avoid cost-effective and environment-friendly lithium-ion batteries over
hazardous led-acid batteries (Geoff S. Fein,2003). However, lithium-ion batteries are
significantly different at the rudimental level from other available conventional cells. First,
the electrochemical reaction occurring inside the battery is a laborious task to measure and
secondly, computable information that can be achieved from battery terminal is a form of
continuous function such as current, voltage, impedance and temperature (Gao et al. 2002).
Researchers are trying to imitate the dynamic behavior of lithium-ion batteries (Gao et al.
2002) with the help of advanced analytical modeling and data analysis (Zhang and Lee
2011). The SOC estimation is one of the most widespread research topics in recent days.
An accurate SOC estimation helps to assess the reliability of products along with it delivers
some crucial performance measures such as remaining useful energy and time. Guiheen et
al. (2004) proposed SOC estimation process that needed to record relationships of the
measurement of ramp-pick current and SOC. However, the overall test process requires
extensive data collection and evaluation which is a cumbersome procedure. One major
drawback was the idea of data tabulation which matched with the actual SOC estimation.
This discrepancy also results in the ambiguity between estimated SOC and actual SOC (S.
J. Lee et al. 2007). These uncertainties have compelled future research to develop more
advanced SOC estimation methods such as simulation, physical cell degradation, and data-
driven prediction instead of relying on SOC-OCV (open circuit voltage tables) (Zhang and

Lee 2011). Most of the developed methods are model-based and data-driven process



(Goebel et al. 2008). Those models can be classified as electrochemical models, circuit-
based models, performance-based models, and analytical models (Barré et al. 2013). The
electrode theory and physical degradation of the cathode or other specific parts in a cell are
the main focus of an electrochemical process. These models are largely described and
discussed the Nano-mechanics of the battery (S. J. Lee et al. 2007) While circuit-based
models are designed using a circuit and performance measures are being calculated with
the assistance of a focused circuit. However, These models are not pertinent to separate
types of batteries even in some cases the outcomes are not reproducible (Barreé et al. 2013;
Goebel et al. 2008; Peled, Golodnitsky, and Ardel 1997).Performance types model is
primarily researched about the influence of ageing over the performance of a battery.
Though the performance of a battery over its life-time may depend on several
environmental and physical variables, the overall scenario can be imitate using advanced
simulation techniques and plenty of accelerated life testing procedures under heavy
workload (Eddahech et al. 2015). However, an equivalent circuit model was developed to
investigate the performance measures where authors have emphasized at the influence of
thermal ageing on the capacity fade phenomenon which is the foremost anticipated reason
for degrading battery calendar life over the battery storage, standby even in the operation
periods (Einhorn et al. 2010). Finally, numerous studies were conducted focusing on
sudden capacity degradation, remaining useful life (RUL) estimation based upon data
visualization and analysis and further development of mathematical algorithms (Zhang and
Lee 2011). Saha et al. (2007) explored the way of addressing RUL for a complex system
using historical data in anticipated operational conditions. They have used a Bayesian

statistical approach as an analytical tool where relevance vector machines (RVMs) and



particle filters (PFs) are examined for RUL prediction. Adaptive recurrent neural network
(ARNN) is also proposed for prediction by J. Liu et al. (2010) where investigators
developed an ANN architecture and weights were calculated and optimized using recursive
Levenberg-Marquardt (RLM) method. Gao et al. (2002) developed a complete model for
a lithium-ion battery which is designed for nonlinear equilibrium potential, rate and
temperature dependencies, thermal effects using an extended Kalman filter (EKF).
Moreover, other machine learning algorithms have also been used to predict the RUL of
the lithium-ion battery. Goebel et al. (2008) combined state transitions, the ageing process
and measurement fidelity in a framework and used Bayesian treatment of the support vector
machine (SVM) to diagnose the process and estimate noise in the system. The analysis
eventually helped them to measure the state of charge (SOC), SOH and SOL. Estimating
the SOH and predicting the RUL now has become one of the most common practices where

researchers are using a physical, chemical, and empirical model.

While most of the studies have been conducted in the past regarding RUL estimation and
developed numerous algorithms such as machine learning, statistical and empirical models
considering past capacity degradation data or SOH information, very few studies have been
emphasized other crucial factors such as current, voltage, or temperature during discharge.
However, the capacity data also depends upon other parameters such as current, voltage,
temperature, and load (Birkl et al. 2017). F. K. Wang and Mamo (2018) investigated
parameters especially current and voltage to establish a hybrid model using SVM and
differential evolution to predict the RUL of a lithium-ion battery. They have calculated the
mean value of each cycle for both the current and voltage and developed a model with

corresponding cycle capacity which resultant improved prediction for RUL estimation.



There are very few studies has been conducted based on the complicated correlation and
framework, to obtain the precise and reliable measures from these relations or analytical
model seems very cumbersome approach. Lu etal. (2014) suggested a geometric approach
for lithium-ion batteries for projecting the capacity degradation using current, voltage and
temperature. They have extracted four separated features from lithium-ion battery data
cycle which are correlated with capacity degradation for further assessment. However,
inaccurate features might impact the accuracy of capacity estimation. Furthermore, this
technique only provides the point estimates which has a tendency to ignore the confidence
interval and does not provide the residual lifetime distribution (RLD). However, recently
L. Li et al. (2016) established a residual lifetime estimation framework using the Gaussian
process regression algorithm. The approach has solved the RLD and provide a confidence
interval up to the failure threshold. The method also can be utilized for multimodality by
fitting separate trajectories with different Gaussian regression models. Yet there is a
drawback of the method since the model is a parametric model, it needs the parametric

forms of the model component.

While the data seems in the shape of random curves rather than vectors and scaler values,
the phenomenon of dimension reduction is a kind of compulsory procedure. Functional
principal component analysis (FPCA) has become one of the common tools. Significant
research has been done over the years emphasizing FPCA in different fields of the scientific
world. In bioinformatics, the most challenging task is to deal with the dimensionality of
measurements without losing the generality. The principal component analysis is one of
the classic dimension reduction approaches while functional principal component analysis

helps to analyze time-course expression data (Ma and Dai 2011). FPCA integrate the



influence of predictor variables either through the mean response function or functional
principal expansion which reduce random trajectory and variability (Yao et al. 2004).
Furthermore, FPCA aids to classify the dominants modes of variation of a sample of
random continuous functional data around an overall mean trajectory. The method was
introduced while studying individual growth curves classified by litter, sex, and treatment
(Rao 1958). While Rice and Silverman have studied the smoothing techniques of a random
function with an unknown mean and covariance structure (Rice and Silverman 1991).
They proposed smooth nonparametric estimates of the eigenfunctions and a method of
cross-validation to evaluate the smoothing. There were other studies also conducted cluster
the functional data. Basis spline (B-spline) has been proposed to model the individual
curves with random coefficient for sparse, irregular spaced and separate spaced time points
data set (James and Sugar 2003). A recent study Cheng et al. (2015) has been conducted to
predict residual lifetime using FPCA and Bayesian approach where the authors developed
a nonparametric degradation model. The authors only emphasized on the capacity
degradation rather considering other parameter such as current, voltage and temperature.
In this thesis, we have used the basis spline model of FPCA to fit the data along with

generalized regression to select variables for further study.

FPCA is a statistical tool to analyze continuous functions and able to extract key features
that epitomize dominant aspects of the original dataset (Kipp et al. 2011). These significant
attributes are contributing factors to utilize the evolutional rules for useful lifetime
prediction and extensively used in other research fields as well. Variation in sea surface
temperature has been studied to predict entire smooth functions in the future since the cycle

is considered smooth functions and well defined by FPCA (Besse et al. 2000). While



dealing with multi-dimensional functional data of protein structure, researchers have
introduced FPCA utilizing the Gaussian basis function (Kayano and Konishi 2009).
Moreover, they have developed cross-product matrix performing regularized FPCA with
B-spline. Financial time series data has been analyzed using FPCA and found that the first
FPC score accounts for 89.4% of the whole variability (Ingrassia and Costanzo 2005).
Studies also have been conducted for shrinkage estimation using FPCA for the population
kinetics which contains an irregular grid of time points (Yao et al. 2003). The study
introduced a scatterplot smoothing method to measure the mean function and covariance
surface of the model. Y. Hu et al. (2009). also studied the children's growth data using
FPCA and predicted weight growth in children. The authors investigate the probability of
the impact on the transformation growth of children’s over their predicted model using
FPCA. Furthermore, human movement waveforms have also been analyzed using FPCA
(Epifanio et al. 2008). The statistical tool was applied to study the sit-to-stand movement
of two separate groups such as osteoarthritis patients and healthy subjects. FPCA presented
extensive discriminatory power relative to the classical multivariate approach. Coffey et
al. (2011))also studied human movement using FPCA and found that the technique retains
all the information intact for further analysis and the analysis is an extension of multivariate
principal component analysis. The authors conducted a t-test of each group FPC score to
classify significant differences among the experimental groups. These increasing numbers
of research have reported that a more comprehensive conclusion can be depicted by FPCA
than traditional discrete data analysis methods while data sets are continuous functions
(Kipp et al. 2011). Thus, according to the aforementioned literature and research, it is

visible that the FPCA technique is one of the leading alternatives to develop a capacity



degradation model of a lithium-ion battery and predict the remaining useful life. Research
using PCA applied to various datasets is widely recognized. However, analyzing PCA with

regression creates one of the major difficulties which is multicollinearity.

Explaining and addressing multicollinearity require biased regression estimators which
includes ridge regression, shrinkage estimator and lasso regression (I. T. Jolliffe 1986).
These regression models are known as generalized regression. The generalized regression
model (GRM) describes observed spatial variation in the current, voltage and temperature.
Shamsudduha et al. (2015) have studied arsenic variation in the shallow water using a
generalized regression model and found a significant concentration variation in shallow
groundwater at both national and regional levels. Furthermore, the GRM demonstrated that
the spatial variation explained by the statistical interactions. For functional data, the
generalized linear regression model has also been estimated via penalized likelihood
(Cardot and Sarda 2005). The authors initially developed the theoretical framework and
defined the model. The functional coefficient has been estimated via penalized likelihood
using spline approximation. Thus, based upon the generalized regression, the maximum
likelihood of battery monitoring data (i.e., current, voltage, and temperature) can be

calculated.

In this study, we aim to predict the capacity of lithium-ion batteries using a data-driven
prognostics algorithm supporting uncertainty representation and management. While
building the data-driven model, we have considered battery ageing stress factors such as
voltage, current, and temperature. Specifically, we adopted FPCA to study functional data
which is structured as cycle from battery terminal amid of discharge phase of a battery. As

the outcome of FPCA is FPC scores of variables such as voltage, temperature and current



treated as high dimensional data and needed to address model correlation, we have used

lasso regression to fit the model and predict the remaining capacity.

The remaining thesis is ordered as follows. Chapter 2 provides in-depth literature reviews
and past research studies regarding various data-driven techniques and models that have
been employed to solve capacity prediction problems for lithium-ion battery. Chapter 3
demonstrates the methodology that we have applied for solving the problems along with
proper mathematical explanations and models. The solutions obtained from the developed
model are discussed and demonstrated in Chapter 4 as Results. Finally, Chapter 5

comprises of conclusion along with the scope of future research.
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Chapter 2

Literature Review

The battery aging phenomenon and capacity degradation should be emphasized to make
an unyielding optimum and reliable battery system, serving a longer life without
compromising performance. The ageing mechanism and degradation model need to
analyze the influence of critical parameters such as voltage, current, temperature, energy
density, and power density at the cell level (Han et al. 2019). From the preview of the
overall battery management system, the models are also significant to do the health
estimation, which is often influenced by the history, optimization of working parameters,

and prediction of desired performance.

The prognostics of lithium-ion batteries deal with the energy or power that is degraded
over time of usage and predict how much time the battery will perform up to the desired
level (Y. Li et al. 2019). The health monitor requires the preceding information of the
performance measures and historical capacity fading signals, often can be achieved from a
data-driven estimator to forecast systems forthcoming condition under specified operating
loads. The current technological advancement in data science made it possible to make a
breakthrough battery life and keep battery performance consistent for the lithium-ion
battery lifetime. The battery will degrade over time due to ageing, environmental effects
under dynamic loading conditions (Zhang and Lee 2011). Thus, it is necessary to perceive
the underlying degradation process and address the issue with countermeasures to hinder
the terrible failures from occurring midst of any system. Prognostic health care is another

integral part of the management system. It deals with fault propagation and forecasts the
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remaining lifetime of a component. Health monitoring and prognostic of lithium-ion
batteries have become a scope of mass attention in the researcher’s community and every
year, hundreds of articles, studies are being published in conference proceedings and
academic journals. The most widely cited models and technologies for lithium-ion batteries
are discussed in the following sections. Most of the studies that we came across through
detailed literature reviews either tried to build a data-driven model using capacity and
ignoring other ageing stress factors (Chang, Fang, and Zhang 2017; Chen et al. 2016) or
not addressing the issue of functional/sequential data of the ageing stress factors (F. K.
Wang and Mamo 2018) which is why for the purpose of this research, we will consider
these ageing stress factors such as current, voltage and temperature along with considering
sequential data applied to the functional principal component analysis and further lasso

regression.

2.1. Physical Model.

The first characteristic that would be presented here is the concept and studies related to
the battery ageing phenomenon originated for electrochemical erosion. Based on these
ageing erosions, on battery ageing factors, effects and attempted to measure the battery
capacity. These studies are explained from several fields such as electrochemical models

and analytical models. Notable studies are discussed in the following sections.

2.1.1. Electrochemical ageing.

Ageing of lithium-ion battery initiates by the chemical structure of the electrolyte. The
capacity degradation proceeds from the positive and negative electrode are significantly
different, and origin could be either chemical or mechanical, which sturdily depends upon

battery composition (Vetter et al. 2005). The battery's lifetime is responsible and incites
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the component degradation, which can induce and modify structural characteristics,
involves variation in chemical composition or erosion of active material such as electrolyte
(Jannesari et al. 2011). Several types of deformation may be observed throughout the
capacity degradation period, such as current collector tearing through a layer, kinking layer,
and local melting (B. Liu et al. 2020). The most detrimental for capacity degradation
happens due to the material composition, especially battery contained with LiPF6 in high
wet ratio in the battery. These degradations or corrosion can be avoided by rudimental

interphase or acid scavengers additives in solutions (Aurbach et al. 2007).

2.1.2. Ageing on cycling.

The ageing of a lithium-ion battery is typically defined and demonstrated as a result of the
capacity degradation of active materials. Specifically, the positive material originated from
phase transformation while lithium insertion. The fading rate mechanism decreases
typically with cycle number progression, resulting in equilibrium with the time of
utilization (Broussely et al. 2005). Occasionally, the fading rate may demonstrate an
inflexion point, which is why increasing capacity loss instead of decreasing the
phenomenon. Apparently, this effect is not common to this packaging design but a weak
mechanically soft case may cause degradation (Kanamura et al. 2005). In terms of anode
materials, Carbon is dominating among other alternatives for lithium-ion battery (Vetter et
al. 2005b). Thus, most of the literature is based on the graphite carbons and it’s been noted
that most of the cases presented in literature have an independent system. Changes are
mostly influenced in the electrode and electrolyte interface over the cycle are noted by the
researchers and detail studies are been conducted to investigate the implication of battery

performance. The electrochemical stability depends on the voltage which operates at the
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lithium-ion battery anode. The study found that the shape of the carbon particle has a vital
role as an active material for Lithium-ion batteries (Aurbach et al. 2002). The capacity
degradation or fading also happens due to other associated mechanisms, associated with
undesirable electrode and electrolyte reactions that are the product of the battery. These
effects are most noticeable while overcharge or over-discharge, resulting in electrolyte
decomposition, active material dissolution, and passive film formation (Arorat et al. 1998).
Johnson and White (1998) have shown that the capacity degradation of lithium-ion battery
can be fade away by 10-40% over the first 450 cycles, and it will then continue to degrade

at a proportionate rate for the rest of the remaining lifetime.

2.2. Data-Driven Models.

Data-driven methods are often used for health monitoring and capacity prediction of a
lithium-ion battery. These approaches are gaining interest in academia and industry
because of its flexibility and novelty of work (Xiaosong Hu et al. 2016). This literature
includes techniques requiring battery ageing history, effective on the dataset's data quality
and quantity. Diverse algorithms are already developed through researchers which is a
notable contribution for any field. Firstly, the dependency between monitoring variables
such as SOH and electrical, thermal and mechanical effects the performance of the battery.
Mathematical analysis proved as a useful tool that employs voltage data, terminal
temperature and strain for battery loading states. Secondly, data collected under designed
experimental conditions that fit a large number of datasets have become another
widespread method due to its overwhelming computational efficiency and higher accuracy.
Lastly, machine learning and deep learning algorithms are most favorable among data-

driven techniques because of their flexibility and nonlinear relation problem-solving ability
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both for health estimation and prediction. Data-driven approaches are becoming a leading
tactic for estimating battery health and predicting performance measures since they do not

require any complex physical experimentation.

2.2.1. Analytical models with data fitting

Analytical model approaches typically employ a mathematical approach where battery
ageing condition, service time, and cycle numbers are normally used as parameters. The
empirical analytical model captures the correlation between the ageing stress factors (Y. Li
et al. 2019) and the battery state of health factors to obtain the relationship of battery
performance. These models are built by interpolation and fitting the dataset via a specified
experimental dataset. For estimating a lithium-ion battery lifetime, an all-inclusive ageing
investigation covers a wide range of battery operation conditions, including behavior under
load. The existing studies mostly include battery cyclic and calendar ageing autonomously,
combining the prediction model under dynamic load profile (Sarasketa-Zabala et al. 2016).
The experiment regarding lithium-ion battery is designed under specific conditions that
corroborate the exploration of influences such as temperature, SOC, charge and discharge
phase terminal current, and voltage. The battery capacity loss is measured as a function of
time, cycle number, or capacity throughput (Sarasketa-Zabala et al. 2016). Capacity
throughput denotes the amount of energy delivered from the designed electrode to another
during the cycling period. The choice of fitting the dataset into an equation depends upon
the estimated capacity degradation. However, the model also helps to predict the battery
life under several cycling conditions (Chonde et al. 2013). Sarasketa-Zabala et al. (2015)
investigated cycling ageing performance upon constable operations conditions through an

LFP-based lithium-ion cell performance model using DOD and C-rate stress factors. The
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prediction model under dynamic cycling conditions achieved RMSE 1.75% (P. Liu et al.
2010). Another study by Stroe et al. (2014) demonstrated a three-stage methodology for
accelerated lifetime testing of the lithium-ion battery. The parameter obtained from the
experiment were used for developing the performance degradation model, capable of
predicting both the capacity and discharged power from the battery. Several other studies
are also available that perform dynamic state estimation problems. The analytical variants
of Bayesian filters, Kalman filter (KF) and particle filter and their variants, provide a
general framework used to estimate lithium-ion battery performance measures under
dynamic loading (Sarkké 2013). The Bayesian interface uses the observations to measure
and update variables with the usage of the probability density function. The filter depends
on the system's dynamic behavior and shape of data noise distribution (An et al. 2013).
Linear system also incorporates Gaussian noise and KF provides better results relative to
other models. Burgess developed a linear capacity degradation model associated with KF
to measure the remaining lifetime. However, it is being observed the capacity degradation
process of lithium-ion battery demonstrates non-linear correlation. For solving this issue,
variants of KF have been proposed to resolve this issue (Goebel et al. 2008). In recent times
in prognostic studies, the lasso technique has become one of the trusted approaches since
the method improves the quality of forecasting by shrinking the coefficients and comparing
the resultant forecasting result between the model fitting and unpenalized maximum
likelihood. Musoro et al. (2014) proposed a discriminative model performance of shrinkage

approach lasso model to predict chronic respiratory disease 6 months ahead.
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2.2.2. Machine learning methods

Machine learning algorithms can be employed for health estimation and lifetime
prediction. There is a significant dissimilarity between input features and the anticipated
yield from the model. The features that used as input for health estimation are extracted
from the battery performance measures while operating under different conditions at a
given time. However, the machine learning algorithms require the estimated performance
measures such as capacity values as inputs to the model and the model delivers the
prediction of the remaining lifetime or cycle. Machine learning algorithms could be
supervised and unsupervised. While supervised ML approaches can be either probabilistic
model or non-probabilistic model. The results are defined through specified known
relationships between different states underlying probability distributions. Some frequent
models are the artificial neural network, SVN, elastic net, etc. (Y. Lietal. 2019). However,
the sole aspect of predicting lifetime or cycle is diagnostics and the prediction's uncertainty
level. Thus, recent time is seeing progressive development of Gaussian Process regression
(GPR) and relevance vector machine (RVM), derived from the Bayesian model framework

which are gaining increased attention apparently.

2.2.2.1. Autoregressive based models

Autoregressive (AR) models involve with time series data that typically utilizes a linear
correlation from preceding time points as an input to forecast succeeding time points. The
AR model comprises more straightforward computation and easier to extract the features
among other models. Long et al. (2013) build an improved optimum model for lithium-ion
battery capacity degradation prediction that a particle swarm approach was used to change

the model order adaptively. However, the AR model demonstrates opposite behavior to the
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capacity degradation progress. The model is linear while the degrading process carries
nonlinear patterns, the opposite behavior will result in model under-fitting while
forecasting long-term performance measures (Xing et al. 2013). Solving the issue proposed
an integrated moving average (ARIMA) framework combined with the AR and moving
average models. The moving average model uses historical errors in the regression model.
For example, Zhou et al. (2016 ) proposed combining ARIMA and decomposition model

to improve the forecasting accuracy.

2.2.2.2. Neural network

The neural network comprises multiple nodes and layers, a straightforward mimic model
of the human intelligence. It involves complex system modeling which adopts a black box,
including variants of performance measure as a variable. However, neural network
modeling has become the most widely adopted complex system design due to its simplicity
and adaptability in handling statistical data structure and forms. Typically, the neural
network compromises of 3 layers. As instances, an input layer, a hidden layer, and an
output layer. The structural network connecting each node and pair is defined as weights,
involving mapping functions from location to location between nodes and layers. JD
Kozlowski (2003 ) developed an ANN model using variables that are involved in battery
core such as charge transfer resistance and electrolyte resistance to measure the state of
charge. Patillon et al. (1999) adopted two neural networks to predict the time or cycle while
the specified variable levels designed for voltage and current would be reached at the
battery terminal. The first NN model predicted remaining capacity while the second model
was used to assign weights on the initial model to adjust for manufacturing design

variation, ageing effects, and usage pattern under dynamic battery loading conditions. The
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input of the model includes initial voltage, cycle number and discharge period. Finally, the
ANN model requires a large amount of input datasets for training and verification. The
model accuracy depends upon the training method and data structure. Moreover, while the
computational price is a hindrance of lifetime prediction, ANN playing an essential role in

the current research world (X Hu et al. 2015.).

2.2.2.3. Functional principal component analysis

Functional principal component analysis (FPCA) is based on sequential data analysis that
uses the mean function and covariance separately. The mean function could be measured
using a smoothing function while assuming a specified mean function representing a
degradation mechanism. Eigenvalues and eigenfunctions are employed to denote the
covariance function based upon the Karhunen-Loéve decomposition (J.-L. Wang et al.
2016). The FPCA can extract the features that can explain the variability contained within
the original dataset. It is one of the prime reasons behind using this statistical approach
extensively among many other research fields where sequential data is concerned and plays
a crucial role in seeking evolutional rules for forecasting modeling (Dona et al. 2009; Yao
and Lee 2006). In the meantime, FPCA has been proven a useful tool while dealing with a
dataset comprised of continuous functions in several number of studies in recent times
(Kipp et al. 2011). In the case of a lithium-ion battery, several research studies are found
where they have considered FPCA to develop the model for health estimation and battery
prognostic. Cheng et al. (2015) studied and developed a novel prediction approach applied
to the FPCA and Bayesian approach for predicting lithium-ion battery residual lifetime. .
Hu et al. (2009) also proposed a method for prognostics of the lithium-ion battery applied

to FPCA while using voltage and current profile for charge and discharge profile. The
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eigenfunctions they analyzed able to capture 99.9% data variation (Guo and Li 2017).
These studies provided a rudimentary understanding to explore FPCA for developing a
lithium-ion battery prognostic model using other ageing stress factors and performance

measures since the dataset is a continuous function.

2.3. Research scopes.

A distinct research scope can be drawn for a data-driven prognostic model of lithium-ion
battery based on literature reviews and past studies. The following Table 2.1 demonstrates

the classification of the research scope
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Table 2. 1 : Literature of data-driven models’ classification

Data-driven models

<
2 o £
c T 3 S = T2
§ S 2 8 £ ¢ 8 £ E 2%
> 5 ® & 8 2 £ 5 & g<¢
£ ¢ g 2 ¢ 8§ £ 5 8§ gET
c © e &} = (<& —_ ber} S g O ¥
8 v £E £ &8 55 8 5 5 &%
2 4 8 8 2 © 2 £ S £33 2
28 % 252 8¢5 SEF
@ 2 g S & I3
Authors 3 @2
o
X. Hu et al. (2015) v
M.A. Patil et al. (2015) v v
J. Zhou et al. (2012) v v
S. Theodoridis (2012) v v
B. Long et al. (2013) v v
K. Liu et al (2018) v v
M Kirk (2014) v v
A. Nuhic et al. (2013) v v
T. Qinetal. (2015) v v
Q. Zhao et al. (2018) v v
R.R. Richardsonetal. (2017) v Vv
Wang et al. (2013) v v
Yujie Cheng et al. (2015) v v
Jian Guo and Zhaojun Li v
(2017)

As it can be seen from the table as mentioned above that the majority of the work regarding
li-ion battery have used SVM, Bayesian regression, and ML algorithms to develop an

empirical model. In this research, we will take a novel approach, adopting functional
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principal component analysis to extract the feature from the dataset existing in the form of
contentious function and use lasso regression, a penalized regression model to fit better
models by shrinking the model coefficients. The combination of FPCA and lasso regression
for analyzing functional monitoring data have never been used in any studies and remains
untouched to date. The input parameter is also a crucial aspect of choosing FPCA over
other models. The following Table 2.2 shows the input parameters of preceding studies of

lithium-ion battery employing FPCA for monitoring and extracting features.

Table 2. 2: Input parameters of preceding studies involved with FPCA.

Input Parameters

Charge o Discharge i .
Authors ! o Capacity
Current Voltage Current Voltage Temperature i Time Degradation
Jian Guo and [ i
Zhaojun Li v v v 4 v
(2017) | 5
Yujie Cheng i - P
et al. (2015) : !
Scope of this L, v P L,
research !

As we are seeing from above mentioned Table that the influence of current, voltage and
temperature for degrading capacity in preceding FPCA model is absent, we intended to
study further and investigate the effects of those ageing stress factors applying FPCA to
the capacity of lithium-ion battery. This thesis aims to explore the combination of current,
voltage and temperature as input parameter and develop a data-driven lithium-ion battery

model to predict the capacity applied to FPCA using lasso regression.
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Chapter 3

Methodology

3.1. Overview of the problem and data analysis

Over the years, several studies have been conducted to develop prediction algorithms for
the lithium-ion battery’s capacity. Mostly model-based and data-driven approaches are the
leading field of studies. The lithium-ion battery has several performance measures and
parameters as ageing stress factors that could be used to monitor data. These monitoring
data includes voltage, current, and temperature. A standard lithium-ion battery may
perform around 300-500 cycles before reaching its full discharge criteria ( Geoff S.
Fein,2003 ) . The monitoring data can be obtained as a continuous function of capacity
throughout the cycle. The lithium-ion battery's capacity degrades after each cycle
significantly and the battery needs to be replaced while it reaches to end-of-life criteria. In
this study, we aim to predict the capacity of lithium-ion batteries using a data-driven
prognostics algorithm supporting uncertainty representation and management.
Specifically, we adopt FPCA applied to temperature, voltage, and current observations

collected from NASA Ames Prognostics Center of Excellence repository.

3.2. Data collection

The model requires a real dataset of lithium-ion batteries to predict the remaining useful
lifetime of a battery. The data used in this study to make a prognostic model is obtained
from the public data repository of NASA Ames Prognostic Center of Excellence (PCoE).

Three separate batteries especially 5, 6, and 7 were selected to validate the accuracy of the
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proposed model. The data set has been taken from a prognostic test experiment in NASA
which includes commercial Lithium-ion 1850 sized battery, thermocouple sensors, power
supply, load, etc. to record all the performance measures (B. Saha and K. Goebel 2007).
The lithium-ion battery experiment was extended through three different operational
profiles such as charge, discharge and impedance at ambient temperature. The charging
procedure was follow-through in constant current (CC) mode at 1.5A. While the battery
voltage touched at 4.2V mark, charging was continued with constant voltage (CV) until
the charging current fell below 20mA. The discharge process was carried out with constant
current (CC) up to 2A until the voltage level touched the specified end of discharge level
2.7V, 2.5V, and 2.2V for batteries 5,6 and 7 respectively. While the capacity degraded to
the specified threshold called end of life (EOL) criteria which was a 30% fade in rated
capacity, the experiment was stopped. Figure 3.1 demonstrates the data structure including

performance monitoring variables.
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Cycle | Discharge Violtage Discharge Current  Discharge Temperature Charge Current  Charge Voltage | Time | Capacity

1 1 4,194 -0.0015659 23.937 -0.0004 0 0 189N
2 1 4,1985 -0.0021394 23,924 -0.0004 4.215 16.781 1.89M
3 1 3.9856 -1.9858 24,004 -2 3.003 35703 1.8911
4 1 3.9632 -1.9926 24,163 -2 2,987 53.781 1.89M
5 1 3.9466 -1.9885 24,346 -2 2,972 71.922 1.891
] 1 3.9328 -1.9912 24,546 -2 2.963 90.04  1.891
7 1 3.921 -1.9805 24,741 -2 2.957 10828  1.8911
] 1 3.9109 -1.9892 24,937 -2 2.955 12645 1.8911
a 1 3.9017 -1.9805 25128 -2 2,951 14464 1.8970
10 1 3.8932 -1.9896 25313 -2 2846 16284 1.8910
11 1 3.8857 -1.9903 25,511 -2 294 158102 1.891
12 1 3.8784 -1.9858 25,695 -2 2.934 19922 1.8911
U3 1 3.8715 -1.9912 25.887 -2 2920 21739 1.891
14 1 3.865 -1.9904 26,071 -2 2,923 23559 1.891
15 1 3.859 -1.9886 26,247 -2 2.919 25375 1.891
16 1 3.853 -1.9915 26.424 -2 2.913 27188 1.8911
17 1 3.8471 -1.9892 26.596 -2 2.900 29014 1.8911
18 1 3.8415 -1.9917 26,775 -2 2.903 30836  1.8911
19 1 3.8361 -1.9013 26,932 -2 2.800 3265 1.8911
20 1 3.8 -1.9896 27.003 -2 2804 34475 1.8910
21 1 3.8257 -1.9906 27.255 -2 2,889 362.91 1.89M
22 1 3.821 -1.9891 27406 -2 2.885 38105 1.8911
) 1 3.8161 -1.9925 27.557 -2 288 39919 1.89M
24 1 3.8114 -1.9898 27.726 -2 2,875 41728 1.891
25 1 3.85063 -1.9889 27.875 -2 2,871 43348 1.891

Figure 3. 1: Data structure of dataset demonstrates initial 25 sequential data of first cycle.

3.2. Model building and testing

Suppose we have a battery that has been used for N charge-discharge cycles. We define
the training data as D¢rgin = (Xerains Yerain) Where Xeqm = {vij, i tijyi = 1,..,N,j =
1,...,m;}, which includes the monitoring measurements of voltage, current, and
temperature for the first N cycles at m; time points, and Y;,4in = {vi,i = 1, ..., N}, the
battery capacity data for the corresponding cycles, as the target. Based on the training data,
we aim to predict Diogt = (Yiest) = {yi,i = N + 1, ..., N + P} the battery capacity for
forthcoming P cycles using simple linear regression. Note that the testing data does not
include X;.,; as the monitoring observations are not available when the prediction is made
in real applications. We instead attempt to predict X;.oc = {v;j, ¢;j, tiji =N+ 1,...,N +
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P,j=1,..,m;} based on X;.4in, and use the predicted monitoring measurements as the
input of the prediction model. Figure 3.2 depicts the graphical representation of the process

for building and testing the capacity prediction model with the help of battery monitoring

data.
First N cycles (X¢rqin) f Eigen-functions \ FPCScores (for training)
. . . . ETIET— =
\ | FPCA |Voltage |! .. f o LT :7 S N N
[e11] Voltage i, Current ] Temperature o
c - - +
= : - — Current | [ Battery capacity data (Yy,qin)
B ) T
= Model training
) by Lasso
Simple linear regression Temp. | V -
for each time-index k « o TTT AL j Prediction Model
Apply prediction
model
Predicted forthcoming cycles (N + 1to N + P) Apply FPCA results
& "
= / 2 Performance
E,j ‘J / Extract FPC scores o
= Voltage Current / Temperature i
/ +

Battery capacity data (Y;es¢)

Figure 3. 2: Graphical representation of workflow

For the model training, the FPC scores are extracted from the first N cycles of voltage,
current, and temperature measurements. These FPC scores are utilized to predict the battery
capacity via the least absolute shrinkage and selection operator (lasso) which is a penalized
regression procedure to fit the model by shrinking the coefficient into zero that results in a
biased prediction outcome with low prediction variance and enhanced prediction accuracy.
For the model testing, we use the simple linear regression for each time index to predict
forthcoming P cycles of monitoring variables based upon preceding discharge cycles.
Subsequently, FPCA is employed to extract the FPC scores from each predicted voltage,

current, and temperature cycle. The trained regression model is applied to predict the
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lithium-ion battery’s remaining capacity for cycles N + 1to N + P. The result from the
proposed model provides notable accuracy throughout different cycling conditions over
the life span of a lithium-ion battery. The detailed model building and testing process in

step by step as follows -

(a). The monitoring data of the lithium-ion battery comprises of 168 cycles of voltage,
current, and temperature. To begin the model, we have considered the initial N =
100 cycles as training data to build a prediction model.

(b). The original discretized measurements are transformed to smooth curves by
applying the B-spline basis expansion. The number of knots K = 5 is chosen, for
each of the voltage, current, and temperature, such that the fitted model has the
lowest BIC value.

(c). The FPCA is performed upon each monitoring variable, and the mean function p(t),
FPC scores &, k = 1, ..., K and corresponding eigenfunctions are obtained for each
predictor. These FPC scores characterize the status of the battery at the
corresponding cycle.

(d). The FPCA provided n = 3,3 and 5 types of FPC scores for voltage, current and
temperature respectively. These FPC scores are used as input feature for the lasso
regression.

(e). The lasso regression model is trained based on FPC scores. The lasso complexity
parameter is chosen by the K-fold cross-validation with 5 folds.

(f). To test the model, the monitoring variables” measurements for forthcoming P = 20

cycles are predicted. The simple linear regression was used for this task for each
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time point. For the voltage measurements for a time point of j = 1, for example, we

fit the following model to the initial 100 cycles of data.

Vi1 = ﬁ() + ﬁll + €1, i = 1, ) 100 (1)

Then, the fitted model is extrapolated to produce 7;;,i = 101, ..., 120. This process
is repeated for each time point of j = 1, ..., m;. Merging those resulting responses,
we got predicted 20 cycles which are almost indistinguishable from actual cycles.
The B-spline with the number of knots learned by the training data is applied to
these predicted measurements.

(9).Using the eigenfunctions obtained from the training phase, the FPC scores are
extracted from each predicted curve.

(h). The prediction of y;,i = 101, ...,120 are obtained by lasso model obtained in (f),
and compared with the true battery capacity values to evaluate the model

performance.

3.3. Functional Principal Component Analysis:

The FPCA is an approach used to reduce the dimensionality of large datasets while helps
to enhance interpretability, yet loses minimum information from the data (I. T. Jolliffe
1986; lan T. Jolliffe and Cadima 2016). Herein, we briefly introduce the main idea of FPCA
with an example of voltage measurement data v;;. The FPCA can be thought of as an
extended version of the traditional multivariate principal component analysis (PCA) with
the infinite-dimensional vectors, i.e., the function. To apply the FPCA, the data has to be

given as a form of a smooth function. As the voltage data is discrete measurements over
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time, we first attempt to represent v;; as a function v;(¢t) by using a B-spline basis

expansion with an appropriate number of knots.

The FPCA aims to find weight functions ¢(t) which mostly explain the function-to-
function variabilities. The first functional principal component ¢,(t) is chosen to

maximize the mean square >, €4 /N where

o= [ SO0t @)

with the constraint of the unit squared norm [ ¢, (t)%dt = ||¢41|> = 1. The second and
subsequent FPCs can be also found by solving the same optimization problem with the
additional orthogonality constraints of [ ¢ (t)¢m(t)dt = 0,k < m. Let us define the
covariance function G(s,t) = XX, v;(s)v;(t) /(N — 1), then it can be shown that the

above optimization problem is reduced to the following eigen-equation.

f G(s,)$(D)dt = Ad(s) &)

where ¢ is an eigenfunction and A is an eigenvalue. This continuous functional eigen-
analysis problem can be solved by an approximately equivalent matrix eigen-analysis task.

For more details, see (James O. Ramsay and B. W. Silverman 1997) chapter 8.4.

It can be also shown that each curve of v;(t),i =1,...,N, is approximated by the
expansion in terms of a small number of orthonormal basis functions ¢’s by the following

form.
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ui(©) = (O + ) L u(®) @
k=1

where u(t) =Y~ v;(t) /N is the mean function, & = [ ¢, ()v;(t)dt is the k-th

functional principal component (FPC) score, and ¢, (t) is the k-th eigenfunction.

The same procedure can be conducted to the current and temperature curves. In our
research, we extracted five FPC scores from each curve of voltage, current, and
temperature. These 15 FPC scores for each cycle are used as the input features of the battery

capacity prediction model.

3.4. Lasso Regression:

The lasso regression has become widely used to estimate parameters in regression
problems with a large number of covariates. It is extensively employed due to shrinking
the vector of regression coefficients toward zero, setting some coefficients equivalently
equal to zero, which ensures simultaneous and variable estimation procedure (Tibshirani
1996) . The lasso is a form of penalized least squares that minimizes the residual sum of
squares while controlling the L — 1-norm of the coefficient vector 3. For a generalized
linear regression model coefficient B, and = (B4, fz, ... ... , Bp) are measured by using

following equation-

(Fa F757) = argmin (Y. (1= o+ B3D) +2) |6} -

Where Y and X are the capacity of lithium-ion battery and FPC scores respectively. 1 is a

non-negative parameter or penalty that regulate the amount of shrinkage that needed to
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incorporate in the model. The penalty is the form of regularization, a method to solve an

ill-poised problem or prevent the overfitting data into the model.
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Chapter 4

Results and Analysis

This section discusses the application of the mathematical models to a real-life problem
regarding the capacity prediction of lithium-ion battery applied employing functional
performance measures such as voltage, current and temperature. The model identifies the
features of functional data that have been used to predict the capacity using lasso
regression. The model also compares the predicted capacity with the actual capacity
through lasso regression. The following sections comprises of detailed discussion

regarding the model outcomes.

4.1. Data visualization

The data of lithium-ion battery was received from a public data repository of NASA Ames
Prognostic Center of Excellence (PCoE). We were concerned with the actual data structure
of performance measure that obtained while experimenting in the laboratory under
specified conditions. Since the objective is to observe the capacity degradation, the
discharge phase of the battery has the main responsibility. We wanted to realize and
understand the data structure of performance measures such as voltage, current and
temperature among other parameters. Figure 4.1 shows the first smoothen 100 cycles of
voltage rating against time. The cycles are showing a notable pattern from the initial cycle
to the end. The voltage is showing declining behavior from the beginning to end the cycle
while each cycle started around 4.0 V and ends at 2.5V. Different colors are used in the

plot to distinguish the cycles and its behavior.
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Figure 4. 1: The first 100 cycles of voltage rating against time steps.

There is other variable such as current, we wanted to observe the behavior while
discharging the capacity. Figure 4.2 demonstrates the behavior of current rating as cycles
vs. time points. If we see the plot, the voltage rating remains constant and kept negative
rating for a while from the beginning of each cycle. However, it goes to zero voltage rating
while the cycle came to an end of each cycle. The following plot is showing the smoothen

curve of first 100 cycles of current rating against time.
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Figure 4. 2: The first 100 cycles of current rating against time steps.

The temperature is another performance measure that we wanted to investigate before the
model development. The temperature is showing opposite trend to the voltage. While
voltage rating was showing declining tendency, the temperature is demonstrating
increasing inclination as capacity degrade over time. Figure 4.3 depicts the first 100 cycles
of temperature against time period. The temperature of each cycle starts around 25°C while
ends at 45°C. The following plot shows the smoothen curve of initial 100 cycles of

temperature vs. time duration.
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Temperature vs. Time
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Figure 4. 3: The first 100 cycles of temperature against time steps.

The capacity degradation over time is the main focus of our research interest. The battery
has specified capacity at the beginning of the experiment. However, after successive
discharge cycles the capacity degrade significantly. The experiment ran 168 overall cycle
before reached to its end of life criteria. The following figure 4.4 depicts the capacity
degradation plot over number of cycles. Each discharge cycle reduces the capacity

significantly.
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Figure 4. 4: The degradation of capacity over the number of discharge cycle of lithium-
ion battery.

The capacity plot gives us an impression of degradation rate of each cycle. We want to

investigate the influence of aforementioned performance measures such as voltage, current

and temperature value to the capacity of lithium-ion battery. Following section will discuss

the findings of the developed model of FPCA for capacity degradation.

4.2. Functional principal component analysis model

The FPCA model was employed to analyze the initial 100 cycles of data of voltage, current,

and temperature respectively to provide FPC scores and eigenfunctions. Based upon the

BIC value, the cubic spline was adopted to fit the model. We have set the number of knots
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35 which has provided better results among other options. Figure 4.5 illustrates examples

of the fitted B-spline basis expansion model for the first 50 cycles of voltage curves.
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Figure 4. 5: B-spline fitted for the first 50 cycles of voltage curves.

The model diagnostic has provided the actual voltage vs. voltage predicted curve where we
can validate the model fitting. Figure 4.6 demonstrates the voltage vs voltage predicted

curve. Most of the data point lies around the tangent line which validate the model.
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Figure 4. 6: Model fitting for actual voltage vs. voltage predicted.

The FPCA for voltage provided three separate FPC scores and eigenfunctions while the
first FPC was responsible for 75.4% data variation and the second FPC was accountable
for 21.1% data difference. According to the eigenvalues and their contributions towards
data variation, the first FPC is the dominant function among other FPC’s for the variations.
Figure 4.7 illustrates the mean functions of initial 100 cycles including three eigenfunctions

of voltage that we obtained using FPCA.
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Figure 4. 7: The mean and eigenfunctions of voltage cycles.
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As voltage, we have conducted the same analysis for other performance measures such as
current and temperature. Figure 4.8 illustrates examples of the fitted B-spline basis

expansion model for the first 50 cycles of current curves.
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The FPCA generates three distinct eigenfunctions and corresponding eigenvalues for the
functional data of current. Regardless of the mean function, the first eigenfunction
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corresponding to 65% of data variation while the second eigenfunction is responsible for
30% variation. The rest of the 5% data variation is responsible for the third eigenfunction.

Figure 4.9 illustrates the mean functions of initial 100 cycles including three eigenfunctions

from current that we obtained using FPCA.
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Figure 4. 9: The mean and eigenfunctions of current cycles.

Similarly, the temperature is also subjected to the B-spline fitted model which is illustrated
in the following 4.10 figure. As aforementioned performance measures, we have shown 50
initial temperature cycles for comprehensible understanding. The model fitted so well that
the based on the diagnostic plot, most of the points lies on the tangent line. The diagnostic

plot of actual temperature against the predicted temperature plot is depicted in the

subsequent plot shown in 4.11 figure.
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Figure 4. 10: B-spline fitted for the first 50 cycles of temperature curves.
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Figure 4. 11: Model fitting for actual temperature vs. temperature predicted
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Unlike to the previous variables such as current and voltage, the temperature generates six
separate eigenfunctions. Based upon its percentile, it is evident that no eigenfunction
dominant for the existing variations which is different from other parameters. From these
6 functions, the first one contributes around 42% variation whereas the second one
contributes 33% and rest of them are respectively 15.5%, 3.95%, 3.49% and 1.81%. Figure

4.12 shows the mean and eigenfunctions for the temperature.
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Figure 4. 12: The mean and eigenfunctions of current cycles.

Each eigenfunctions of current, voltage and temperature generate corresponding FPC
scores for each cycle. We can simulate each function with the help of those corresponding
FPC scores and mean function of each performance measures that are subjected to the
investigation. We have extracted FPC scores for training dataset which is 100 cycles of
current, voltage and temperature. Following table 4.1 demonstrates obtained FPC scores
for initial 20 cycles of voltage, current and temperature with corresponding capacity of

each cycle.
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Table 4. 1: FPC scores for initial 20 cycles of voltage, current and temperature.

Voltage Current Temperature

Cyele Capacity —F5eT—Fpc2 FPC3 FPCL FPC2 FPC3 FPCL FPC2 FPC3 FPC4 FPC5 FPCG

1 1.89 -50.94  -26.7 -849 -558 -391 -388 549 -807 188 -10.16 -3.87 6.13
2 1.88 -51.89 -269 -842 -55.0 -554 -475 -235 -1144 -429 -1219 -500 731
3 1.88 -52.15 -280 -884 549 551 473 -155 -1284 -6.81 -11.81 -390 4.93
4 1.88 -52.89 -30.0 -943 -539 507 -464 149 -1520 -1048 -9.85 -195 243
5 1.88 -53.08 -304 938 -539 531 474 413 -1684 -1169 -830 -096 232
6 1.88 -5339 -270 -807 -551 -8.00 -582 105 -2250 -13.13 -7.19 -3.13 9.86
7 1.88 -53.23 -27r2 -797 552 -819 -588 -0.85 -20.21 -1245 -837 -361 9.16
8 1.88 -62.15 -386 -11.08 -434 -351 -501 -495 -26.60 -33.26 -5.61 1.68 0.09
9 1.87 -711.35 -486 -1283 -271 175 -431 -503 -2930 -40.69 -3.66 3.78 -2.00
10 1.87 -72.16  -50.2 -13.04 -27v3 179 426 -227 -2938 -40.79 -254 465 -3.01
11 1.87 -89.04 -670 -1586 1.0 10.72 -3.12 113 -29.14 -40.22 -087 580 -3.46
12 1.86 -133.77 -102.6 -19.34 56.2 2283 -3.16 -10.51 -27.81 -50.52 -2.34 432 -3.04
13 1.86 -164.09 -1272 -2258 918 3194 -264 299 976 -749 -992 -272 200
14 1.86 -181.38 -143.1 -2448 920 3191 -267 10.08 -6.04 -0.75 -8.61 -1.77 1.49
15 1.86 -207.44  -155.0 -23.77 970 2709 -518 165 -31.12 -3750 -0.16 2.86 2.75
16 1.86 -223.96 -169.5 -2533 750 2246 -508 2128 -026 1685 -895 -351 410
17 1.85 18281 1210 279 -175 919 -195 2340 732 2316 -987 -3.78 264
18 1.85 15490 97.8 039 -120 954 -232 1487 -6.08 020 -566 -1.80 3.36
19 1.85 180.47 1114 131 -119 951 -233 1665 044 528 -6.87 -180 1.89

N
o

1.88 -58.16  -36.7 -11.71 -444 -138 -396 358 -2494 -20.25 -8.18 136 -0.65
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4.3. Linear regression model

The battery capacity prediction begins with the forthcoming cycle prediction using simple
linear regression. This model will predict the cycle as testing dataset for the above model
where we have considered 100 cycles as training dataset. However, we have randomly
chosen 20 cycles as testing dataset for the model. Linear regression model produces similar
shapes of cycles as preceding 100 cycles that has been considered for the FPCA model.
With the aid of these simulated cycles of current, voltage and temperature, we have
extracted the FPC scores of similar to the training dataset. Following figures 4.13-4.15

demonstrates the predicted cycles of voltage, current and temperature respectively.
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Figure 4. 13: The predicted 20 cycles of testing dataset for voltage.
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Figure 4. 14: The predicted 20 cycles of testing dataset for current.
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Figure 4. 15: The predicted 20 cycles of testing dataset for temperature.
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4.4. Lasso regression model

The FPC scores that we obtained through the model are the input for the generalized
regression model where we have used lasso regression with 5-folds cross-validation. The
lasso was used to train the preceding FPC scores with their corresponding capacity and
help to predict the capacity based upon the FPC scores of predicted cycles. The experiment
was conducted under three different conditions. We have evaluated three cases for splitting
the dataset. First case where we have examined 100 cycles for the training purpose and
subsequent 20 cycles for testing the model while those cycles were predicted using linear
regression. For second case, designed 120 cycles for training and next 20 as testing
purpose. Finally, inspected the model with 140 cycles of performance measure as dataset
and next 20 cycles for the testing the model. These number of cycles were considered
randomly. As Initially, we have considered the initial 100 cycles as a training dataset while
predicted 20 cycles for model testing. Figure 4.16 shows actual versus predicted capacity
for training and testing dataset for two cases while (a) represents 100 cycles as training

dataset and (b) demonstrates the case where 120 cycles are considered as training dataset.
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Figure 4. 16: Actual versus predicted capacity (a) 100 cycles as training (b)
120 cycles as training for training and testing dataset
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The predicted outcomes as capacity prediction are randomly distributed around the tangent
line which corroborates the model validity and facilitates credible prediction outcomes.
The plot provides evidence that the capacity prediction outcomes from the developed
model appears to be closer to the actual value and the model would provide crucial result
for our investigated problem. As mentioned above, the model has feds 100 cycles as an
input at the beginning as training dataset and predicted the capacity for the subsequent 20
cycles which we obtained using linear regression. After a while getting the results as
capacity prediction value, we have continued the process and kept doing the prediction
process considering 120 cycles as training and predicted the following 20 cycles for testing
purpose. Finally, considered 140 cycles of actual dataset of current, voltage and
temperature as training data and predicted capacity for ending 20 cycles of lithium-ion
battery. Using the process of replication with different sets of datasets, the model helped
us to check the model and verified its accuracy of prediction. Figure 4.17- 4.18
demonstrates the result of the model as capacity for first two cases. The fitted capacity

curve is color coated where fitted capacity and predicted capacity is apparent.
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Figure 4. 17: Fitted curve for capacity prediction of initial 120 cycles
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Figure 4. 18: Fitted curve for capacity prediction of initial 140 cycles.

The root-mean-square error (RMSE) and mean-absolute-percentage-error (MAPE) is used
to evaluate the accuracy of the model. The RMSE and MAPE values of the capacity data
and prediction error between the actual measurements and the estimated battery capacity
are calculated to evaluate the accuracy of the proposed method. In order to check prediction
accuracy, we have conducted both RMSE and MAPE. The errors such as root mean square
error (RMSE) and mean absolute percentage error (MAPE) shows that the model works
well at the beginning while both the RMSE and MAPE is minimal. However, both the error
increases as we predict end cycles. Table 4.2 illustrates the prediction performances by
using different training cycles for three separate cases. The RMSE and MAPE both values
of the capacity data for three distinct cases exhibit a decreasing trend, whereas the predicted
capacity becomes more and more approximate to the actual lifetime, which indicates that
the model applied to FPCA has higher accuracy than other preceding proposed models (F.

K. Wang and Mamo 2018).
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Note that the small error values from MAPE and RMSE represent better accuracy as we
are seeing from Table 4.2. The results indicate that the model using current, voltage, and

temperature applied to the FPCA produces fairly accurate capacity compare to the actual

capacity.

Table 4. 2: Prediction performance of battery No 7 for three separate cases.

Criteria Case 1 Case 2 Case 3
Training cycle Training cycle Training cycle
1-100 1-120 1-140
Testing cycle Testing cycle Testing cycle
101-120 121-140 141-160
RMSE .009 .02 .04
MAPE (%) 44 1.74 3.18

Finally, after rigorous analysis using proposed model, the tables and plots are providing a
comprehensive and ratifying view regarding the result of the model. We can conclude with
the result that we are getting quite accurate prediction of capacity of lithium-ion battery

using our proposed FPCA model.
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Chapter 5

Conclusions and Future Work

5.1. Conclusions

In this thesis, we have attempted to address and fill-up some research gap regarding
capacity prediction using battery performance measures or monitoring data such as current,
voltage and temperature. As mentioned in the literature review chapter, apparently most of
the research based on capacity degradation data rather considering these performance
measures. Moreover, the data we have engaged to investigate in a sequential form while
past study has considered average value of each cycle. However, numerous studies have
been conducted using the same dataset since the repository is publicly available for further
research. Apparently, none of the preceding studies attempted to address these research
gap. Thus, these factors persuaded us to confront and solve above mentioned problems. To
solve these issues, the capacity prediction model is proposed using voltage, current and
temperature of lithium-ion battery that applied to FPCA and lasso regression. In the
methodology section, the detailed working procedure along with the basic concept of
FPCA and lasso regression is described with visual representation. In the result section, the
capacity prediction method for the lithium-ion battery based on FPCA using lasso
regression is demonstrated. The results are represented with table and plots. The crucial
facts are discussed to provide an inclusive knowledge regarding the model and its accuracy
towards capacity prediction. The prediction model is applied using FPCA which helped
us to predict the capacity of the lithium-ion battery. The lasso regression is employed to

explore the FPC scores that we obtained from the FPCA model and provide predicted cycle
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capacity accurately. From the experiment results, we observed that the proposed model
based upon FPCA could effectively predict lithium-ion battery capacity. We have
introduced RMSE and MAPE to assess and verify the results. Moreover, the result needs
to be compared with preceding studies to check the robustness of the model. The statement
verified by the error performance such as RMSE and MAPE, the minimal value of error
performance proved that the model can deliver higher prediction accuracy with designed

experiment.

Some limitations of the model are also observed during analysis since the model did not
delivered consistent error performance for all cases. While RMSE provides decent error
performance for all the scenarios, the MAPE seems showing some irregularities at the last
scenario. The error of 3.18 as MAPE shows that there is significant prediction error
between the actual measurements and the estimated battery capacity. This irregularity
might be result of testing dataset while linear regression is considered. The ending actual
capacity and cycles have irregular deterioration. However, the linear regression failed to
grasp the trend which resultant predicted dissimilar cycles of current, voltage and

temperature.

5.2. Future Work

The thesis was intended to develop a model that can address and explore a field of
prediction maintenance of lithium-ion battery using its sequential monitoring data which
is the function of its capacity. The success can bring an immense change in the capacity
prediction research field and its imminent implementation process. However, the proposed
model still needs to be refined before its execution to real life application. There are several
factors that came to our notice while doing research with proposed model of FPCA.
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The capacity degradation phenomenon of lithium-ion battery shows an irregular behavior
while degrading the capacity. There are multiple occasions while capacity increased
suddenly while discharging process was running and it reached to a pick from where the
capacity degraded ahead time period. This path is known as degeneration trajectory from
preceding study (L. Li et al. 2016). While we have extracted FPC scores from functional
monitoring data from each variable, we saw the similar behavior from the dominant FPC
score of each variable. These discoveries persuaded us to conduct further studies and
investigate and explore the probability of accumulating the degeneration trajectory of
capacity degradation process into the model so that the proposed model can capture more
information from historical data of capacity and predict as per the trend of actual capacity

value.

Lastly, we have detected the linear regression has limitation predicting the testing dataset
based upon the training dataset as per the model. Future works are projected to be
conducted considering more sophisticated curve predictions for voltage, current, and
temperature rather than simple linear regression. The future goal is to use recurrent neural
network (RNN) for analyzing the sequential data of training dataset and predict the testing
dataset which would be more accurate than linear regression. In conclusion, we believe
that the proposed FPCA model based on sequential data of battery monitoring data such as
voltage, current, and temperature is a potentially useful tool that can deliver more accurate

and reliable capacity prediction results.
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