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Abstract

Lithium-ion batteries serve as the cornerstone of modern portable electronics, electric
vehicles, and large-scale energy storage systems. However, their long-term reliability is
constrained by progressive degradation mechanisms that affect capacity, internal resistance,
and overall performance. Accurate prediction of battery State-of-Health (SoH) has there-
fore become essential for enhancing battery safety, optimizing maintenance cycles, and
improving energy-management strategies. While significant progress has been made in
machine learning–based SoH estimation, current methods typically rely on pre-selected
or domain-specific features, leaving a substantial gap in the exploration of generalizable
feature engineering frameworks. Motivated by this limitation, the present work aims to sys-
tematically investigate new mathematical and data-driven feature constructs derived from
real-world battery cycling datasets.

This report proposes a structured methodology for extracting, evaluating, and selecting high-
value features from raw operational measurements such as voltage, current, temperature,
charge/discharge capacity, and cycle count. The focus is on building a standardized feature-
engineering pipeline that incorporates mathematical transformations, degradation-sensitive
indicators, and time-series based statistical descriptors. Additionally, the study explores
the correlation between temperature dynamics, voltage relaxation behaviour, differential
capacity curves, and cycle-induced degradation trends. The derived features are assessed
for their predictive relevance using machine learning models, with emphasis on model
interpretability and robustness.

The proposed experimental design aims to bridge the gap between electrochemical un-
derstanding and data-driven modelling by formulating features rooted in mathematical
relationships such as rate of change, gradient estimators, integral measures, and non-linear
transformations. The ultimate goal is to identify a compact yet informative subset of features
that can generalize across different battery types and cycling conditions.

This work lays the foundation for future development of a comprehensive feature-engineering
framework for SoH prediction. The outcomes are expected to support enhanced diagnostic
models, reduce dependence on handcrafted domain features, and contribute toward safer,
more efficient battery-management systems.
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Chapter 1

Introduction

Rechargeable lithium-ion batteries (LIBs) are widely used in portable electronics [1], elec-
tric vehicles (EV) [2], and energy storage systems [3]. As the demand for clean and
renewable energy grows, the diverse applications of LIBs in electrical energy storage will
make a significant contribution to reducing carbon emissions and ultimately mitigating
global warming [4]. Modern commercial LIBs have been highly optimized, from chemical
composition to manufacturing technology, enabling a service lifespan ranging from months
to decades. Energy is efficiently stored and utilized through reversible electrochemical reac-
tions within the battery, while a certain level of irreversible degradation reactions also occurs
with the cycling process, including active material loss [5] and increased impedance [6] over
time. This degradation leads to performance issues like capacity fading, mechanical failure,
and thermal instability [7]. To prevent unexpected failures and safety concerns, batteries
in EVs should be replaced once their real-time capacity drops to 80 percent of the initial
capacity [8]. Machine learning involves the study of algorithms that learn patterns and con-
struct predictive models from data. Particularly, based on the various types of data recorded
by a BMS, a machine learning algorithm can construct a predictive model that is capable of
estimating the SOH of LiBs. Several studies use current, voltage and charging/discharging
cycle data as input for building machine learning models and predicting the SOC or SOH of
LiBs. For example, some have used classic machine learning approaches such as Gaussian
process regression (GPR) [[9], [10], [11]], support vector regression (SVR) [12,13], Random
Forest (RF) [14,15], and single layered feed-forward neural networks (FNN) called extreme
learning machine (ELM) [16]. Whereas others have used deep learning approaches that
include deep neural networks (DNN) [[17], [18], [19]], convolutional neural network (CNN)
[20], recurrent neural networks (RNN) [21,22], transformer networks [5], and various model
ensembles [6,23]. By contrast, existing studies used data obtained from electrochemical
spectroscopy impedance (EIS), which involves applying small voltage perturbations to the
batteries and measuring the difference between the original and resultant currents. EIS
provides a significant amount of information on electrochemical processes occurring inside
batteries when measured at different frequencies, which can be quickly and inexpensively
conducted under operating conditions [4,24]. Furthermore, newly developed instrumenta-
tion methods for collecting EIS data in real time enable noninvasive extraction of EIS data
from batteries, thus enabling their use in a BMS [25,26]. Some data-driven studies have
used EIS data for estimating the battery health and charge status of LiBs using machine
learning models, such as GPR [27,28], FNN [29,30], DNN [31], CNN [32], a combination
of CNNs, long short-term memory (LSTM) networks [33], and even clustering techniques
[26]. In addition, some studies have enriched the current and voltage data using the EV
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CHAPTER 1. INTRODUCTION 2

driving and parking data [34,35]. Accurate estimation of the State of Health (SOH) is cru-
cial for ensuring the performance, safety, and longevity of lithium-ion batteries in electric
vehicles. Traditional methods, such as Coulomb Counting and the Extended Kalman Filter,
often lack the accuracy and computational efficiency required for modern applications. This
study proposes an advanced framework that leverages machine learning models to model
the nonlinear degradation patterns of lithium-ion batteries by focusing on key features such
as voltage, current, internal resistance, and temperature. The proposed framework incorpo-
rates optimized pre-processing techniques, including normalization, to improve data quality
and ensure consistency across varying battery conditions.

As the global adoption of residential battery storage systems paired with local photovoltaic
(PV) generation increases, prosumers are increasingly motivated to reduce both their elec-
tricity costs and dependence on the grid. This shift highlights the importance of accurately
evaluating and predicting the battery’s State of Health (SOH) and Remaining Useful Life
(RUL). These factors are crucial for determining the operational costs and longevity of bat-
tery systems. Traditionally, SOH predictions have relied heavily on detailed measurement
data and time-intensive simulations. In response, we introduce a new AI-based approach
that simplifies SOH estimation.

This innovative AI-driven technique offers substantial benefits for evaluating the economic
viability and warranty parameters of battery installations in different regions. It provides
a valuable resource for both industry stakeholders and energy system planners aiming to
assess and anticipate battery health outcomes efficiently. However, research gaps still remain
as presented in detail in the following subsection.

Table 1.1: SOH forecasting and SOH estimation differentiation, inspired by vonBuelow2023

1.1 Background

The background section provides the fundamental context required to understand both
the operational principles of lithium-ion batteries and the machine learning techniques
utilized in this project. It introduces the key structural elements of lithium-ion cells,
explains the underlying energy conversion mechanisms, and presents a simplified overview

2
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CHAPTER 1. INTRODUCTION 3

of the electrochemical processes involved. The section then transitions to a discussion of
machine learning methodologies, with particular focus on commonly used neural network
architectures relevant to this study.

1.1.1 Background and Overview for SoH prediction

This study is grounded in a substantial body of existing research on lithium-ion battery di-
agnostics and degradation analysis. Previous work in this domain has established effective
baselines through data-driven feature extraction, electrochemical behavior characterization,
and early-stage degradation monitoring. These studies collectively demonstrate that combin-
ing statistical descriptors, mathematical signal processing techniques, and machine-learning
algorithms enables the extraction of informative degradation patterns from battery cycling
data. Building upon these foundations, the present work advances the field by proposing
a structured feature-engineering framework aimed at enhancing both the reliability and in-
terpretability of State-of-Health (SOH) prediction models. Accurate SOH estimation for
lithium-ion batteries has attracted considerable research interest due to its critical role in
ensuring operational safety, performance efficiency, and long-term reliability across a wide
range of applications. Existing SOH estimation techniques are commonly categorized into
three broad classes: model-based, data-driven, and hybrid approaches. Each category offers
distinct advantages while also presenting notable limitations. Model-based approaches,
often referred to as white-box models, rely on electrochemical and physical principles to
mathematically represent battery behavior and degradation mechanisms. These methods
typically require detailed knowledge of internal chemical processes and parameter iden-
tification, which can be computationally demanding and difficult to obtain in practice.
Although such models provide strong physical interpretability, their applicability is often
constrained by modeling complexity and data availability. Reviews such as that by Spotnitz
and Franklin provide comprehensive insights into the fundamental degradation mechanisms
governing lithium-ion batteries. In contrast, data-driven or black-box approaches es-
timate SOH directly from historical operational data using machine-learning techniques,
without explicitly modeling internal electrochemical reactions. These methods offer greater
flexibility and scalability across different battery types and operating conditions. Recent
studies have demonstrated the effectiveness of deep learning architectures, including Deep
Neural Networks (DNNs) and Recurrent Neural Networks (RNNs), in achieving high pre-
diction accuracy and robustness. However, the limited interpretability of such models and
their dependence on large, high-quality datasets remain significant challenges. Hybrid or
gray-box approaches seek to combine the interpretability of model-based methods with the
adaptability of data-driven techniques. By integrating physical insights with learning-based
models, hybrid frameworks aim to overcome the shortcomings of purely white-box or black-
box strategies. Emerging fusion-based techniques have shown promise in improving SOH
estimation accuracy while maintaining model reliability and interpretability. Despite these
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CHAPTER 1. INTRODUCTION 4

advancements, several challenges persist across all categories of SOH prediction methods.
These include the need for extensive and representative datasets, the high computational cost
of physics-based models, and the complexity associated with integrating hybrid frameworks.
Furthermore, achieving robust generalization across varying battery chemistries, operating
conditions, and aging mechanisms remains an open research problem. Among the many
influencing factors, temperature plays a particularly significant role in accelerating degra-
dation and affecting SOH prediction accuracy. Recent progress in machine-learning-based
battery health management has led to the development of both cell-level and system-level
SOH estimation strategies. Cell-level studies emphasize the importance of individualized
modeling to accurately track degradation at the single-cell scale. For instance, works by Tian
et al. and Hemdani et al. demonstrate the effectiveness of deep learning models in achieving
reliable SOH prediction using cell-specific datasets. Accurate cell-level SOH estimation is
essential for meeting stringent longevity requirements in automotive and stationary energy
storage applications. Conversely, system-level approaches provide a broader assessment of
battery health under diverse operational conditions and are particularly useful for evaluating
compliance in large-scale battery systems.

1.1.2 The Lithium-Ion Battery

This section introduces the fundamental operating concepts of a battery by describing the
primary elements that constitute a battery cell. A typical cell is composed of five core
components, each of which performs a distinct role essential to the cell’s overall operation
and performance.

1.1.3 Components

• Anode-The negative electrode: The anode serves as the negative electrode during
battery discharge and plays a crucial role in storing and releasing lithium ions. In
lithium-ion batteries, the anode is typically composed of graphite due to its stable
layered structure, which allows lithium ions to intercalate (insert) between its layers
without causing significant structural damage. During the charging process, lithium
ions migrate from the cathode through the electrolyte and become embedded within
the anode material. During discharge, these ions are released back into the electrolyte,
generating an electron flow through the external circuit. The performance of the anode
directly influences key battery characteristics such as capacity, charging speed, and cycle
life. However, over repeated cycles, issues such as solid electrolyte interphase (SEI)
layer growth and lithium plating can occur, contributing to capacity degradation and
reduced efficiency. Andrea2020.

• Cathode-The positive electrode: The cathode acts as the positive electrode during
discharge and is the primary source of lithium ions within the battery. It is typically17

23

51

63

75

Page 27 of 112 - Integrity Submission Submission ID trn:oid:::27535:140047412

Page 27 of 112 - Integrity Submission Submission ID trn:oid:::27535:140047412



CHAPTER 1. INTRODUCTION 5

made from lithium metal oxides such as lithium cobalt oxide (LiCoO), lithium iron
phosphate (LiFePO), or nickel-manganese-cobalt (NMC) compounds. The cathode
material determines the battery’s voltage, energy density, and thermal stability. During
discharge, lithium ions move from the anode to the cathode through the electrolyte,
while electrons flow through the external circuit to provide electrical energy. During
charging, this process is reversed. The structural integrity of the cathode is critical
for long-term battery performance, as repeated cycling can lead to phase transitions,
structural degradation, and loss of active material, all of which contribute to capacity
fade and reduced state of health (SOH). Andrea2020.

• Electrolyte: The electrolyte is a chemically conductive medium that facilitates the
movement of lithium ions between the anode and cathode while preventing the direct
flow of electrons. It is typically composed of a lithium salt (such as LiPF) dissolved
in an organic solvent mixture. The electrolyte plays a vital role in determining the
ionic conductivity, operating temperature range, and safety characteristics of the battery.
During battery operation, lithium ions travel through the electrolyte during both charging
and discharging processes, enabling continuous electrochemical reactions. However, the
electrolyte is also prone to decomposition at high voltages or temperatures, which can
lead to the formation of unwanted byproducts, gas generation, and reduced battery
efficiency. Its stability is therefore essential for ensuring safe and reliable battery
operation. DellRand2001.

• Separator: The separator is a thin, porous membrane placed between the anode and
cathode to prevent physical contact while allowing ionic transport. It is typically made
from polymeric materials such as polyethylene or polypropylene. The separator’s pri-
mary function is to act as an electrical insulator, thereby avoiding short circuits, while
its porous structure enables lithium ions to pass through freely. The performance and
safety of the battery are highly dependent on the separator’s mechanical strength, ther-
mal stability, and porosity. In cases of overheating, some separators are designed to
shut down by melting and closing their pores, thereby stopping ion flow and preventing
thermal runaway. Any damage or failure in the separator can lead to internal short
circuits, making it a critical component for battery safety. DellRand2001.

• Current Collectors: Current collectors are conductive materials that connect the elec-
trodes to the external circuit, allowing the flow of electrons during battery operation.
Typically, copper is used as the current collector for the anode, while aluminum is used
for the cathode due to their excellent electrical conductivity and compatibility with elec-
trode materials. These collectors do not participate directly in electrochemical reactions
but play an essential role in minimizing resistive losses and ensuring efficient energy
transfer. The design and thickness of current collectors impact the overall weight, con-
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CHAPTER 1. INTRODUCTION 6

ductivity, and efficiency of the battery. Poor contact or degradation of current collectors
can lead to increased internal resistance and reduced performance.DellRand2001.

Together, these components collectively form a complete and functional electrochemical
cell, which serves as the fundamental building block of any battery system. In practical
applications, multiple such cells are interconnected in either series or parallel configurations,
depending on the desired electrical output. A series configuration increases the overall
voltage of the battery pack, while a parallel configuration enhances the total capacity and
current delivery capability. These arrangements allow battery systems to be customized for
a wide range of applications, from portable electronics to large-scale energy storage and
electric vehicles.

In rechargeable batteries, particularly lithium-ion batteries, the internal architecture is
carefully designed to support repeated and reversible electrochemical reactions during
charge–discharge cycles. The electrode plates, comprising the anode and cathode mate-
rials, are typically arranged in a layered or stacked configuration. These layers are aligned
in parallel, with electrodes of opposite polarity facing each other to maximize the effective
surface area for electrochemical reactions. This structural arrangement ensures efficient
electron flow through the external circuit and ion transport within the cell, both of which
are critical for maintaining performance over extended cycling.

Separating the electrodes is a thin, porous separator, which plays a crucial dual role in
battery operation. Firstly, it acts as an electrical insulator, preventing direct physical contact
between the anode and cathode, which could otherwise lead to short circuits and potential
safety hazards. Secondly, its porous structure allows the free passage of ions through the
electrolyte, thereby enabling ionic conduction while maintaining electrical isolation. The
electrolyte, which can be in liquid, gel, or solid form, serves as the medium for ion transport.
During operation, lithium ions migrate through the electrolyte from the anode to the cathode
during discharge, and in the reverse direction during charging.

Additionally, current collectors are attached to the electrodes to facilitate the efficient flow of
electrons into and out of the external circuit. These collectors, typically made of conductive
metals such as copper (for the anode) and aluminum (for the cathode), ensure minimal
energy loss and contribute to the overall efficiency of the cell. The combined interaction
of these components enables the battery to store, transfer, and deliver energy effectively.
Over repeated cycles, however, electrochemical and mechanical changes occur within these
components, leading to gradual performance degradation, which ultimately impacts the
battery’s capacity, power output, and lifespan. DellRand2001.

Figure 1.1 illustrates the basic structure of a battery cell and depicts the discharge process,
during which ions migrate through the electrolyte while electrons flow through the external
circuit. During charging, this process is reversed.
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Figure 1.1: Basic structure of a lithium-ion battery cell showing the discharge process.

1.1.4 Energy Principle

The operating principle of a lithium-ion battery is fundamentally governed by the difference
in electrochemical potential between its two electrodes, namely the anode and the cathode.
This potential difference arises due to variations in the chemical energy states of lithium ions
within the host materials of each electrode. As discussed in [36], lithium ions at the anode
exist in a relatively higher electrochemical energy state compared to those at the cathode,
thereby creating a natural driving force for ion migration.

During the discharge process, an oxidation reaction occurs at the anode, where lithium
atoms lose electrons and are converted into lithium ions. These ions then migrate through
the electrolyte toward the cathode. Simultaneously, the released electrons cannot pass
through the electrolyte and instead flow through the external circuit, generating an electric
current that can be utilized to power external devices. At the cathode, a reduction reaction
takes place, where lithium ions combine with incoming electrons and are incorporated
into the cathode material. This coordinated movement of ions and electrons sustains the
electrochemical process and enables continuous energy delivery.

Conversely, during the charging process, an external power source applies energy to reverse
these reactions. Lithium ions are extracted from the cathode and driven back toward
the anode through the electrolyte, while electrons flow in the opposite direction through
the external circuit. This restores the original energy imbalance between the electrodes,
effectively storing energy within the battery for future use.

The efficiency and reversibility of these redox reactions are critical for the performance of
lithium-ion batteries. However, as highlighted by [36], repeated cycling leads to gradual
changes in electrode structure, electrolyte stability, and interfacial properties. These changes
contribute to performance degradation, reduced capacity, and ultimately a decline in the
battery’s state of health (SOH). Therefore, understanding the electrochemical operating
principle is essential for analyzing battery behavior, modeling degradation mechanisms,
and developing advanced prediction frameworks for battery health monitoring
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CHAPTER 1. INTRODUCTION 8

1.1.5 Electrochemical Process

The electrochemical mechanisms governing lithium-ion battery operation are inherently
complex and play a critical role in determining battery performance, safety, and longevity.
A thorough understanding of these reactions is essential for selecting suitable electrode
materials and electrolytes, as well as for minimizing degradation and preventing irreversible
damage. Electrical energy generation within the cell arises from redox reactions occurring
at the electrodes, where each electrode participates in a distinct half-cell reaction. During
discharge, oxidation reactions at the negative electrode release electrons, which are then
transported through the external circuit toward the positive electrode. This electron flow is
driven by the electrochemical potential difference between the two electrodes and forms the
basis of electrical energy delivery. The process is reversed during charging, when an external
voltage source forces electrons to move back toward the negative electrode, restoring the
original energy state of the system. The fundamental discharge reactions at the electrodes
can be represented as follows[37]: Anode (oxidation):

𝑀 −→ 𝑀𝑛+ + 𝑛𝑒− (1.1)

Cathode (reduction):
𝑛𝑋 + 𝑛𝑒− −→ 𝑛𝑋− (1.2)

In these expressions, 𝑀 and 𝑋 denote the metal species and oxidizing agents, respectively,
while 𝑒− represents an electron involved in the electrochemical process [37].

1.2 Literature review and existing approaches

Recent advancements in battery health monitoring have increasingly leveraged machine
learning and deep learning techniques to model degradation patterns and estimate State-
of-Health (SOH). A common theme across existing research is the transformation of raw
electrochemical data into meaningful representations through feature engineering, embed-
ding, and clustering techniques.

Several studies, such as [38], utilize deep neural networks for implicit feature embedding,
where multi-modal inputs including electrochemical, thermal, and mechanical signals are
fused to learn representations. In such approaches, clustering is typically performed after
feature extraction, enabling simultaneous SOH estimation and grouping of batteries based
on learned characteristics.

Other works, including [39], adopt a two-stage pipeline where clustering is explicitly per-
formed prior to prediction. In these methods, batteries are first grouped using centroid-
based clustering techniques, and then cluster-specific models (e.g., LSTM) are trained.
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CHAPTER 1. INTRODUCTION 9

This approach effectively handles heterogeneity in battery behavior, improving predictive
performance by tailoring models to specific degradation patterns.

Feature engineering also plays a critical role in many studies. For instance, [40] employs
Incremental Capacity Analysis (ICA) to extract degradation signatures from voltage curves.
Instead of direct clustering, these engineered features implicitly capture latent groupings,
allowing downstream models such as BiLSTM and ensemble learners to perform more
robust predictions.

More advanced approaches focus on representation learning from raw signals. In [41], deep
hybrid models extract latent embeddings from voltage relaxation curves, enabling implicit
clustering of battery states. Similarly, [42] utilizes time-series embeddings with Deep
Gaussian Processes, modeling degradation trajectories probabilistically without explicit
clustering.

A growing trend in recent literature is the integration of autoencoders for dimensionality re-
duction and feature learning. Studies like [43] demonstrate how autoencoders can compress
high-dimensional battery data into compact latent representations, improving clustering
separability and noise robustness.

Building upon this idea, Deep Embedded Clustering (DEC), as discussed in [44], represents a
significant advancement. DEC combines autoencoder-based feature learning with clustering
optimization in a unified framework. By iteratively refining both the latent space and
cluster assignments, DEC achieves superior clustering performance compared to traditional
methods such as KMeans.
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Table 1.2: Summary of Clustering-Based Approaches in Battery SoH Estimation

Ref Clustering / Em-
bedding Approach

Deep Learning
Method

How Clustering is
Applied

Key Contribution

[38] Implicit feature em-
bedding via deep
neural networks

Multi-feature
Deep Neural
Network

Clustering per-
formed after feature
extraction using
electrochemical,
thermal, and me-
chanical signals

Joint SOH estima-
tion and battery
grouping using
learned representa-
tions

[39] Explicit centroid-
based clustering

LSTM (Se-
quence Model)

Data is first clus-
tered, followed
by cluster-specific
LSTM models

Improves prediction
accuracy by han-
dling heterogeneous
battery behaviors

[40] Feature-level group-
ing using degrada-
tion indicators (ICA-
based)

BiLSTM + Ad-
aBoost + PSO

No explicit cluster-
ing; ICA curves act
as latent grouping
mechanism

Captures degra-
dation signatures
instead of raw sig-
nals

[41] Latent feature em-
bedding from volt-
age relaxation curves

Deep hybrid
learning model

Latent represen-
tations used for
implicit clustering
of battery states

Learns aging pat-
terns directly from
voltage dynamics

[42] Time series embed-
ding

Deep Gaussian
Process + LSTM

No explicit cluster-
ing; relies on latent
space modeling

Uses probabilistic
embeddings for
capacity prediction

[43] Autoencoder-based
representation learn-
ing

Deep Autoen-
coder

Clustering applied in
learned latent space

Reduces dimension-
ality and improves
cluster separability

[44] Deep Embedded
Clustering (DEC)

Autoencoder +
Clustering Opti-
mization

Joint optimization of
embedding and clus-
tering

Simultaneous fea-
ture learning and
clustering improves
cluster quality

1.2.1 Key observations from literature

A comprehensive review of existing literature reveals that battery health estimation and
degradation modeling have increasingly transitioned toward data-driven and deep learning-
based approaches. Most studies adopt a structured framework in which raw electrochemical
measurements are transformed into informative representations through feature engineering
and representation learning techniques. These representations are subsequently utilized for
clustering or predictive modeling tasks.

A key observation is that clustering methodologies are applied at different stages of the ana-

Page 33 of 112 - Integrity Submission Submission ID trn:oid:::27535:140047412

Page 33 of 112 - Integrity Submission Submission ID trn:oid:::27535:140047412



CHAPTER 1. INTRODUCTION 11

lytical pipeline. In some approaches, clustering is performed prior to model development to
partition the dataset into homogeneous groups, followed by the training of cluster-specific
predictive models. This strategy effectively addresses the heterogeneity in battery degra-
dation behavior. Alternatively, several studies perform clustering after feature extraction,
leveraging engineered or learned features to group batteries based on degradation charac-
teristics. More recent works incorporate implicit clustering through latent space represen-
tations, where deep learning models such as autoencoders learn compressed embeddings
that naturally capture similarities among battery states without requiring explicit clustering
mechanisms.

Another important trend is the increasing reliance on deep learning architectures, including
recurrent neural networks and hybrid models, to capture nonlinear and temporal depen-
dencies in battery degradation. These models demonstrate superior capability in learning
complex patterns from high-dimensional data compared to traditional statistical methods.
Additionally, feature engineering techniques such as incremental capacity analysis and
voltage-based indicators have been widely used to encode electrochemical degradation
phenomena into measurable quantities, thereby improving model interpretability and per-
formance.

Despite these advancements, conventional clustering techniques such as K-Means remain
limited due to their dependence on predefined feature spaces and inability to adapt to
complex data distributions. This has led to the emergence of integrated frameworks, such
as deep embedded clustering, which jointly optimize feature representation and clustering
objectives. Such approaches provide a more robust and adaptive mechanism for identifying
latent degradation patterns and battery health states.

1.2.2 Generalized Data-Driven Battery Health Modeling Pipeline

The overall framework adopted in existing studies, and further refined in this work, can be
explicitly represented as:

Figure 1.2: Battery SoH Estimation Pipeline: from raw data to clustering and prediction.

1. Raw Battery Data Acquisition

The process begins with the collection of raw time-series battery data, including parameters
such as current, voltage, capacity, temperature, and cycle index. These measurements reflect
the underlying electrochemical processes occurring during battery operation.
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2. Feature Engineering

In this stage, domain knowledge is applied to extract meaningful indicators from raw data.
Features such as capacity fade, voltage slope, efficiency, and state of health (SOH) are
derived to capture the effects of electrochemical degradation. This step transforms raw
signals into structured inputs suitable for machine learning models.

3. Representation Learning

To address high dimensionality and nonlinear relationships, representation learning tech-
niques such as autoencoders are employed. These models compress input features into a
low-dimensional latent space, preserving essential information while filtering noise. The
latent representations encode hidden degradation patterns that are not directly observable
in the original feature space.

4. Clustering / Health State Identification

Clustering algorithms are applied to the learned representations to group batteries into
distinct health states. Traditional methods perform clustering in the original feature space,
whereas advanced approaches such as Deep Embedded Clustering (DEC) jointly optimize
feature learning and clustering, resulting in improved cluster separability and interpretability.

5. SOH Analysis and Interpretation

The final stage involves interpreting the identified clusters in terms of battery health condi-
tions. Each cluster is associated with a specific degradation level (e.g., healthy, moderate,
critical), enabling meaningful insights into battery aging behavior and supporting predictive
maintenance strategies

This structured pipeline highlights the transition from physics-driven measurements to
data-driven intelligence, enabling accurate and scalable modeling of battery degradation
and health states.

1.3 Motivation

The accurate estimation and characterization of lithium-ion battery degradation remain
critical challenges in modern energy storage systems, particularly in applications such as
electric vehicles, grid storage, and portable electronics. Despite significant advancements
in both physics-based modeling and data-driven techniques, existing approaches exhibit
notable limitations in capturing the complex, nonlinear, and multi-scale nature of battery
aging.

Physics-based electrochemical models, although grounded in fundamental principles, often
require extensive parameterization and domain expertise. These models struggle to general-
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ize across different battery chemistries, operating conditions, and usage patterns due to their
reliance on idealized assumptions. Additionally, the computational complexity associated
with solving coupled differential equations makes real-time deployment challenging.

On the other hand, conventional machine learning approaches primarily rely on handcrafted
feature engineering followed by standard clustering or regression techniques. While these
methods improve scalability, they are heavily dependent on the quality and completeness
of engineered features. In many cases, important latent degradation patterns remain unob-
served due to the inability of manual feature extraction to fully capture intricate temporal
and electrochemical relationships. Furthermore, traditional clustering algorithms such as
K-Means operate in the original feature space and assume linear separability, which limits
their effectiveness when dealing with highly nonlinear degradation trajectories.

Recent deep learning-based approaches attempt to address these challenges by leveraging
representation learning techniques such as autoencoders. These methods enable the trans-
formation of high-dimensional battery data into compact latent representations. However,
a significant limitation persists: clustering is often performed as a separate post-processing
step, resulting in suboptimal alignment between learned features and clustering objectives.
Consequently, the latent space may not be explicitly structured to enhance cluster separa-
bility, reducing interpretability and clustering performance.

Deep Embedded Clustering (DEC) emerges as a promising framework to overcome these
limitations by jointly optimizing feature representation and clustering in a unified manner.
By iteratively refining cluster assignments using soft labels and target distributions, DEC
enhances the discriminative structure of the latent space. This leads to improved grouping of
batteries based on degradation behavior without requiring explicit supervision. However, the
application of DEC in battery health analysis remains relatively underexplored, particularly
in conjunction with domain-specific feature engineering.

Motivated by these gaps, the proposed work aims to develop a hybrid framework that
integrates physics-informed feature engineering with deep representation learning and clus-
tering. By incorporating electrochemical insights into the feature extraction stage and
leveraging autoencoder-based embeddings, the model captures both domain knowledge and
hidden nonlinear patterns. The integration of DEC further ensures that the latent space is
explicitly optimized for clustering, enabling more meaningful separation of battery health
states.

This approach not only improves clustering accuracy but also enhances interpretability by
linking latent clusters to physically meaningful indicators such as State of Health (SOH),
capacity fade, and efficiency. Moreover, the proposed framework provides a scalable and
data-driven alternative to traditional methods, making it suitable for real-world battery
management systems where adaptability and robustness are essential.
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In summary, the motivation for this work lies in bridging the gap between physics-based
understanding and data-driven intelligence, while addressing the limitations of existing
clustering and representation learning techniques. The proposed methodology aims to
deliver a more accurate, interpretable, and scalable solution for battery degradation analysis
and health state identification.
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Chapter 2

Problem Formulation

2.1 Problem Statement

A major limitation in current data-driven approaches lies in their reliance on direct prediction
frameworks, where engineered features are mapped to SOH values using regression or
classification models. Such approaches fail to capture the underlying latent structure of
degradation behavior, which may contain meaningful patterns representing different health
states of the battery. Additionally, traditional clustering techniques, when used, are typically
applied as a post-processing step and operate in the original feature space, limiting their
ability to effectively separate complex, nonlinear degradation trajectories.

Recent advances in representation learning, particularly autoencoders, have enabled the
extraction of compact latent features from high-dimensional battery data. However, in
most existing works, clustering is still performed independently of representation learn-
ing, resulting in suboptimal alignment between learned features and clustering objectives.
This separation restricts the model’s ability to form well-defined and interpretable clusters
corresponding to distinct battery health conditions.

To address these limitations, there is a need for a unified framework that can simultane-
ously learn meaningful feature representations and identify intrinsic degradation patterns
without relying solely on labeled data. Specifically, an approach that integrates domain-
informed feature engineering with deep representation learning and clustering optimization
can provide improved interpretability and robustness in SOH analysis.

In this context, the problem addressed in this work is the development of a hybrid data-driven
framework for lithium-ion battery degradation analysis that leverages physics-informed
feature engineering, autoencoder-based latent representation learning, and Deep Embedded
Clustering (DEC). The objective is to identify distinct battery health states by learning a
structured latent space in which clustering is explicitly optimized using a Kullback–Leibler
divergence-based objective function.

The novelty of the proposed approach lies in the integration of feature engineering and Deep
Embedded Clustering within a unified pipeline, enabling simultaneous learning of represen-
tations and clustering of battery degradation patterns. Unlike conventional methods that treat
clustering as a separate step, the proposed framework refines cluster assignments iteratively,
leading to improved separation of health states and enhanced interpretability. Furthermore,
by linking the identified clusters to SOH values, the model provides a meaningful mapping
between latent degradation patterns and real-world battery health conditions.
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Thus, this work aims to bridge the gap between traditional feature-based modeling and
advanced deep clustering techniques, providing a scalable, interpretable, and data-driven
solution for battery SOH estimation and degradation state identification.

Therefore, there is a need for effective data aggregation and modeling strategies that can
manage sequential battery data while maintaining prediction accuracy. This work addresses
this problem by evaluating machine-learning approaches, including regression and neural-
network-based models, to improve reliable SOH forecasting.

2.2 Research objective

The primary objective of this study is to develop an advanced data-driven framework for
analyzing lithium-ion battery degradation and estimating State-of-Health (SOH) through the
integration of feature engineering, representation learning, and deep clustering techniques.
To achieve this, the following specific objectives are defined:

1. To perform physics-informed feature engineering on battery cycling data by extracting
meaningful degradation indicators such as capacity fade, SOH, efficiency, and voltage-based
features.

2. To design and implement an autoencoder-based representation learning model capable
of transforming high-dimensional battery data into a compact and informative latent space.

3. To apply Deep Embedded Clustering (DEC) for jointly optimizing feature representation
and clustering, enabling the identification of intrinsic battery health states.

4. To evaluate the effectiveness of clustering using appropriate metrics such as Silhouette
Score and Davies–Bouldin Index, ensuring meaningful separation of degradation patterns.

5. To establish a relationship between latent clusters and SOH values, enabling interpretable
classification of battery health into categories such as healthy, moderate degradation, and
critical condition.

6. To compare the proposed DEC-based clustering framework with traditional clustering
methods (e.g., K-Means) to demonstrate performance improvements.
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2.3 Battery Cell Degradation and Ageing Mechanisms Layout

The prediction of battery performance evolution and operational lifetime can be approached
through multiple analytical perspectives. A fundamental and unavoidable contributor to
battery performance deterioration is cell-level degradation. In lithium-ion batteries, degra-
dation manifests across different regions of the cell and progressively alters several key
performance characteristics. These include usable energy capacity, power delivery capabil-
ity, and the effective service life of the battery.

As degradation advances, batteries may exhibit reduced power output, increased internal
resistance, and operational instability, eventually leading to an end-of-life (EOL) condition
Birkl2017. Battery degradation is governed by a combination of interacting mechanisms
and external stressors, among which cycling history plays a dominant role. With repeated
charge–discharge cycles, battery capacity steadily declines, and EOL is commonly defined
when the available capacity falls to approximately 80% of its nominal value Borah2020.

This capacity loss arises from both cycle aging and calendar aging effects. Cycle aging
is primarily driven by electrochemical and mechanical processes occurring during battery
operation. Two major degradation pathways are widely recognized: loss of lithium inventory
(LLI) and loss of active material (LAM). Although degradation reactions can take place
throughout the cell, the anode and cathode are particularly susceptible to aging due to
sustained electrochemical stress and material fatigue Xiong2020.
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Chapter 3

Dataset and Pre-processing

3.1 Overview of the Dataset

The dataset used in this study consists of real-world operational records collected from a
Lithium-ion cylindrical cell (a large-scale lithium-ion battery cycling dataset) undergoing
repeated charge–discharge cycles. The data represents high-resolution measurements cap-
tured throughout the entire cycling process and includes electrical, thermal, temporal, and
experimental cycle information.

Such datasets are essential for analyzing battery degradation, understanding state-of-health
(SOH) evolution, and developing feature-engineering pipelines for SOH prediction. The
richness of temporal measurements in this dataset makes it suitable for both data-driven
machine learning approaches and physics-informed analysis.

The dataset captures the following key aspects:

• Dynamic behavior of the battery during each cycle

• Electrochemical responses such as voltage, capacity, and current

• Aging progression across multiple cycles

• Environmental or operational variables like temperature

• Time-series characteristics that allow extraction of degradation patterns

Overall, the dataset provides a comprehensive view of how the battery’s performance evolves
with usage, which is fundamental for SOH prediction and feature development.

3.2 Dataset Structure and Key Columns

The dataset contains the following variables, each carrying distinct physical significance for
battery degradation analysis.

3.2.1 Test_Time (s)

The time elapsed in seconds from the start of the test. This variable serves as the primary
temporal index for all measurements.

Relation to battery behavior:

• Helps identify charge and discharge phases

18
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• Used to compute rate-of-change features such as d𝑉/d𝑡 and d𝐼/d𝑡

• Useful for extracting curve-based features including voltage profile and relaxation be-
havior

Relation to SOH: Time-based features help detect internal resistance changes, slower
charging response, and voltage drop under load — all of which are indirect indicators of
degradation.

3.2.2 Current (A)

The instantaneous charge or discharge current, where a positive value indicates charging
and a negative value indicates discharging.

Effect on battery behavior:

• Lithium plating, which is dangerous at low temperatures and high charge currents

• Capacity fade due to repeated high-current cycling

• Internal resistance rise over prolonged operation

Impact on SOH: Higher current accelerates SEI (Solid Electrolyte Interphase) growth,
induces mechanical stress in electrodes, and contributes to lithium inventory loss. Machine
learning models frequently exploit current-based patterns to predict remaining useful life
[2].

3.2.3 Capacity (Ah)

The instantaneous measured capacity at each point in the cycle. This is the most important
feature for SOH estimation, as SOH is formally defined as:

SOH =
𝑄current
𝑄rated

× 100% (3.1)

where𝑄current is the present maximum deliverable capacity and𝑄rated is the original nominal
capacity.

Relation to SOH: As the battery degrades, capacity decreases and SOH drops propor-
tionally. It is therefore central to SOH prediction, cycle life estimation, and end-of-life
forecasting.

3.2.4 Voltage (V)

The instantaneous terminal voltage of the battery. Voltage curves change subtly but consis-
tently as the battery ages:

4

29
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• Higher internal resistance causes larger voltage drops under load

• Plateau regions in the voltage curve shift with degradation

• d𝑉/d𝑡 patterns become distorted over cycles

Impact on SOH: The voltage profile is one of the strongest predictors of internal resistance
rise, degradation mechanisms, and both cycle aging and calendar aging. Many SOH
estimation models are built entirely on voltage curve analysis [2].

3.2.5 Energy (Wh)

The real-time energy delivered or absorbed by the battery, computed as:

𝐸 =

∫ 𝑡 𝑓

𝑡0

𝑉 (𝑡) 𝐼 (𝑡) d𝑡 (3.2)

Energy output decreases over cycles due to:

• Declining Coulombic and energy efficiency

• Reduction in usable capacity

• Progressive increase in internal resistance

Impact on SOH: A declining energy output directly reflects loss of usable capacity, reduced
charge acceptance, and cumulative cycle aging.

3.2.6 Temperature (◦C)

The cell surface or internal temperature during operation. Temperature is one of the most
significant external drivers of battery degradation:

• Elevated temperature accelerates SEI layer formation

• Low temperature induces lithium plating on the anode

• Thermal fluctuations introduce mechanical stress in electrode materials

Effects on SOH: Elevated temperatures lead to faster capacity fade, increased internal
resistance, and permanent structural damage to electrode materials. ML models consistently
treat temperature as a core feature for accurate SOH prediction [6].

3.2.7 Cycle Index

An integer index indicating which battery cycle a given data sample belongs to. This is the
most critical variable for aging analysis.
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Observed trends across cycles:

• SOH decreases monotonically with cycle number

• Voltage curves progressively flatten

• Capacity declines and internal resistance rises

Impact on SOH: Cycle index enables degradation curve fitting, Remaining Useful Life
(RUL) estimation, and cycle-based feature engineering — making it indispensable for any
data-driven battery health model.

3.3 Significance of this Dataset for Battery Research

This dataset is well-suited for a wide range of analytical and modelling tasks, including:

• Feature engineering — for example, voltage relaxation features, energy efficiency
ratios, and cycle-level summary statistics

• SOH trajectory estimation across the full cycle life of the cell

• Predictive modelling using supervised machine learning regression models

• Degradation mechanism analysis through voltage curves, capacity fade trends, and
temperature effects

• Hybrid physics–data-driven model development combining electrochemical priors
with learned features

Its high temporal resolution and cycle-based labelling make it particularly ideal for con-
structing new features that are mathematically grounded and physically interpretable.

3.4 Overview of the Dataset

The dataset used in this study consists of real-world operational records collected from
a Lithium-ion cylindrical cell (a large-scale lithium-ion battery cycling dataset) across
two experimental files, subsequently concatenated into a unified dataframe for analysis.
The combined dataset comprises 329,164 measurement records spanning 101 complete
charge–discharge cycles, collected between 14 December 2020 and 18 December 2020.
File one contributes 202,516 records and file two contributes 126,648 records, with no
missing values across any column.

Each record captures nine variables sampled at approximately one-second intervals, yielding
an average of 3,259 data points per cycle (minimum: 2,127; maximum: 5,181). This high
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temporal resolution makes the dataset well-suited for time-series feature extraction and
degradation-sensitive modelling.

3.4.1 Dataset Variables and Statistical Summary

Table 3.1 presents the descriptive statistics for the key measurement variables across the full
combined dataset.

Table 3.1: Descriptive Statistics of the Combined a large-scale lithium-ion battery cycling dataset
Dataset (329,164 records, 101 cycles)

Variable Min Max Mean Std Dev
Current (A) −7.207 7.207 −0.028 4.488
Capacity (Ah) 0.000 2.271 0.617 0.417
Voltage (V) 2.999 4.201 3.719 0.302
Energy (Wh) 0.000 8.111 2.312 1.576
Cycle Index 1 101 43.45 29.11

3.4.2 Correlation Analysis

To understand the inter-variable relationships within the dataset, a Pearson correlation matrix
was computed across the five key numerical variables: Current (A), Capacity (Ah), Voltage
(V), Energy (Wh), and Cycle_Index. Figure 3.1 presents the resulting heatmap.

Figure 3.1: Pearson correlation matrix of key dataset variables for the a large-scale lithium-ion
battery cycling dataset lithium-ion cell (combined dataset, 329,164 records).

3.4.2.1 Key Observations from the Correlation Matrix

The following significant relationships are identified:

• Current and Voltage (r = 0.81): A strong positive correlation exists between current
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and voltage. This is physically consistent — during charging, both current and terminal
voltage are elevated simultaneously, while during discharge, both decline together.

• Capacity and Energy (r = 0.99): A near-perfect positive correlation is observed
between capacity and energy. This is expected, since energy is the product of voltage
and capacity integrated over time — as capacity increases during charging, energy
accumulates proportionally.

• Capacity and Cycle_Index (r =−0.52): A moderate negative correlation exists between
capacity and cycle index. This directly reflects battery degradation — as the cycle
number increases, the maximum deliverable capacity progressively declines, confirming
the aging trend observed across the 101 cycles.

• Energy and Cycle_Index (r = −0.52): Similarly, energy output shows a moderate
negative correlation with cycle index, consistent with the capacity fade and rising internal
resistance over the battery’s operational life.

• Current and Capacity (r = −0.01): Effectively zero correlation, indicating that instan-
taneous current magnitude does not directly predict instantaneous capacity at the raw
measurement level.

• Voltage and Cycle_Index (r = −0.02): Near-zero raw correlation between voltage and
cycle index at the instantaneous measurement level. This does not imply voltage is
unimportant — rather, degradation-related voltage changes manifest in the shape of
voltage curves rather than in instantaneous values, which is why curve-based features
such as d𝑉/d𝑡 and voltage plateau analysis are essential for SOH estimation.

3.4.2.2 Implications for Feature Engineering

The correlation analysis provides two important insights for the feature engineering pipeline:

1. Capacity and Energy are highly redundant (r = 0.99). Including both raw features in
a machine learning model would introduce multicollinearity. It is therefore preferable
to use derived features such as Coulombic efficiency 𝜂 = 𝑄discharge/𝑄charge and energy
efficiency 𝜂𝐸 = 𝐸discharge/𝐸charge rather than raw capacity and energy values directly.

2. Cycle_Index has moderate linear correlation with degradation indicators (r =−0.52
with both capacity and energy), but the relationship is non-linear in nature. This moti-
vates the use of non-linear machine learning models such as Support Vector Regression
(SVR) and Gradient Boosting rather than simple linear regression for SOH prediction.

Page 46 of 112 - Integrity Submission Submission ID trn:oid:::27535:140047412

Page 46 of 112 - Integrity Submission Submission ID trn:oid:::27535:140047412



CHAPTER 3. DATASET AND PRE-PROCESSING 24

3.4.3 Univariate and Bivariate Data Analysis

To further explore the distributional properties and pairwise relationships among the dataset
variables, a pairplot was constructed comprising both univariate analysis (diagonal elements)
and bivariate analysis (off-diagonal scatter plots). Figure ?? presents the complete pairplot
for Current (A), Capacity (Ah), Voltage (V), Energy (Wh), and Cycle_Index.

3.4.3.1 Univariate Analysis (Diagonal)

The diagonal elements display the marginal distribution of each variable individually:

• Current (A): The distribution shows discrete clusters at approximately −7.2 A, −4.8 A,
0 A, +4.8 A, and +7.2 A, reflecting the fixed charge and discharge current levels used in
the cycling protocol. The symmetric distribution around zero confirms that charge and
discharge cycles are approximately balanced in duration.

• Capacity (Ah): The distribution is concentrated near zero and rises gradually up to
2.271 Ah, reflecting the accumulation of capacity during each cycle. The skewed shape
indicates that most measurements are captured during the early-to-mid portion of each
charge or discharge phase.

• Voltage (V): The distribution shows a sharp concentration near 3.0 V with a long tail
extending up to 4.2 V. This reflects the cutoff voltage limits of the cycling protocol, with
the majority of measurements occurring in the mid-voltage discharge region between
3.4 V and 4.0 V.

• Energy (Wh): Similar in shape to capacity, the energy distribution is right-skewed,
peaking near zero and tapering toward 8.111 Wh. This mirrors the charge accumulation
pattern observed in the capacity distribution, consistent with the near-perfect correlation
(r = 0.99) between the two variables.

• Cycle_Index: The distribution appears approximately uniform across cycles 1 to 101,
with slight variations reflecting differences in the number of data points recorded per
cycle (ranging from 2,127 to 5,181 points per cycle).

3.4.3.2 Bivariate Analysis (Off-Diagonal)

The off-diagonal scatter plots reveal the pairwise relationships between variables:

• Capacity vs. Voltage: The scatter plot shows a characteristic butterfly-shaped pattern,
reflecting the distinct voltage profiles during charging (rising voltage) and discharging
(falling voltage). The spread of this pattern across cycles reveals subtle curve shifts
consistent with progressive degradation.
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• Capacity vs. Energy (and vice versa): A near-linear relationship is visible, confirming
the very high correlation (r = 0.99) between these two variables. The slight spread
around the diagonal reflects cycle-to-cycle efficiency variations.

• Capacity vs. Cycle_Index: The plot shows a clear downward curving pattern — higher
cycle indices are associated with lower maximum capacity values, visually confirming
the 80.14% capacity fade observed across 101 cycles.

• Energy vs. Cycle_Index: Similar to the capacity trend, energy output decreases with
increasing cycle index, displaying a curved degradation trajectory consistent with accel-
erating aging in later cycles.

• Voltage vs. Cycle_Index: The scatter shows multiple horizontal bands corresponding
to fixed voltage levels in the cycling protocol. No strong linear trend is visible at the raw
measurement level, confirming that voltage degradation manifests in curve shape rather
than in instantaneous values — further motivating the use of d𝑉/d𝑡 and differential
capacity features for SOH estimation.

• Current vs. Voltage: Discrete horizontal bands in current correspond to the fixed
current levels of the cycling protocol, spread across the full voltage operating range of
3.0 V to 4.2 V.

3.4.3.3 Summary of Analytical Insights

The combined univariate and bivariate analysis reveals three key insights relevant to the
feature engineering framework:

1. The cycling protocol uses fixed discrete current levels, meaning current alone is insuf-
ficient as a degradation indicator — derived features such as internal resistance estimates
are more informative.

2. Capacity and Energy are near-redundant at the raw level, reinforcing the decision to
use efficiency ratios as engineered features rather than raw values.

3. The non-linear degradation trajectory visible in the Capacity–Cycle_Index and Energy–
Cycle_Index plots confirms that non-linear machine learning models are required for
accurate SOH prediction across the full cycle life.
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Chapter 4

Feature Engineering

Feature engineering plays a crucial role in transforming raw battery cycling data into mean-
ingful representations that capture degradation behavior. Lithium-ion battery degradation
is governed by complex electrochemical, thermal, and operational processes, which are not
directly observable from raw measurements. Therefore, carefully designed features are re-
quired to extract underlying patterns that are relevant for State-of-Health (SOH) estimation
and degradation analysis.

In this study, a combination of physics-informed, statistical, and model-based features is
developed to represent battery behavior across charge–discharge cycles. These features serve
as the foundation for subsequent representation learning using autoencoders and clustering
via Deep Embedded Clustering (DEC).

The complete implementation of the feature engineering pipeline is presented in Listing 4.1.

Listing 4.1: ). All seven degradation indicators are computed from raw cycle-level measurements
and assembled into the feature matrix X ∈ R101×7.]Physics-informed feature engineering pipeline

(Jupyter Cell [18]). All seven degradation indicators are computed from raw cycle-level
measurements and assembled into the feature matrix X ∈ R101×7.

1 # Sorting data

2 data = data.sort_values(by=[’Cycle_Index’, ’Test_Time(s)’])

3

4 # 1. Capacity Fade (degradation feature)

5 initial_capacity = data.groupby(’Cycle_Index’)[

6 ’Capacity(Ah)’].max().iloc[0]

7 cycle_capacity = data.groupby(’Cycle_Index’)[

8 ’Capacity(Ah)’].max().reset_index()

9 cycle_capacity[’Capacity_Fade’] = (initial_capacity

10 - cycle_capacity[’Capacity(Ah)’])

11

12 # 2. SOH

13 cycle_capacity[’SOH’] = (cycle_capacity[’Capacity(Ah)’]

14 / initial_capacity) * 100

15

16 # 3. Rate of degradation (derivative)

17 cycle_capacity[’dSOH’] = cycle_capacity[’SOH’].diff().fillna(0)

18

19 # 4. Voltage slope (per cycle)

20 voltage_slope = data.groupby(’Cycle_Index’)[’Voltage(V)’].apply(

21 lambda x: np.gradient(x).mean())

22 cycle_capacity[’Voltage_Slope’] = voltage_slope.values

23

26

40
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24 # 5. Energy efficiency

25 energy = data.groupby(’Cycle_Index’)[

26 ’Energy(Wh)’].max().reset_index()

27 cycle_capacity[’Energy’] = energy[’Energy(Wh)’]

28 cycle_capacity[’Efficiency’] = (cycle_capacity[’Capacity(Ah)’]

29 / cycle_capacity[’Energy’])

30

31 # 6. Temperature effect

32 temp = data.groupby(’Cycle_Index’)[

33 ’Temperature(Celsius)’].mean().reset_index()

34 cycle_capacity[’Temp’] = temp[’Temperature(Celsius)’]

35

36 # Final feature matrix X

37 features = cycle_capacity[[’Capacity(Ah)’, ’Capacity_Fade’,

38 ’SOH’, ’dSOH’, ’Voltage_Slope’, ’Efficiency’, ’Temp’]]

4.1 Preprocessing and C-Rate Based Stabilization

Battery degradation behavior is significantly influenced by the C-rate, defined as the rate
at which a battery is charged or discharged relative to its nominal capacity. Variations in
C-rate introduce inconsistencies in the observed voltage, capacity, and temperature profiles
across cycles, which can obscure true degradation trends if not properly accounted for.

4.1.1 Definition of C-Rate

The C-rate is mathematically defined as:

C-rate =
𝐼

𝑄nominal
(4.1)

where 𝐼 is the applied current in amperes (A) and𝑄nominal is the nominal capacity of the cell
in ampere-hours (Ah). For the a large-scale lithium-ion battery cycling dataset cell used in
this study, 𝑄nominal = 2.271 Ah (the maximum capacity observed at Cycle 1). The dataset
exhibits discrete current levels of ±4.807 A and ±7.207 A, corresponding to approximately
2C and 3C rates respectively.

To ensure consistency across cycles, the dataset is filtered to consider a fixed C-rate regime,
reducing variability introduced by different operating conditions and enabling a more reliable
comparison of degradation indicators across cycle indices.

4.1.2 Polynomial Regression for Capacity Prediction

As a preliminary modelling step, polynomial regression was applied to predict battery
capacity over future cycle indices for each distinct C-rate present in the dataset. The cycle

13

27
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index serves as the independent variable 𝑋 and the maximum discharge capacity per cycle
serves as the dependent variable 𝑦.

The dataset was first grouped by rounded C-rate values then,

For each unique C-rate, a degree-3 polynomial of the form:

𝐶𝑛 ≈ 𝛽0 + 𝛽1𝑛 + 𝛽2𝑛
2 + 𝛽3𝑛

3 (4.2)

was fitted to the capacity–cycle data, and predictions were extended 20 cycles beyond the
observed range (up to cycle 120).

4.1.2.1 Polynomial Regression Results by C-Rate

Figure 4.1 and Figure 4.2 show representative polynomial regression fits for two distinct
C-rate values observed in the dataset.

Figure 4.1: Polynomial regression fit (degree 3) for C-rate = −961.4. Blue dots represent actual
measured capacity per cycle; red curve shows the fitted polynomial extrapolated to 120 cycles. The

U-shaped curve indicates high variance in capacity measurements at this C-rate, suggesting
unstable cycling conditions.

4.1.2.2 SOH Computation from Predicted Capacity

Following capacity prediction, the State-of-Health percentage was computed for each cycle
using:

SOH𝑛 (%) = 𝐶𝑛

𝐶initial
× 100 (4.3)
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Figure 4.2: Polynomial regression fit (degree 3) for C-rate = −1201.25. The polynomial captures
an initial rise followed by a sharp decline beyond cycle 80, predicting severely negative capacity

values by cycle 120 — a physically unrealistic extrapolation indicating overfitting of the polynomial
model at extreme C-rates.

where 𝐶initial = 2.664 Ah is the first non-zero maximum capacity recorded in the dataset
(Cycle 2). Note that Cycle 1 was excluded as its recorded capacity is zero, representing an
initialization step rather than a true charge–discharge cycle.

Figure 4.3 presents the resulting SOH trajectory across all 101 cycles.

Observation: The SOH plot reveals two critical issues with the raw polynomial regression
approach:

1. Anomalous SOH values exceeding 35,000% in early cycles arise because the capacity
column contains instantaneous cumulative values rather than per-cycle discharge totals.
This indicates that without proper cycle-level aggregation and normalization, the SOH
formula produces physically meaningless results.

2. Discontinuity between cycles 30–60 reflects the two-file dataset structure, where the
second file resets certain counters, introducing a step change in the capacity signal.

4.1.2.3 Limitations of Polynomial Regression

Despite its mathematical simplicity and interpretability, polynomial regression was found
to be insufficient as the primary modelling approach for the following reasons:

• Overfitting at extreme C-rates: As visible in Figure 4.2, the degree-3 polynomial
produces physically unrealistic predictions (negative capacity) beyond the observed
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Figure 4.3: Battery State-of-Health (%) over 101 cycles computed from the ratio of per-cycle
maximum capacity to initial capacity (𝐶initial = 2.664 Ah). Two distinct operating regimes are

visible: cycles 1–30 show anomalously high SOH values (up to 35,000%) due to the use of raw
instantaneous capacity rather than normalized discharge capacity, and cycles 60–101 show

near-zero SOH reflecting severe degradation. This result motivated the need for a more robust
feature engineering and modelling approach.

cycle range, demonstrating poor extrapolation behaviour.

• C-rate dependency: A separate model must be fitted for each unique C-rate, making
the approach non-generalizable. In the dataset, the number of unique rounded C-rates is
large, making this computationally impractical for a unified SOH estimation framework.

• No feature interaction: Polynomial regression uses only cycle index as input, ignoring
the rich multi-variable degradation information available in voltage, temperature, energy,
and current signals.

• Linear coefficient assumption: Although polynomial features introduce non-linearity
in 𝑛, the model coefficients 𝛽 𝑗 remain linear, limiting the model’s ability to capture
complex electrochemical degradation dynamics.

• No uncertainty quantification: The model provides point predictions without confi-
dence intervals, which is unsuitable for safety-critical battery management applications.

These limitations collectively motivate the transition to a more powerful and generalizable
framework combining deep feature learning via autoencoders with unsupervised clustering
through Deep Embedded Clustering (DEC), as developed in the following chapters. Unlike
polynomial regression, the autoencoder–DEC pipeline:

1. Operates on the full multi-variable feature matrix X ∈ R101×7
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2. Learns non-linear degradation representations without assuming any functional form

3. Generalizes across C-rates and battery conditions through latent space clustering

4. Provides interpretable cluster assignments corresponding to distinct degradation states

4.2 Engineered Features

The following features are constructed from the raw cycling measurements for each cycle
𝑛. Each feature is designed to capture a specific aspect of battery degradation behavior.

4.2.1 Capacity and Capacity Fade

Let 𝐶0 denote the initial capacity at Cycle 1 and 𝐶𝑛 the maximum discharge capacity at
cycle 𝑛. The Capacity Fade is defined as the absolute reduction in capacity from the initial
value:

Capacity Fade𝑛 = 𝐶0 − 𝐶𝑛 (4.4)

For the a large-scale lithium-ion battery cycling dataset dataset, 𝐶0 = 2.271 Ah, and by
Cycle 101 the capacity fade reaches 2.271 − 0.451 = 1.820 Ah, representing an 80.14%
reduction.

Physical interpretation: Capacity fade is a monotonically increasing function under normal
aging conditions. It directly quantifies the cumulative loss of lithium inventory and active
material resulting from repeated charge–discharge cycling. As the SEI layer grows and
electrode particles fracture, fewer sites are available for lithium intercalation, causing a
progressive and irreversible decline in usable capacity.

4.2.2 State-of-Health (SOH)

The State-of-Health at cycle 𝑛 is defined as the ratio of the current capacity to the initial
capacity, expressed as a percentage:

SOH𝑛 =
𝐶𝑛

𝐶0
× 100% (4.5)

Interpretation of SOH values:

• SOH ≈ 100% indicates a healthy, near-new battery

• SOH ≈ 70–80% corresponds to the conventional end-of-life threshold

• SOH < 70% indicates severe degradation requiring replacement

39
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Mathematical note: SOH is a normalized projection of capacity onto a bounded interval:

SOH ∈ (0, 100] (4.6)

This bounded normalization makes SOH a more stable and interpretable regression target
than raw capacity, and is therefore used as the primary prediction output in the machine
learning models developed in this study.

4.2.3 Rate of Degradation (ΔSOH)

The rate of degradation is defined as the first-order discrete difference of SOH between
consecutive cycles:

ΔSOH𝑛 = SOH𝑛 − SOH𝑛−1 (4.7)

Physical interpretation: ΔSOH𝑛 captures the local degradation dynamics at each cycle.
Under normal aging, this value is small and negative, indicating gradual steady decline.
A sudden large negative spike in ΔSOH𝑛 indicates an accelerated degradation event, such
as lithium plating or an abrupt increase in internal resistance. This feature is therefore
particularly sensitive to anomalous degradation behaviour and serves as an early warning
indicator of accelerated aging.

4.2.4 Voltage Slope

Let 𝑉 (𝑡) denote the terminal voltage measured at time 𝑡 during a cycle of duration 𝑇 . The
Voltage Slope for cycle 𝑛 is defined as the time-averaged rate of voltage change:

Voltage Slope𝑛 =
1
𝑇

∫ 𝑇

0

d𝑉
d𝑡

d𝑡 (4.8)

In practice, this integral is approximated numerically using finite differences:

d𝑉
d𝑡

����
𝑡

≈ 𝑉 (𝑡 + Δ𝑡) −𝑉 (𝑡)
Δ𝑡

(4.9)

Physical interpretation: The voltage slope reflects the electrochemical kinetics of the cell.
As the battery ages, increasing internal resistance causes steeper voltage drops under load,
altering the slope profile. Changes in voltage slope therefore serve as indirect indicators of
internal resistance rise, lithium plating, and other aging mechanisms. This feature captures
degradation information that is not visible in instantaneous voltage measurements alone.
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4.2.5 Energy Efficiency

Let 𝐸𝑛 denote the total energy delivered or absorbed during cycle 𝑛 in watt-hours (Wh).
The Energy Efficiency feature is defined as:

Efficiency𝑛 =
𝐶𝑛

𝐸𝑛
(4.10)

Physical interpretation: This ratio measures the capacity delivered per unit of energy
consumed, providing a measure of the electrochemical efficiency of each cycle. As the
battery degrades, resistive losses and heat generation increase, causing energy efficiency to
decline even when capacity fade is moderate. This feature therefore captures degradation
information complementary to raw capacity, particularly in the early stages of aging where
capacity fade is still small but efficiency losses are already detectable.

4.2.6 Temperature Influence

The mean cycle temperature 𝑇𝑛 is computed as the arithmetic mean of all temperature
measurements recorded during cycle 𝑛:

𝑇𝑛 =
1
𝑘

𝑘∑︁
𝑖=1
𝑇𝑖 (4.11)

where 𝑘 is the number of temperature measurements in cycle 𝑛 and 𝑇𝑖 is the 𝑖-th temperature
reading in degrees Celsius.

Physical interpretation: Temperature is one of the dominant external drivers of battery
degradation. Elevated temperatures accelerate SEI layer formation and side reactions, while
low temperatures induce lithium plating. The mathematical coupling between temperature
and degradation rate is non-linear:

d𝐶
d𝑛

∝ 𝑓 (𝑇𝑛) (4.12)

where 𝑓 (𝑇𝑛) is a non-linear function of temperature, often modelled using an Arrhenius-
type relationship in electrochemical models. Including mean cycle temperature as a feature
therefore enables the machine learning model to implicitly account for thermally-driven
degradation variations across cycles.

4.3 Feature Space Representation

The complete engineered feature vector for each cycle 𝑛 is defined as:
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x𝑛 =
[
𝐶𝑛, Capacity Fade𝑛, SOH𝑛, ΔSOH𝑛, Voltage Slope𝑛, Efficiency𝑛, 𝑇𝑛

]⊤ (4.13)

Collecting the feature vectors across all 𝑁 cycles forms the feature matrix:

X ∈ R𝑁×𝑑 , 𝑑 = 7 (4.14)

where 𝑁 is the total number of cycles and 𝑑 = 7 is the number of engineered features. For
this study, 𝑁 = 101 cycles, yielding a feature matrix X ∈ R101×7.

Table 4.1 provides a consolidated summary of all engineered features, their mathematical
definitions, and their physical significance.

Table 4.1: Summary of Engineered Features for SOH Estimation

Feature Definition Physical Significance

Capacity 𝐶𝑛 Max discharge ca-
pacity at cycle 𝑛

Primary degradation indi-
cator

Capacity Fade 𝐶0 − 𝐶𝑛 Cumulative capacity loss

SOH𝑛
𝐶𝑛

𝐶0
× 100% Normalized health indica-

tor

ΔSOH𝑛 SOH𝑛 − SOH𝑛−1 Local degradation rate

Voltage Slope 1
𝑇

∫ 𝑇
0

𝑑𝑉
𝑑𝑡
𝑑𝑡 Internal resistance changes

Efficiency𝑛 𝐶𝑛

𝐸𝑛
Energy utilization effi-
ciency

Temperature
𝑇𝑛

1
𝑘

∑𝑘
𝑖=1 𝑇𝑖 Thermal degradation

driver

4.4 Role in Dimensionality Reduction

4.4.1 Motivation for Dimensionality Reduction

The engineered feature matrix X ∈ R𝑁×7, while compact relative to raw time-series data,
still exhibits properties that are suboptimal for direct input to clustering algorithms:

• Correlation: Features such as Capacity, Capacity Fade, and SOH are mathematically
related by definition, introducing redundancy into the feature space

• Redundancy: Near-collinear features reduce the effective dimensionality of the input
space without adding discriminative information

34
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• Non-linear structure: The underlying degradation manifold is non-linear and cannot
be adequately captured by linear dimensionality reduction methods such as PCA

To address these limitations, the feature matrix X is transformed using a deep autoencoder
to produce a compact latent representation.

4.4.2 Encoder Mapping

The encoder network 𝑓𝜃 maps each feature vector x𝑛 to a lower-dimensional latent vector
z𝑛:

z𝑛 = 𝑓𝜃 (x𝑛), z𝑛 ∈ R𝑘 , 𝑘 < 𝑑 (4.15)

where 𝑓𝜃 is a non-linear transformation implemented as a neural network with learnable
parameters 𝜃, and 𝑘 is the latent dimension satisfying 𝑘 < 𝑑 = 7.

Interpretation of the latent vector z𝑛:

• Captures the intrinsic degradation patterns of the battery at cycle 𝑛

• Represents a compressed manifold of battery behavior, discarding noise and redundant
correlations

• Provides a structured low-dimensional embedding suitable for downstream clustering

4.4.3 Autoencoder Reconstruction Objective

The full autoencoder comprises an encoder 𝑓𝜃 and a decoder 𝑔𝜙. The network is trained by
minimizing the mean squared reconstruction loss:

min
𝜃,𝜙

𝑁∑︁
𝑛=1



x𝑛 − 𝑔𝜙 ( 𝑓𝜃 (x𝑛))

2 (4.16)

where:

• 𝑓𝜃 : R𝑑 → R𝑘 is the encoder performing dimensionality reduction

• 𝑔𝜙 : R𝑘 → R𝑑 is the decoder performing reconstruction

• Minimizing this loss forces the latent space to retain only the most essential information
required to reconstruct the original feature vector

4.4.4 Connection to Deep Embedded Clustering (DEC)

Following autoencoder training, the latent vectors {z𝑛}𝑁𝑛=1 are passed to the Deep Embedded
Clustering (DEC) module for unsupervised cluster assignment:

33
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z𝑛 −→ cluster assignments (4.17)

The use of latent representations rather than raw features for clustering is motivated by two
key properties:

1. Structured latent space: The autoencoder training organizes the latent space such that
degradation states with similar behavior are mapped to nearby points, improving cluster
separability

2. Noise removal: The reconstruction objective implicitly filters out measurement noise,
yielding cleaner cluster boundaries in the latent space

4.5 Feature Engineering and Dimensionality Reduction Pipeline

Figure 4.4 presents a comprehensive overview of the complete feature engineering and
dimensionality reduction pipeline, illustrating the transformation from raw battery cycling
data to structured latent representations suitable for clustering and SOH prediction.

Figure 4.4: Overview of the Feature Engineering and Dimensionality Reduction Process. Raw
battery cycling data undergoes preprocessing and C-rate stabilization, followed by extraction of
seven engineered features into a structured feature matrix X ∈ R𝑁×7. The feature matrix is then

passed through an autoencoder for dimensionality reduction, producing a compact latent
representation Z ∈ R𝑁×𝑘 , where 𝑘 < 7, suitable for downstream clustering and SOH state

identification.
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4.6 Summary

The feature engineering process developed in this chapter transforms raw battery cycling
data into a structured R101×7 feature matrix capturing degradation dynamics from multiple
perspectives: capacity loss, electrochemical behavior, energy efficiency, and thermal effects.
These features not only enhance physical interpretability but also provide a suitable input
space for deep learning models.

A preliminary capacity prediction model using polynomial regression demonstrated the
non-linear nature of degradation trajectories and provided a baseline for future cycle ca-
pacity estimation at fixed C-rates. The subsequent dimensionality reduction using a deep
autoencoder enables extraction of compact latent representations z𝑛 ∈ R𝑘 , which are further
utilized for Deep Embedded Clustering (DEC) and battery health state identification in the
following chapters.

18
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Chapter 5

Methodology

5.1 Overview of Proposed Framework

The proposed framework addresses the fundamental limitations of existing battery State-of-
Health (SOH) estimation approaches by integrating physics-informed feature engineering,
deep representation learning via autoencoders, and joint clustering optimization through
Deep Embedded Clustering (DEC). The methodology is motivated by three critical observa-
tions from the literature review. First, conventional regression-based approaches treat feature
engineering and model training as independent stages, resulting in suboptimal alignment
between the feature space and the prediction objective [45]. Second, traditional clustering
methods such as K-Means operate directly in the original feature space and assume linear
separability, which is inconsistent with the nonlinear degradation trajectories observed in
lithium-ion batteries [48]. Third, while deep learning models have demonstrated strong
SOH prediction accuracy, most existing works perform clustering as a post-processing step
independently of representation learning, limiting the discriminative quality of the resulting
latent space [51].

The proposed pipeline transforms raw cycling measurements from the a large-scale lithium-
ion battery cycling dataset lithium-ion cell into a compact, structured latent representation
that is simultaneously optimized for both faithful reconstruction and cluster separability.
The complete workflow proceeds through five sequential stages as follows. Raw time-series
battery measurements are first preprocessed and standardized to ensure numerical stability
and comparability across cycles. A domain-informed feature engineering step then extracts
seven physically meaningful degradation indicators per cycle, forming a structured feature
matrix X ∈ R101×7. A deep autoencoder subsequently compresses this matrix into a lower-
dimensional latent representation Z ∈ R101×𝑘 , 𝑘 < 7. K-Means clustering is then applied
to the latent space as a baseline method, and its results are used to initialize the cluster
centroids for Deep Embedded Clustering. Finally, DEC jointly refines the latent space and
cluster assignments through iterative KL-divergence minimization, yielding interpretable
battery health state groupings validated by quantitative clustering metrics.

The overall pipeline can be compactly expressed as:

X
𝑓𝜃−−→ Z DEC−−−→ {𝐶1, 𝐶2, . . . , 𝐶𝐾} (5.1)

where 𝑓𝜃 is the encoder and {𝐶 𝑗 } are the final cluster assignments corresponding to distinct
battery health states.
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5.2 Data Preprocessing and Standardization

5.2.1 Motivation

Raw battery cycling data contains several sources of variability that can obscure true degra-
dation trends and impair machine learning model performance. These include sensor noise,
measurement outliers arising from instrumentation errors, and inconsistencies in temporal
sampling rates between the two experimental files. Furthermore, the raw features span
widely differing numerical scales: voltage ranges from 3.0 V to 4.2 V, while energy ranges
from 0 to 8.111 Wh and cycle index ranges from 1 to 101. Without preprocessing, high-
magnitude features dominate the autoencoder reconstruction loss, causing the model to focus
disproportionately on large-scale features and underrepresent subtle degradation signals in
lower-magnitude variables such as voltage slope.

5.2.2 Dataset Formulation

Let the full dataset be represented as:

D = {(x𝑛, 𝑦𝑛)}𝑁𝑛=1, x𝑛 ∈ R𝑑 , 𝑦𝑛 ∈ R (5.2)

where x𝑛 is the feature vector for cycle 𝑛, 𝑦𝑛 is the corresponding SOH value, 𝑁 = 101 is the
total number of cycles, and 𝑑 = 7 is the number of engineered features. Since SOH labels
are derived from the data itself (unsupervised setting), 𝑦𝑛 is used only for cluster validation
and is not used during autoencoder training or DEC optimization.

5.2.3 Sorting and Cycle Segmentation

The combined dataset of 329,164 records is first sorted chronologically by Cycle_Index
and Test_Time(s) to ensure correct temporal ordering within each cycle. The data is then
segmented into individual charge and discharge half-cycles using the sign of the current
measurement: positive current (𝐼 > 0) identifies the charging phase, and negative current
(𝐼 < 0) identifies the discharging phase. The maximum discharge capacity per cycle is
extracted as the primary capacity measurement:

𝐶𝑛 = max
𝑡∈T −

𝑛

𝐶 (𝑡) (5.3)

where T −
𝑛 denotes the set of time indices belonging to the discharge phase of cycle 𝑛.

5.2.4 Outlier Removal

Measurements falling outside physically valid operational bounds are removed. Specifically,
voltage measurements outside the range [2.5 V, 4.3 V] and current measurements outside
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[−8 A, +8 A] are treated as instrumentation artifacts and discarded. These bounds are set
with a 5% margin beyond the manufacturer-specified cutoff values to accommodate transient
effects without retaining corrupted data.

5.2.5 Min-Max Normalisation

Min-max normalisation is applied to each feature independently to scale all values to the
range [0, 1]:

𝑥norm =
𝑥 − 𝑥min
𝑥max − 𝑥min

(5.4)

where 𝑥min and 𝑥max are the minimum and maximum values of the feature across all cycles.
This ensures that features with naturally large ranges, such as energy (0 to 8.111 Wh), do
not dominate those with smaller ranges, such as voltage slope.

5.2.6 Zero-Mean Unit-Variance Standardisation

Prior to autoencoder training, zero-mean unit-variance standardisation is additionally ap-
plied to ensure numerical stability during gradient-based optimization:

𝑥std =
𝑥 − 𝜇 𝑓
𝜎 𝑓

(5.5)

where 𝜇 𝑓 and 𝜎 𝑓 are the mean and standard deviation of feature 𝑓 computed across all
𝑁 = 101 cycle-level observations. Following standardisation, each feature has zero mean
and unit variance, which accelerates convergence of the Adam optimizer and prevents
vanishing gradient problems in the deeper layers of the autoencoder [48].

5.3 Feature Engineering

5.3.1 Overview

Raw per-second measurements provide a dense time-series representation of each cycle
but are not directly suitable as machine learning inputs due to their variable length (2,127
to 5,181 points per cycle) and high dimensionality. Feature engineering compresses each
cycle into a fixed-length vector of seven degradation-sensitive scalar descriptors, enabling
cycle-level health state analysis. The features are grounded in electrochemical degradation
physics, ensuring that each descriptor captures a distinct and physically interpretable aspect
of battery aging [45].
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5.3.2 Capacity Fade

Capacity fade is the most direct quantitative measure of battery degradation. It is defined
as the absolute reduction in maximum discharge capacity from the initial value:

Fade𝑛 = 𝐶0 − 𝐶𝑛 (5.6)

where𝐶0 = 2.271 Ah is the initial rated capacity observed at Cycle 1 and𝐶𝑛 is the maximum
discharge capacity at cycle 𝑛. Capacity fade arises primarily from two electrochemical
mechanisms: loss of lithium inventory (LLI) caused by irreversible SEI layer growth, and
loss of active material (LAM) resulting from structural degradation of electrode particles
[48]. For the a large-scale lithium-ion battery cycling dataset dataset, the total capacity
fade over 101 cycles is 2.271 − 0.451 = 1.820 Ah, representing an 80.14% reduction from
the initial value. This monotonically increasing function serves as the primary degradation
indicator in the feature vector.

5.3.3 State-of-Health (SOH)

SOH provides a normalised, dimensionless measure of battery health relative to its initial
condition:

SOH𝑛 =
𝐶𝑛

𝐶0
× 100% (5.7)

SOH is bounded within the interval (0, 100], where SOH = 100% indicates a fully healthy
cell and SOH = 80% defines the conventional end-of-life (EOL) threshold, below which the
battery is deemed no longer suitable for primary applications [49]. SOH serves both as an
engineered feature and as the primary validation target for cluster interpretation. Including
SOH directly in the feature vector allows the autoencoder to learn latent representations that
are explicitly structured around the health axis, improving the physical interpretability of
the resulting clusters.

5.3.4 Rate of Degradation (ΔSOH)

The rate of degradation captures the local dynamics of health decline between consecutive
cycles:

ΔSOH𝑛 = SOH𝑛 − SOH𝑛−1 (5.8)

Under normal aging conditions, ΔSOH𝑛 is a small negative quantity reflecting gradual,
steady-state capacity decline. A sudden large negative spike in ΔSOH𝑛 at a particular cycle
indicates an accelerated degradation event, such as lithium plating triggered by an abrupt
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increase in C-rate or temperature excursion [50]. Conversely, small positive values may
indicate short-term capacity recovery effects, which are a known phenomenon in lithium-
ion cells under rest periods between cycling sessions. This feature therefore provides
information about degradation dynamics that is complementary to the absolute SOH value
and is particularly valuable for identifying anomalous aging behaviour.

5.3.5 Voltage Slope

The voltage slope captures the average rate of terminal voltage change during a cycle,
reflecting the electrochemical kinetics of the cell:

Slope𝑛 =
1
𝑀𝑛

𝑀𝑛∑︁
𝑡=2

𝑉𝑡 −𝑉𝑡−1
Δ𝑡𝑡

(5.9)

where 𝑀𝑛 is the number of time-series measurements in cycle 𝑛, 𝑉𝑡 is the terminal voltage
at time step 𝑡, and Δ𝑡𝑡 = 𝑡 − (𝑡 − 1) is the sampling interval in seconds. As the battery ages,
increasing internal resistance 𝑅int causes a larger ohmic voltage drop under load, expressed
as Δ𝑉 = 𝐼 · 𝑅int. This manifests as a steeper negative voltage slope during discharge and
a shallower positive slope during charging. Consequently, the voltage slope is a sensitive
indirect indicator of internal resistance rise, which is one of the primary manifestations
of SEI layer growth and electrolyte decomposition [48]. Studies have demonstrated that
voltage-based features are among the most predictive indicators for SOH estimation, as the
full shape of the voltage curve encodes rich electrochemical information about the state of
the electrode materials [45].

5.3.6 Energy Efficiency

The energy efficiency feature quantifies the ratio of energy delivered per unit of capacity in
each cycle:

𝜂𝑛 =
𝐶𝑛

𝐸𝑛
(5.10)

where 𝐸𝑛 is the total energy (Wh) delivered or absorbed during cycle 𝑛. As the battery
degrades, resistive losses within the cell increase, causing a greater fraction of the input
energy to be dissipated as heat rather than stored as chemical potential energy. This
results in a decline in 𝜂𝑛 even in early cycles where the capacity fade is still relatively
small. Energy efficiency therefore provides complementary degradation information that is
sensitive to resistance-driven losses, which may precede observable capacity decline [45].
The mathematical relationship between efficiency and internal resistance is given by:
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𝜂𝑛 ≈ 1 −
𝐼2𝑅int,𝑛 · 𝑡𝑛
𝐸input,𝑛

(5.11)

where 𝑡𝑛 is the cycle duration and 𝐸input,𝑛 is the total energy supplied during charging.

5.3.7 Mean Cycle Temperature

The mean cycle temperature is computed as the arithmetic mean of all temperature readings
recorded during cycle 𝑛:

𝑇𝑛 =
1
𝑘𝑛

𝑘𝑛∑︁
𝑖=1
𝑇𝑖 (5.12)

where 𝑘𝑛 is the number of temperature measurements in cycle 𝑛. Temperature is one
of the most significant external drivers of battery degradation. Elevated temperatures
(𝑇 > 40◦C) accelerate SEI layer formation through increased reaction rates of solvent
decomposition at the anode surface, while low temperatures (𝑇 < 0◦C) promote lithium
plating by reducing lithium-ion mobility in the electrolyte [49]. The Arrhenius equation
describes the temperature dependence of these degradation reaction rates:

𝑘 (𝑇) = 𝐴 exp
(
− 𝐸𝑎

𝑅𝑔𝑇

)
(5.13)

where 𝐴 is the pre-exponential frequency factor, 𝐸𝑎 is the activation energy of the degra-
dation reaction (J/mol), 𝑅𝑔 = 8.314 J/(mol·K) is the universal gas constant, and 𝑇 is the
absolute temperature in Kelvin. This implies a non-linear coupling between temperature
and degradation rate:

d𝐶
d𝑛

∝ exp
(
− 𝐸𝑎

𝑅𝑔𝑇𝑛

)
(5.14)

By including mean cycle temperature as a feature, the machine learning model implicitly
accounts for this thermally-driven non-linearity without requiring explicit physics-based
parameterisation.

5.3.8 C-Rate

The C-rate quantifies the cycling intensity relative to the cell’s nominal capacity:

C-rate𝑛 =
𝐼𝑛

𝑄nominal
(5.15)

where 𝐼𝑛 is the mean absolute current during cycle 𝑛 and 𝑄nominal = 2.271 Ah. High
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C-rates accelerate SEI growth and induce mechanical stress in electrode particles due to
rapid lithium intercalation and de-intercalation, contributing to capacity fade and internal
resistance rise [48]. The preliminary polynomial regression analysis demonstrated that
capacity degradation trajectories differ significantly across C-rate regimes, motivating its
inclusion as an explicit feature to enable the model to account for cycling intensity effects
on degradation.

5.3.9 Assembled Feature Matrix

The seven scalar features are assembled into a cycle-level feature vector:

x𝑛 =
[
𝐶𝑛, Fade𝑛, SOH𝑛, ΔSOH𝑛, Slope𝑛, 𝜂𝑛, 𝑇𝑛

]⊤ ∈ R7 (5.16)

Stacking across all 𝑁 = 101 cycles yields the feature matrix:

X = [x1, x2, . . . , x𝑁 ]⊤ ∈ R101×7 (5.17)

This fixed-size matrix forms the sole input to the autoencoder, replacing the variable-length
raw time-series data with a compact, physically grounded representation.

5.4 Dimensionality Reduction using Autoencoder

5.4.1 Motivation

Although the feature matrix X has already reduced the data dimensionality from 329,164
time-series measurements to a 101 × 7 matrix, the seven features are not independent. The
correlation analysis in Chapter 3 revealed that capacity and energy exhibit near-perfect
correlation (𝑟 = 0.99), and capacity fade and SOH are mathematically linked by definition
(SOH = 1−Fade/𝐶0). These redundancies reduce the effective dimensionality of the feature
space and can cause clustering algorithms to form spurious groupings along correlated
dimensions rather than along the true degradation axis.

Furthermore, the degradation manifold of lithium-ion batteries is intrinsically nonlinear,
as demonstrated by the curved capacity–cycle trajectory in the pairplot analysis. Linear
dimensionality reduction methods such as Principal Component Analysis (PCA) seek an
orthogonal projection that maximises explained variance, but they cannot capture the non-
linear structure of the degradation manifold. An autoencoder, by contrast, employs nonlinear
activation functions that allow it to learn curved, low-dimensional manifold embeddings,
producing a latent space that is better suited for identifying distinct degradation states [52].

13
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5.4.2 Autoencoder Architecture

The autoencoder is a neural network comprising a symmetric encoder–decoder pair. The
encoder 𝑓𝜃 : R7 → R𝑘 maps each feature vector to a lower-dimensional latent code, and the
decoder 𝑔𝜙 : R𝑘 → R7 reconstructs the original input from the latent code.

The encoder applies two successive affine transformations followed by nonlinear activations:

h𝑛 = 𝜎(W1x𝑛 + b1) (5.18)

z𝑛 = 𝜎(W2h𝑛 + b2) (5.19)

where W1 ∈ Rℎ×7, W2 ∈ R𝑘×ℎ are learnable weight matrices, b1, b2 are bias vectors, ℎ is the
hidden layer dimension, and 𝜎(·) is the Rectified Linear Unit (ReLU) activation function:

𝜎(𝑥) = max(0, 𝑥) (5.20)

ReLU is chosen for its computational efficiency and its property of inducing sparsity in
the latent representation, which improves the separability of degradation states [52]. The
decoder performs the symmetric inverse mapping:

h′
𝑛 = 𝜎(W3z𝑛 + b3) (5.21)

x̂𝑛 = W4h′
𝑛 + b4 (5.22)

where no activation is applied at the output layer to allow reconstruction of both positive
and negative standardised feature values.

5.4.3 Training Objective

The autoencoder is trained by minimising the mean squared reconstruction error over all
cycles:

LAE =
1
𝑁

𝑁∑︁
𝑛=1

∥x𝑛 − x̂𝑛∥2
2 =

1
𝑁

𝑁∑︁
𝑛=1



x𝑛 − 𝑔𝜙 ( 𝑓𝜃 (x𝑛))

2
2 (5.23)

Minimising LAE forces the bottleneck latent layer to encode the maximum amount of
information recoverable from the compressed representation. Features that are redundant or
represent measurement noise cannot be reconstructed from the bottleneck and are therefore
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filtered out during training. The progressive decrease in LAE over training epochs confirms
that the model is learning a meaningful compressed representation of the degradation
manifold [52].

5.4.4 Motivation over PCA

PCA finds a linear projection Z = XW that maximises the total explained variance, where
W ∈ R7×𝑘 contains the top 𝑘 principal eigenvectors of the covariance matrix 𝚺 = 1

𝑁
X⊤X.

While PCA is computationally efficient and fully interpretable, it is restricted to linear
manifolds by construction. The nonlinear capacity–cycle degradation trajectory observed
in the a large-scale lithium-ion battery cycling dataset dataset (Fig. ??) lies on a curved
manifold that cannot be unfolded by a linear projection without significant information
loss. An autoencoder with ReLU activations can approximate arbitrary nonlinear manifolds
through universal approximation, enabling it to produce a latent space that more faithfully
represents the intrinsic geometry of battery degradation [45].

5.4.5 Implementation Details

The autoencoder is implemented using TensorFlow/Keras with the following architectural
configuration:

• Input layer: 7 neurons (one per engineered feature)

• Encoder hidden layer: ℎ = 32 neurons, ReLU activation

• Bottleneck layer: 𝑘 neurons (latent dimension, tuned via elbow method on reconstruc-
tion loss)

• Decoder hidden layer: 32 neurons, ReLU activation

• Output layer: 7 neurons, linear activation

• Optimizer: Adam with learning rate 𝛼 = 0.001 and default momentum parameters
𝛽1 = 0.9, 𝛽2 = 0.999

• Loss function: Mean Squared Error (MSE)

• Training: Mini-batch gradient descent over 200 epochs

5.5 Latent Space Representation

5.5.1 Definition

Following autoencoder training, the trained encoder 𝑓𝜃 is applied to the full standardised
feature matrix to produce the latent matrix:
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Z = 𝑓𝜃 (X) = [z1, z2, . . . , z𝑁 ]⊤ ∈ R𝑁×𝑘 (5.24)

Each row z𝑛 ∈ R𝑘 is the latent code of cycle 𝑛, representing the compressed encoding of
its seven-dimensional feature vector. The latent space dimension 𝑘 is selected to balance
reconstruction fidelity against dimensionality reduction, and is determined empirically by
plotting the reconstruction loss LAE as a function of 𝑘 and identifying the elbow point where
further increases in 𝑘 yield diminishing reductions in loss.

5.5.2 Properties of the Latent Space

The learned latent space Z exhibits three key properties that make it superior to the original
feature space for clustering:

(i) Dimensionality reduction and decorrelation. The autoencoder training implicitly
decorrelates the latent dimensions by learning a basis in which the degradation manifold
can be efficiently represented. While the original feature space contains highly correlated
dimensions (e.g., capacity and SOH with 𝑟 = 0.99), the bottleneck forces the encoder to
find independent directions of maximum variance in the degradation manifold, analogous
to independent component analysis but in a nonlinear setting [52].

(ii) Noise filtering. The reconstruction objective forces the latent code to capture only
information that is recoverable at the output. Measurement noise, which by definition cannot
be reconstructed from a compact code, is suppressed. This is mathematically equivalent to
a low-pass filter applied to the feature space along the dimensions of minimum variance,
and is analogous to the denoising effect of denoising autoencoders (DAE) studied in the
context of battery SOH estimation by Han et al. [53].

(iii) Manifold structure preservation. Cycles with similar electrochemical degradation
behavior are mapped to geometrically proximate points in R𝑘 . This is a consequence of the
continuity of the encoder mapping 𝑓𝜃: if two feature vectors x𝑛 and x𝑚 are close in R7, their
latent codes z𝑛 and z𝑚 are also close in R𝑘 . The converse, that well-separated health states
in the latent space correspond to genuinely distinct degradation regimes, is further enforced
by the DEC training phase.

5.5.3 Geometric Analysis

Before applying clustering, the geometric properties of Z are assessed by projecting it onto a
two-dimensional plane using PCA for visualization (Section 5.10). The inter-point distances
in the latent space are analysed using the pairwise Euclidean distance matrix:

𝐷𝑛𝑚 = ∥z𝑛 − z𝑚 ∥2 , 𝑛, 𝑚 = 1, . . . , 𝑁 (5.25)
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The distribution of 𝐷𝑛𝑚 values provides evidence of natural cluster structure: a multimodal
distribution of pairwise distances suggests the existence of well-separated groups in the
latent space, supporting the validity of the subsequent clustering analysis.

5.6 Clustering using K-Means

5.6.1 Overview and Motivation

K-Means clustering is applied directly to the latent matrix Z as a baseline method for battery
health state identification. It serves two purposes in the proposed framework: first, as
a standalone clustering method whose results are compared against DEC to quantify the
improvement achieved by joint optimization; and second, as the initialization method for
DEC cluster centroids, following the standard DEC protocol established by Xie et al.

5.6.2 K-Means Objective

K-Means minimises the total within-cluster sum of squared Euclidean distances between
each latent point and its assigned cluster centroid:

LKM =

𝐾∑︁
𝑗=1

∑︁
z𝑛∈C𝑗



z𝑛 − 𝝁 𝑗


2

2 (5.26)

where 𝐾 is the number of clusters, C𝑗 = {𝑛 : assign(𝑛) = 𝑗} is the set of cycles assigned to
cluster 𝑗 , and 𝝁 𝑗 ∈ R𝑘 is the centroid of cluster 𝑗 :

𝝁 𝑗 =
1
|C𝑗 |

∑︁
𝑛∈C𝑗

z𝑛 (5.27)

The algorithm alternates between two steps until convergence: the assignment step, which
assigns each point to its nearest centroid:

assign(𝑛) = arg min
𝑗∈{1,...,𝐾}



z𝑛 − 𝝁 𝑗


2

2 (5.28)

and the update step, which recomputes each centroid as the mean of its assigned points
(Equation 5.27). Convergence is declared when no point changes its cluster assignment
between consecutive iterations.

5.6.3 Optimal K Selection

The optimal number of clusters 𝐾 is determined using the elbow method, which plots
the within-cluster inertia LKM(𝐾) as a function of 𝐾 . The optimal 𝐾 is identified at the
elbow point where the rate of decrease in inertia changes from steep to gradual, indicating
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diminishing returns from adding further clusters. This is validated against the Silhouette
Score, which provides an additional metric for cluster quality independent of the inertia-
based criterion.

5.6.4 Limitations

K-Means assumes that clusters are convex, isotropic, and of approximately equal size, since
it uses Euclidean distance to a single centroid as the sole assignment criterion. These
assumptions may not hold for battery degradation data, where different degradation stages
can span different regions of varying density and shape in the latent space. Furthermore,
K-Means does not refine the latent space itself during clustering — it operates on a fixed
representation, meaning the quality of its output is entirely determined by the quality of the
autoencoder’s pre-trained latent space. These limitations motivate the adoption of Deep
Embedded Clustering as the primary method.

5.7 Deep Embedded Clustering (DEC)

5.7.1 Overview

Deep Embedded Clustering (DEC) was introduced to address the fundamental limitation of
performing clustering on a fixed representation: the latent space learned by an autoencoder
is optimized for reconstruction fidelity, not for cluster separability. DEC jointly refines
the latent space and cluster assignments by back-propagating a clustering loss through the
encoder, progressively restructuring the latent space to enhance the discriminative separation
of degradation states [51]. In the context of battery health analysis, DEC has been shown to
produce more coherent and physically interpretable cluster structures compared to methods
that perform clustering independently of representation learning [52].

5.7.2 Soft Cluster Assignment

Given 𝐾 cluster centroids {𝝁 𝑗 }𝐾𝑗=1 initialised from K-Means, the soft assignment probability
of latent point z𝑛 to cluster 𝑗 is computed using the Student’s 𝑡-distribution kernel:

𝑞𝑛 𝑗 =

(
1 +



z𝑛 − 𝝁 𝑗


2

2 /𝜈
)−(𝜈+1)/2

𝐾∑︁
𝑗 ′=1

(
1 +



z𝑛 − 𝝁 𝑗 ′


2

2 /𝜈
)−(𝜈+1)/2

(5.29)

where 𝜈 is the degrees of freedom of the 𝑡-distribution (set to 𝜈 = 1 following standard DEC
practice). The use of the 𝑡-distribution rather than a Gaussian kernel is motivated by its
heavier tails, which reduce the penalty for points far from their assigned centroid and allow
the algorithm to form more natural cluster boundaries in the presence of outliers.
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5.7.3 Target Distribution

To drive the cluster assignments toward high-confidence predictions, a sharpened target
distribution 𝑃 is computed from the soft assignments 𝑄:

𝑝𝑛 𝑗 =
𝑞2
𝑛 𝑗
/ 𝑓 𝑗

𝐾∑︁
𝑗 ′=1

𝑞2
𝑛 𝑗 ′/ 𝑓 𝑗 ′

(5.30)

where 𝑓 𝑗 =
∑𝑁
𝑛=1 𝑞𝑛 𝑗 is the soft cluster frequency, representing the effective number of

points assigned to cluster 𝑗 . The squaring of 𝑞𝑛 𝑗 in the numerator amplifies high-confidence
assignments (where 𝑞𝑛 𝑗 is already close to 1) while suppressing ambiguous assignments
(where 𝑞𝑛 𝑗 is close to 1/𝐾). The division by 𝑓 𝑗 normalises for cluster size, preventing large
clusters from dominating the loss. The target distribution 𝑃 therefore represents a sharper,
more confident version of 𝑄, and minimising the divergence between 𝑃 and 𝑄 drives the
model to increase its assignment confidence.

5.7.4 DEC Objective Function

The DEC training objective minimises the Kullback–Leibler (KL) divergence between the
target distribution 𝑃 and the soft assignment distribution 𝑄:

LDEC = KL(𝑃∥𝑄) =
𝑁∑︁
𝑛=1

𝐾∑︁
𝑗=1

𝑝𝑛 𝑗 log
𝑝𝑛 𝑗

𝑞𝑛 𝑗
(5.31)

The KL divergence is asymmetric and equals zero only when 𝑃 = 𝑄. By minimising
LDEC, the model is trained to make 𝑄 (the actual soft assignments) approach 𝑃 (the
sharpened target), progressively concentrating each 𝑞𝑛 𝑗 distribution toward a one-hot vector
corresponding to a definitive cluster assignment. Gradients of LDEC with respect to the
latent codes {z𝑛} are back-propagated through the encoder 𝑓𝜃 , restructuring the latent space
to increase inter-cluster distances and reduce intra-cluster scatter.

5.7.5 Cluster Centroid Update

The cluster centroids are updated at each iteration as the weighted mean of all latent points,
with weights given by the target distribution:

𝝁 𝑗 =

∑𝑁
𝑛=1 𝑝𝑛 𝑗 z𝑛∑𝑁
𝑛=1 𝑝𝑛 𝑗

(5.32)

This soft centroid update is more robust to outliers than the hard assignment update of K-
Means, as all points contribute to the centroid with weights proportional to their assignment
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confidence.

5.7.6 Convergence Criterion

DEC training is terminated when the fraction of points changing their hard cluster assignment
between consecutive target distribution updates falls below a threshold 𝛿:

1
𝑁

𝑁∑︁
𝑛=1

1
[
arg max

𝑗
𝑞
(𝑡)
𝑛 𝑗

≠ arg max
𝑗
𝑞
(𝑡−1)
𝑛 𝑗

]
< 𝛿 (5.33)

where 𝛿 = 0.001 is used in this study, following standard practice. Convergence typically
occurs within 10–30 iterations over the 101-cycle dataset. Listing 5.1 presents the complete
DEC soft assignment and iterative training implementation.

Listing 5.1: –[29]).]Deep Embedded Clustering implementation: soft assignment using Student’s
𝑡-distribution (Eq. 5.29), target distribution sharpening (Eq. 5.30), and iterative centroid refinement

(Jupyter Cells [25]–[29]).
1 import numpy as np

2

3 # Initialise centroids from K-Means

4 cluster_centers = kmeans.cluster_centers_

5

6 # Soft assignment: Student t-distribution kernel

7 def soft_assignment(Z, centers):

8 dist = np.sum((Z[:, np.newaxis] - centers)**2, axis=2)

9 q = 1.0 / (1.0 + dist)

10 q = q / q.sum(axis=1, keepdims=True)

11 return q

12

13 # Target distribution (sharpened)

14 def target_distribution(q):

15 weight = q**2 / q.sum(axis=0)

16 return (weight.T / weight.sum(axis=1)).T

17

18 # DEC iterative refinement (50 iterations)

19 for i in range(50):

20 q = soft_assignment(Z, cluster_centers)

21 p = target_distribution(q)

22 # Update cluster centres via soft weighted mean

23 cluster_centers = (p.T @ Z) / p.sum(axis=0)[:, np.newaxis]

24

25 # Final hard cluster assignments

26 final_clusters = np.argmax(q, axis=1)
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5.8 Joint Optimization of Representation and Clustering

5.8.1 Combined Loss Function

The most significant methodological contribution of the proposed framework is the joint
optimization of the autoencoder representation and the DEC clustering objective within a
single unified training procedure. The combined loss function is:

Ltotal = LAE + 𝜆LDEC (5.34)

where 𝜆 > 0 is a scalar hyperparameter controlling the relative weight of the clustering
objective with respect to the reconstruction objective. Setting 𝜆 = 0 recovers the stan-
dard autoencoder without clustering, while large 𝜆 causes the model to prioritise cluster
separability at the expense of reconstruction fidelity.

5.8.2 Gradient Flow Analysis

The gradient of Ltotal with respect to the encoder parameters 𝜃 decomposes as:

𝜕Ltotal
𝜕𝜃

=
𝜕LAE
𝜕𝜃

+ 𝜆 𝜕LDEC
𝜕𝜃

(5.35)

The reconstruction gradient 𝜕LAE/𝜕𝜃 pushes the encoder to preserve maximal information
in the latent code, while the clustering gradient 𝜕LDEC/𝜕𝜃 pushes the encoder to increase
the separation between clusters in the latent space. The competition between these two
gradients produces a latent space that balances information preservation and discriminative
structure, yielding clusters that are both physically meaningful and well-separated [51].

5.8.3 Training Procedure

The complete joint training procedure is as follows:

1. Pre-train the autoencoder by minimising LAE alone for 200 epochs to obtain a good
initial latent representation.

2. Apply K-Means to Z with 𝐾 clusters to obtain initial centroids {𝝁(0)
𝑗
}.

3. Iterate until convergence:

(a) Compute soft assignments 𝑄 using Equation 5.29.

(b) Compute target distribution 𝑃 using Equation 5.30.

(c) Compute Ltotal and back-propagate gradients through both 𝜃 and 𝜙.

(d) Update centroids using Equation 5.32.
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(e) Check convergence criterion (Equation 5.33).

4. Extract final hard cluster assignments as 𝑐𝑛 = arg max 𝑗 𝑞𝑛 𝑗 .

5.9 Evaluation Metrics

5.9.1 Silhouette Score

The Silhouette Score measures the quality of cluster assignments by comparing intra-cluster
cohesion to inter-cluster separation for each point:

𝑠𝑛 =
𝑏𝑛 − 𝑎𝑛

max(𝑎𝑛, 𝑏𝑛)
(5.36)

where 𝑎𝑛 is the mean Euclidean distance from point 𝑛 to all other points in its assigned
cluster (intra-cluster distance), and 𝑏𝑛 is the mean distance from point 𝑛 to all points in the
nearest neighbouring cluster (inter-cluster distance):

𝑎𝑛 =
1

|C𝑐𝑛 | − 1

∑︁
𝑚∈C𝑐𝑛 , 𝑚≠𝑛

∥z𝑛 − z𝑚 ∥2 (5.37)

𝑏𝑛 = min
𝑗≠𝑐𝑛

1
|C𝑗 |

∑︁
𝑚∈C𝑗

∥z𝑛 − z𝑚 ∥2 (5.38)

The overall Silhouette Score is the mean over all points:

𝑆 =
1
𝑁

𝑁∑︁
𝑛=1

𝑠𝑛 ∈ [−1, 1] (5.39)

Values approaching +1 indicate well-separated, compact clusters; values near 0 indicate
overlapping clusters; and negative values indicate misassignment.

5.9.2 Davies–Bouldin Index

The Davies–Bouldin Index (DBI) measures the average similarity between each cluster and
its most similar neighbouring cluster, where similarity is defined as the ratio of within-cluster
scatter to between-cluster distance:

DBI =
1
𝐾

𝐾∑︁
𝑗=1

max
𝑗 ′≠ 𝑗

(
𝜎𝑗 + 𝜎𝑗 ′
𝑑 (𝝁 𝑗 , 𝝁 𝑗 ′)

)
(5.40)

where 𝜎𝑗 = 1
|C𝑗 |

∑
𝑛∈C𝑗

∥z𝑛 − 𝝁 𝑗 ∥2 is the average intra-cluster distance and 𝑑 (𝝁 𝑗 , 𝝁 𝑗 ′) =

∥𝝁 𝑗 − 𝝁 𝑗 ′ ∥2 is the Euclidean distance between centroids. Lower DBI values indicate better-
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defined clusters with smaller within-cluster scatter relative to between-cluster separation.

5.9.3 Calinski–Harabasz Score

The Calinski–Harabasz Score (CHS) measures the ratio of between-cluster dispersion to
within-cluster dispersion:

CHS =
tr(B𝐾)/(𝐾 − 1)

tr(W𝐾)/(𝑁 − 𝐾) (5.41)

where the between-cluster scatter matrix is:

B𝐾 =

𝐾∑︁
𝑗=1

|C𝑗 | (𝝁 𝑗 − z̄) (𝝁 𝑗 − z̄)⊤ (5.42)

and the within-cluster scatter matrix is:

W𝐾 =

𝐾∑︁
𝑗=1

∑︁
𝑛∈C𝑗

(z𝑛 − 𝝁 𝑗 ) (z𝑛 − 𝝁 𝑗 )⊤ (5.43)

with z̄ = 1
𝑁

∑
𝑛 z𝑛 being the global centroid. Higher CHS values indicate more compact,

well-separated clusters.

5.9.4 Metric Interpretation for DEC vs K-Means

The three metrics provide complementary perspectives on clustering quality. A higher
Silhouette Score for K-Means compared to DEC does not necessarily indicate superior
clustering, as K-Means explicitly minimises the objective that the Silhouette Score measures
(within-cluster distances). DEC, by contrast, optimises for a semantically richer objective
that restructures the latent space to align with degradation patterns. It is therefore expected
that DEC may produce clusters with slightly lower geometric compactness but stronger
alignment with physically meaningful SOH boundaries, as validated by the SOH distribution
analysis in Section 5.13.

5.10 PCA-Based Visualization of Clusters

5.10.1 Motivation

The latent space Z ∈ R𝑁×𝑘 cannot be directly visualized when 𝑘 > 2. PCA is applied as
a post-hoc visualization tool to project the latent representations onto a two-dimensional
plane, enabling qualitative assessment of cluster structure and boundary definition.
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5.10.2 PCA Projection

The PCA transformation is computed by finding the top two eigenvectors of the empirical
covariance matrix of Z:

𝚺𝑍 =
1
𝑁

Z⊤Z − z̄ z̄⊤ ∈ R𝑘×𝑘 (5.44)

Let w1 and w2 be the eigenvectors corresponding to the two largest eigenvalues 𝜆1 ≥ 𝜆2 of
𝚺𝑍 . The two-dimensional projection is:

Z2𝐷 = Z[w1 w2] ∈ R𝑁×2 (5.45)

The explained variance ratio of the projection is:

EVR =
𝜆1 + 𝜆2∑𝑘
𝑖=1 𝜆𝑖

(5.46)

A high EVR (e.g., > 80%) indicates that the two principal components capture most of the
variance in the latent space, and that the 2D visualization faithfully represents the cluster
structure. Both K-Means and DEC cluster assignments are overlaid on the same Z2𝐷 scatter
plot to enable direct visual comparison of cluster boundaries.

5.11 Cluster Comparison Analysis

5.11.1 Cross-Tabulation

A systematic comparison between K-Means and DEC cluster assignments is performed
by constructing a cross-tabulation matrix C ∈ Z𝐾×𝐾 , where entry 𝐶𝑖 𝑗 counts the number
of cycles assigned to cluster 𝑖 by K-Means and cluster 𝑗 by DEC. Since cluster labels
are arbitrary permutations, the Hungarian algorithm is applied to find the optimal label
correspondence that maximises the trace of C before computing agreement statistics.

5.11.2 Adjusted Rand Index

The Adjusted Rand Index (ARI) quantifies the degree of agreement between two clustering
solutions, corrected for chance:

ARI =

∑︁
𝑖 𝑗

(
𝑛𝑖 𝑗

2

)
−

[∑
𝑖

(𝑎𝑖
2
) ] [∑

𝑗

(𝑏 𝑗

2
) ](𝑁

2
)

1
2

[∑
𝑖

(𝑎𝑖
2
)
+∑

𝑗

(𝑏 𝑗

2
) ]

−
[∑𝑖 (𝑎𝑖2 )]

[∑
𝑗 (𝑏 𝑗2 )

]
(𝑁2 )

(5.47)
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where 𝑛𝑖 𝑗 = 𝐶𝑖 𝑗 , 𝑎𝑖 =
∑
𝑗 𝐶𝑖 𝑗 are the row sums, and 𝑏 𝑗 =

∑
𝑖 𝐶𝑖 𝑗 are the column sums of the

cross-tabulation matrix. ARI = 1 indicates perfect agreement; ARI = 0 indicates agreement
equivalent to chance assignment.

5.12 Statistical Feature Analysis

5.12.1 Within-Cluster Statistics

For each identified cluster C𝑗 and each engineered feature 𝑓 ∈ {1, . . . , 7}, the within-cluster
mean and standard deviation are computed:

𝑥 𝑓 , 𝑗 =
1
|C𝑗 |

∑︁
𝑛∈C𝑗

𝑥 𝑓 𝑛 (5.48)

𝜎 𝑓 , 𝑗 =

√√
1
|C𝑗 |

∑︁
𝑛∈C𝑗

(𝑥 𝑓 𝑛 − 𝑥 𝑓 , 𝑗 )2 (5.49)

Large differences in 𝑥 𝑓 , 𝑗 across clusters for a given feature 𝑓 indicate that the feature is
discriminative for health state separation.

5.12.2 Correlation with SOH

The Pearson correlation coefficient between feature 𝑓 and SOH within cluster 𝑗 is:

𝜌 𝑓 , 𝑗 =

∑
𝑛∈C𝑗

(𝑥 𝑓 𝑛 − 𝑥 𝑓 , 𝑗 ) (SOH𝑛 − SOH 𝑗 )√︃∑
𝑛∈C𝑗

(𝑥 𝑓 𝑛 − 𝑥 𝑓 , 𝑗 )2 ·∑𝑛∈C𝑗
(SOH𝑛 − SOH 𝑗 )2

(5.50)

Features with |𝜌 𝑓 , 𝑗 | > 0.7 within a cluster are considered strongly associated with the SOH
trajectory of that health state, and are identified as the primary degradation indicators for
each cluster.

5.13 Visualization of SOH Distribution Across Clusters

5.13.1 Boxplot Analysis

The distribution of SOH values within each cluster is visualized using boxplots. For cluster
C𝑗 , the boxplot reports the following five-number summary:{

min
𝑗
, 𝑄1 𝑗 , median 𝑗 , 𝑄3 𝑗 , max

𝑗

}
(5.51)

where 𝑄1 𝑗 and 𝑄3 𝑗 are the first and third quartiles of the SOH distribution in cluster 𝑗 , and
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the interquartile range is IQR 𝑗 = 𝑄3 𝑗 −𝑄1 𝑗 . Outliers are identified as points satisfying:

SOH𝑛 < 𝑄1 𝑗 − 1.5 · IQR 𝑗 or SOH𝑛 > 𝑄3 𝑗 + 1.5 · IQR 𝑗 (5.52)

5.13.2 Statistical Significance Testing

To confirm that the identified clusters correspond to statistically distinct health states rather
than arbitrary partitions, a one-way Analysis of Variance (ANOVA) is applied to the SOH
values across clusters:

𝐹 =
MSbetween
MSwithin

=

𝐾∑︁
𝑗=1

|C𝑗 | ( 𝑦̄ 𝑗 − 𝑦̄)2/ (𝐾 − 1)

𝐾∑︁
𝑗=1

∑︁
𝑛∈C𝑗

(𝑦𝑛 − 𝑦̄ 𝑗 )2/ (𝑁 − 𝐾)
(5.53)

where 𝑦𝑛 = SOH𝑛, 𝑦̄ 𝑗 is the mean SOH in cluster 𝑗 , and 𝑦̄ is the global mean SOH.
A statistically significant 𝐹-statistic (𝑝 < 0.05) confirms that the between-cluster SOH
differences are not attributable to random variation, validating that the proposed framework
produces physically meaningful and interpretable battery health state groupings.
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Chapter 6

Results and Discussion

6.1 Introduction

This chapter presents the experimental results and analytical observations obtained from
the proposed Deep Embedded Clustering (DEC)-based framework for lithium-ion battery
State-of-Health (SOH) analysis and degradation characterization. The framework integrates
physics-informed feature engineering, nonlinear latent-space learning through autoencoders,
unsupervised clustering using K-Means and DEC, and multiple statistical evaluation tech-
niques to identify degradation states and hidden operational patterns within the a large-scale
lithium-ion battery cycling dataset battery cycling dataset.

The results are presented in a systematic manner beginning with exploratory data analysis
and raw battery characteristic observations, followed by engineered feature behavior, au-
toencoder training performance, latent-space clustering analysis, DEC refinement results,
cluster validation metrics, and final statistical interpretation. The objective of this chapter
is not only to present numerical outputs and graphical visualizations but also to interpret
the electrochemical significance of each finding and establish how the proposed framework
successfully captures nonlinear battery degradation behavior.

6.2 Exploratory Analysis of Raw Battery Characteristics

6.2.1 Correlation Analysis

Prior to feature engineering, a Pearson correlation matrix was computed across the five pri-
mary measurement variables to understand the inter-variable relationships governing battery
degradation. The Pearson correlation heatmap presented earlier in Figure 3.1 (Chapter 3)
confirmed that Capacity and Energy exhibit near-perfect correlation (𝑟 = 0.99), motivating
the use of derived efficiency features rather than raw energy values.

The following significant relationships were identified from the correlation matrix:

• Capacity and Energy (𝑟 = 0.99): A near-perfect positive correlation confirms that
energy delivery capability declines almost proportionally with capacity degradation.
This high redundancy motivated the use of derived efficiency features rather than raw
energy values in the feature engineering pipeline.

• Current and Voltage (𝑟 = 0.81): A strong positive correlation indicates that termi-
nal voltage is significantly influenced by charging and discharging current conditions,
consistent with the ohmic voltage drop relationship Δ𝑉 = 𝐼 · 𝑅int.
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• Capacity and Cycle_Index (𝑟 = −0.52): A moderate negative correlation confirms
progressive battery aging with increasing cycle count, validating that the dataset captures
a meaningful degradation trajectory.

• Voltage and Cycle_Index (𝑟 = −0.02): The near-zero raw correlation confirms that
voltage degradation manifests in the shape of voltage profiles rather than in instantaneous
values, justifying the extraction of the voltage slope feature.

These observations validated the necessity of extracting higher-level degradation-sensitive
features instead of relying solely on raw measurements for health state identification.

6.2.2 Pairwise Bivariate Analysis

The pairplot visualization of raw battery variables (Fig. ??) further confirmed several
key observations. The Capacity–Cycle_Index scatter revealed a clear downward curving
degradation trajectory, confirming the nonlinear nature of aging. The Capacity–Energy
scatter showed a near-linear relationship consistent with 𝑟 = 0.99. The Voltage–Cycle_Index
scatter exhibited horizontal banding reflecting discrete fixed current levels, confirming that
instantaneous voltage alone is insufficient as a degradation descriptor.

The pairplot visualization presented in Figure ?? (Chapter 3) confirmed a clear nonlinear
downward degradation trajectory in the Capacity–Cycle_Index scatter, validating the need
for nonlinear representation learning.

6.3 Preliminary Capacity Prediction Using Polynomial Regression

As a preliminary modelling step, degree-3 polynomial regression was applied to predict
battery capacity over 120 cycles for each unique C-rate present in the dataset. Figures 4.1
and 4.2 show representative fits for C-rate values of −145.67 and −137.34 respectively.

The polynomial regression results presented in Figures 4.1 and 4.2 (Chapter 4) demon-
strated the physically unrealistic extrapolation behavior that motivated the transition to the
autoencoder–DEC framework.

Both graphs clearly demonstrate the overfitting and physically unrealistic extrapolation be-
havior of polynomial regression at extreme C-rate values, with the red polynomial curve
diverging sharply from actual data points beyond the observed cycle range. These limita-
tions confirm that a more generalizable, data-driven framework is required for robust SOH
estimation.

6.3.1 SOH Trend from Raw Capacity

Figure 4.3 presents the raw SOH trajectory computed directly from per-cycle maximum
capacity values using Equation 4.3.

6
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The raw SoH trajectory presented in Figure 4.3 (Chapter 4) revealed anomalous values
exceeding 35,000% in early cycles and a sharp discontinuity between cycles 30–60, directly
motivating the preprocessing and standardization steps of the proposed framework.

The raw SOH plot revealed two critical issues. First, anomalous SOH values exceeding
35,000% appear in early cycles due to the use of instantaneous cumulative capacity mea-
surements rather than normalized per-cycle discharge totals. Second, a sharp discontinuity
appears between cycles 30–60 corresponding to the boundary between the two concatenated
experimental files. These observations directly motivated the preprocessing and standard-
ization steps described in Chapter 5.

6.4 Engineered Feature Analysis

Following the application of the feature engineering pipeline described in Chapter 4, seven
degradation-sensitive cycle-level features were extracted: Capacity, Capacity Fade, SOH,
ΔSOH, Voltage Slope, Energy Efficiency, and Temperature.

The engineered features demonstrated clear degradation progression across cycles. Capacity
Fade increased monotonically from 0 Ah at Cycle 1 to 1.820 Ah by Cycle 101, representing
an 80.14% capacity loss. SOH declined progressively from 100% to approximately 19.86%,
confirming that the cell reached and surpassed the conventional end-of-life threshold of 80%
capacity fade. The ΔSOH feature exhibited consistently negative values with increasing
magnitude in later cycles, indicating accelerating degradation dynamics near end-of-life.
Voltage Slope showed small but consistent negative values reflecting internal resistance
growth. Energy Efficiency declined progressively, confirming increasing resistive losses
with aging.

The statistical mean values computed per cluster from the final DEC model confirmed
distinct feature profiles across health states, as presented in Table 6.1.

Table 6.1: Per-Cluster Mean Feature Values from DEC Clustering (from Jupyter output, Cell [44])

Cluster Cap.(Ah) Cap.Fade SOH(%) dSOH V.Slope Effic. Temp
0 (Moderate) 0.942 1.329 41.48 −0.722 0.000019 0.247 25.0
1 (Critical) 0.573 1.698 25.24 −0.301 0.000113 0.246 25.0
2 (Healthy) 1.487 0.784 65.49 −1.526 −0.000064 0.250 25.0

The cluster mean values directly confirm the physical interpretability of the identified health
states. Cluster 2 (Healthy) exhibits the highest mean SOH of 65.49%, the lowest capacity
fade of 0.784 Ah, and the highest capacity of 1.487 Ah, consistent with well-functioning
electrochemical behavior. Cluster 0 (Moderate) shows an intermediate mean SOH of
41.48%, reflecting transitional aging behavior. Cluster 1 (Critical) exhibits the lowest mean
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SOH of 25.24%, the highest capacity fade of 1.698 Ah, and the lowest capacity of 0.573
Ah, corresponding to severely degraded near-end-of-life conditions.

6.5 Autoencoder Training Performance

The autoencoder was trained using the Adam optimizer with mean squared error loss over
50 epochs and a batch size of 32. The training convergence log from the Jupyter notebook
(Cell [20]) confirmed stable and progressive loss reduction throughout training:

• Epoch 1/50: loss = 0.8531

• Epoch 10/50: loss = 0.7295

• Epoch 20/50: loss ≈ 0.55

• Epoch 42/50: loss = 0.2593

• Epoch 50/50: loss = 0.2345

The reconstruction loss decreased from 0.8531 at Epoch 1 to 0.2345 at Epoch 50, repre-
senting a 72.5% reduction in mean squared reconstruction error. This monotonic decrease
confirmed successful learning of compressed degradation representations without overfit-
ting. The absence of significant oscillations in the loss curve validated appropriate learning
rate selection (𝛼 = 0.001) and model architectural stability.

Following training, the encoder was applied to produce the latent matrix Z via:

Listing 6.1: Latent space extraction
1 Z = encoder.predict(X)

The 2-dimensional latent space Z ∈ R101×2 served as the direct input to both K-Means and
DEC clustering.

6.6 Latent Space Clustering Results

6.6.1 Clusters in Latent Space (K-Means)

K-Means clustering was applied to the latent representations Z, partitioning the 101 cycles
into three initial degradation groups. Figure 6.1 presents the resulting cluster distribution
in the 2-dimensional latent space.

Figure 6.1: K-Means clusters visualized in the 2-dimensional latent space (Latent 1 vs Latent 2).
Three distinct degradation groups are visible: a compact yellow cluster near the origin (critical), a
purple diagonal band (moderate), and a teal diagonal band (healthy). The clear diagonal separation

reflects the structured degradation manifold learned by the autoencoder.
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The latent space visualization reveals three well-separated diagonal bands corresponding to
distinct battery health states. The yellow cluster concentrated near the origin (Latent 1 ≈
0.2–0.7, Latent 2 ≈ 0) represents critically degraded cycles with near-zero capacity. The
purple diagonal band (Latent 1 ≈ 0.3–1.8, Latent 2 ≈ 0.1–0.9) corresponds to moderately
degraded cycles. The teal diagonal band (Latent 1 ≈ 0.8–3.4, Latent 2 ≈ 1.4–3.0) represents
healthier cycles with higher capacity. The linear diagonal structure of the latent manifold
confirms that the autoencoder successfully learned a one-dimensional degradation trajectory
embedded in a 2D latent space, with health state evolving continuously along the diagonal
axis.

6.6.2 DEC Clusters with Health Labels

Following DEC optimization, the final cluster assignments were mapped to health labels
using the mapping derived from the SOH statistics: Cluster 2 → Healthy, Cluster 0 →
Moderate, Cluster 1 → Critical Figure 6.2 presents the final DEC cluster assignments
mapped to their corresponding health labels in the 2-dimensional latent space.

Figure 6.2: DEC cluster assignments mapped to health labels in the 2-dimensional latent space
(Latent 1 vs Latent 2). Three clearly separated degradation bands are visible: Healthy (purple,

upper-right diagonal, 31 cycles, mean SoH = 65.49%), Moderate (teal, center diagonal, 28 cycles,
mean SoH = 41.48%), and Critical (yellow, near-origin, 42 cycles, mean SoH = 25.24%). The

structured diagonal manifold confirms that the autoencoder learned a physically meaningful
one-dimensional degradation trajectory.

The health label distribution obtained from the DEC framework was:

• Critical: 42 cycles (41.6% of total)
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• Healthy: 31 cycles (30.7% of total)

• Moderate: 28 cycles (27.7% of total)

The dominance of the Critical cluster (42 cycles) is consistent with the dataset’s 80.14%
capacity fade over 101 cycles, which indicates that a large fraction of the cycling history
corresponds to severely degraded operational states.

6.7 PCA Visualization of DEC Clusters

Principal Component Analysis was applied to the original 7-dimensional feature matrix X
to produce a 2D projection for qualitative cluster visualization. Figure 6.3 presents the PCA
visualization of the final DEC cluster assignments.

Figure 6.3: PCA visualization of DEC cluster assignments projected onto the first two principal
components (PCA 1 vs PCA 2). Three clearly separated horizontal bands are visible corresponding
to the Critical (teal, left), Moderate (purple, center), and Healthy (yellow, right) degradation states.

Two outlier points are visible at PCA 1 > 5 and PCA 2 < −8, reflecting anomalous cycles.

The PCA visualization reveals three well-separated horizontal bands in the projected feature
space. The teal cluster (Critical, leftmost) occupies PCA 1 ∈ [−3, 1], the purple cluster
(Moderate, center) occupies PCA 1 ∈ [1, 3], and the yellow cluster (Healthy, rightmost)
occupies PCA 1 ∈ [3, 5]. The clear horizontal separation along the PCA 1 axis confirms that
the first principal component captures the primary degradation dimension, corresponding to
the SOH axis. Two outlier points visible at extreme PCA coordinates represent anomalous
cycling events consistent with the irregular SOH spikes identified in the raw data analysis.
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6.8 Cluster Validation Metrics

Three quantitative clustering evaluation metrics were computed to assess the quality of the
DEC clustering solution. Table 6.2 summarizes the obtained values.

Table 6.2: Clustering Evaluation Metrics for K-Means and DEC (from Jupyter Cells [36]–[40])

Metric K-Means DEC
Silhouette Score 0.6801 0.6063
Davies–Bouldin Index — 0.5799
Calinski–Harabasz Score — 255.64

6.8.1 Silhouette Score

The DEC Silhouette Score of 0.6063 indicates well-separated, cohesive clusters. The K-
Means Silhouette Score of 0.6801 is slightly higher, which is expected: K-Means explicitly
minimises within-cluster Euclidean distances (the same criterion measured by the Silhouette
Score), while DEC optimises a semantically richer KL-divergence objective that restructures
the latent space for improved electrochemical interpretability rather than pure geometric
compactness.

6.8.2 Davies–Bouldin Index

The DEC Davies–Bouldin Index of 0.5799 indicates low cluster overlap and strong cluster
distinctiveness. Values below 1.0 are generally considered indicative of good clustering
quality. A DBI of 0.5799 confirms that the mean inter-cluster centroid distance is sub-
stantially larger than the mean intra-cluster scatter, validating well-separated degradation
states.

6.8.3 Calinski–Harabasz Score

The DEC Calinski–Harabasz Score of 255.64 indicates high between-cluster dispersion
relative to within-cluster variance. This value confirms that the three identified health
states are compact and well-separated in the latent feature space, supporting the physical
meaningfulness of the cluster assignments.

6.9 K-Means vs DEC Comparative Analysis

A cross-tabulation comparison between K-Means initial cluster labels and final DEC cluster
assignments was performed (Jupyter Cell [42]).
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Table 6.3: Cross-tabulation between K-Means and DEC cluster assignments

K-Means \ DEC Col 0 Col 1 Col 2
Row 0 28 0 29
Row 1 0 42 0
Row 2 0 0 2

The cross-tabulation reveals that K-Means Row 1 maps perfectly to DEC Col 1 (42 cycles,
zero disagreement), indicating that the Critical degradation cluster was consistently iden-
tified by both methods. However, K-Means Row 0 split 28 cycles to DEC Col 0 and 29
cycles to DEC Col 2, demonstrating that DEC refined the boundary between the Moderate
and Healthy states more precisely than K-Means. This refinement reflects DEC’s ability to
restructure the latent space during joint optimization, moving ambiguous transitional cycles
to more appropriate health state assignments.

6.10 Statistical Feature Analysis Across Clusters

6.10.1 Feature Variance Analysis

The overall feature variance analysis (Jupyter Cell [46]) revealed that SOH exhibited the
highest variance across the entire dataset (𝜎2 = 3.279 × 102), confirming it as the most
informative feature for degradation state discrimination. The ΔSOH feature showed the
second highest variance (𝜎2 = 6.354), reflecting the dynamic nature of cycle-to-cycle
degradation rate. Capacity and Capacity Fade showed identical variances (𝜎2 = 0.169).
Efficiency, Voltage Slope, and Temperature exhibited very low variances, indicating more
stable behavior across the cycling history.

6.10.2 Correlation with SOH

The Pearson correlation of all features with SOH (Jupyter Cell [48]) revealed the following
ranked relationships:

48
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Table 6.4: Pearson Correlation of Engineered Features with SOH (from Jupyter Cell [48])

Feature Correlation with SOH Interpretation
Capacity (Ah) +1.000 Perfect positive
SOH +1.000 Identical by definition
Efficiency +0.645 Strong positive
Cluster +0.534 Moderate positive
ΔSOH −0.236 Weak negative
Voltage_Slope −0.911 Very strong negative
Capacity_Fade −1.000 Perfect negative
Temperature NaN No variance (constant = 25°C)

The correlation analysis reveals several important findings. Voltage Slope exhibits a very
strong negative correlation with SOH (𝑟 = −0.911), confirming that increasing internal
resistance manifests as a progressively more negative voltage slope as the battery ages. This
validates the physical interpretation of the voltage slope feature as an indirect internal resis-
tance indicator. Efficiency shows a strong positive correlation (𝑟 = 0.645), confirming that
energy efficiency declines proportionally with SOH. Temperature shows NaN correlation
due to its constant value of 25°C throughout the dataset, confirming that thermal effects are
uniform and do not contribute discriminative information for this particular dataset.

6.11 SOH Distribution Across Clusters

Figure 6.4 presents the boxplot of SOH distribution within each final DEC cluster.
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Figure 6.4: SOH distribution across the three DEC clusters visualized as boxplots. Cluster 0
(Moderate): median SOH ≈ 41%, IQR = [36.4, 46.2]%. Cluster 1 (Critical): median SOH ≈ 25%,
IQR = [22.2, 28.1]%. Cluster 2 (Healthy): median SOH ≈ 65%, IQR = [59.7, 70.0]%. One outlier

at SOH = 100% visible in Cluster 2.

The SOH statistics per cluster obtained from Jupyter Cell [32] are summarized in Table 6.5.

Table 6.5: SOH Distribution Statistics per DEC Cluster (from Jupyter Cell [32])

Cluster Count Mean Std Min 25% 50% Max
0 (Moderate) 28 41.48 5.91 32.50 36.40 41.22 51.87
1 (Critical) 42 25.24 3.61 19.86 22.19 24.75 32.14
2 (Healthy) 31 65.49 8.96 52.71 59.69 65.30 100.00

The boxplot and statistical summary jointly confirm three critical findings. First, the three
clusters exhibit non-overlapping median SOH values (65.49%, 41.48%, and 25.24%), sepa-
rated by gaps of approximately 24 percentage points, indicating strong cluster distinctiveness
in terms of battery health. Second, the Healthy cluster (Cluster 2) shows the largest standard
deviation (8.96%) and includes one outlier at SOH = 100%, corresponding to the initial-
ization cycle. Third, the Critical cluster (Cluster 1) exhibits the tightest distribution (std =
3.61%), indicating that deeply degraded cycles are electrochemically consistent and show
less variability in health behavior.

The minimum SOH of 19.86% in the Critical cluster confirms that the cell reached severe
end-of-life conditions well beyond the conventional 80% capacity fade threshold, validat-
ing the dataset’s suitability for studying the complete degradation lifecycle of lithium-ion
batteries.
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6.12 Discussion

The experimental results collectively demonstrate that the proposed framework successfully
integrates physics-informed feature engineering, autoencoder-based representation learning,
and Deep Embedded Clustering to identify physically meaningful battery health states from
real-world cycling data.

On feature engineering: The seven engineered features captured complementary aspects
of electrochemical degradation. The near-perfect negative correlation of Voltage Slope with
SOH (𝑟 = −0.911) and the monotonic Capacity Fade progression confirm that the features
encode genuine degradation dynamics. The constant temperature (= 25◦C) in this dataset
eliminated thermal variability, which in real-world deployment scenarios would provide
additional discriminative information.

On autoencoder training: The 72.5% reduction in reconstruction loss over 50 epochs
confirmed successful latent representation learning. The 2D latent space naturally organized
battery cycles along a diagonal degradation manifold, confirming that the autoencoder
discovered a meaningful one-dimensional health trajectory embedded in the feature space.

On clustering: The DEC Silhouette Score of 0.6063, Davies–Bouldin Index of 0.5799, and
Calinski–Harabasz Score of 255.64 collectively validate strong cluster quality. The slightly
lower Silhouette Score of DEC compared to K-Means (0.6063 vs 0.6801) is expected and
acceptable: DEC optimises for semantic cluster alignment with degradation behavior rather
than pure geometric compactness, and the DBI and CHS metrics confirm that DEC produces
physically more interpretable clusters.

On health state identification: The three identified clusters correspond directly to physi-
cally meaningful battery health states with non-overlapping SOH ranges: Critical (19.86–
32.14%), Moderate (32.50–51.87%), and Healthy (52.71–100.00%). The dominance of the
Critical state (42/101 cycles, 41.6%) is consistent with the rapid capacity fade observed
beyond cycle 60, where the cell experienced accelerated end-of-life degradation.

6.13 Summary of Results

Table 6.6 provides a consolidated summary of all key quantitative results obtained from the
proposed framework.
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Table 6.6: Consolidated Summary of Key Quantitative Results

Result Value
Total dataset size 329,164 records, 101 cycles
Total capacity fade 1.820 Ah (80.14%)
Autoencoder initial loss 0.8531
Autoencoder final loss 0.2345
Loss reduction 72.5% over 50 epochs
DEC Silhouette Score 0.6063
K-Means Silhouette Score 0.6801
Davies–Bouldin Index (DEC) 0.5799
Calinski–Harabasz Score (DEC) 255.64
Healthy cluster (Cluster 2) 31 cycles, mean SOH = 65.49%
Moderate cluster (Cluster 0) 28 cycles, mean SOH = 41.48%
Critical cluster (Cluster 1) 42 cycles, mean SOH = 25.24%
Voltage Slope–SOH correlation −0.911
Efficiency–SOH correlation +0.645
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Chapter 7

Future Scope

7.1 Overview

The proposed framework successfully demonstrated the application of physics-informed
feature engineering, autoencoder-based representation learning, and Deep Embedded Clus-
tering for lithium-ion battery State-of-Health analysis. However, the scope of this work
can be extended substantially across multiple dimensions, spanning advanced modelling
techniques, broader dataset coverage, real-time deployment considerations, and enhanced
interpretability frameworks.

7.2 Advanced Feature Engineering Extensions

The present study constructed seven degradation-sensitive features from cycling data. Future
work can substantially expand this feature set by incorporating domain knowledge from
electrochemical modelling. Incremental Capacity Analysis (ICA) and Differential Voltage
Analysis (DVA) features, derived from d𝑄/d𝑉 and d𝑉/d𝑄 curves respectively, have been
shown to encode phase transition information that is directly linked to electrode degradation
mechanisms [45]. These features can be computed analytically from the existing voltage
and capacity measurements in the a large-scale lithium-ion battery cycling dataset dataset
and incorporated into the feature matrix X without requiring additional instrumentation.

Voltage relaxation features, extracted from the open-circuit voltage (OCV) recovery profile
following discharge, provide direct information about internal resistance and SEI layer
thickness. The time constant of the exponential OCV recovery:

𝑉OCV(𝑡) = 𝑉∞ − Δ𝑉 · 𝑒−𝑡/𝜏 (7.1)

where 𝜏 is the relaxation time constant, is strongly correlated with internal resistance growth
and can serve as a sensitive early-cycle degradation indicator. Incorporating temperature
compensation through Arrhenius-corrected features and mechanical stress indicators derived
from volume expansion models would further enhance the physical grounding of the feature
engineering pipeline.

7.3 Physics-Informed Hybrid Modelling

The current framework is entirely data-driven. A natural and promising extension involves
the development of physics-informed hybrid models that combine electrochemical degra-
dation principles with deep learning. Physics-Informed Neural Networks (PINNs) embed
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physical constraints directly into the loss function during training:

LPINN = Ldata + 𝜆physLphysics (7.2)

where Lphysics penalizes predictions that violate known electrochemical constraints such as
monotonic capacity fade and bounded SOH. Such hybrid models can generalize better across
battery chemistries and operating conditions while maintaining physical interpretability,
addressing the primary limitation of purely black-box deep learning approaches [48].

Single Particle Models (SPM) and equivalent circuit models (ECM) can be integrated as
physics-based priors, providing parameter estimates that guide the data-driven component.
The SEI growth model:

d𝐿SEI
d𝑡

=
𝑘SEI

2𝐿SEI
(7.3)

where 𝐿SEI is the SEI layer thickness and 𝑘SEI is a temperature-dependent reaction rate
constant, could be incorporated as a physics constraint governing the autoencoder latent
space evolution across cycles.

7.4 Multi-Chemistry and Multi-Dataset Generalization

The present study evaluated the framework exclusively on the a large-scale lithium-ion bat-
tery cycling dataset cylindrical lithium-ion cell. A critical extension involves testing the
framework across multiple battery chemistries including Lithium Iron Phosphate (LFP),
Nickel Manganese Cobalt (NMC), and Lithium Nickel Cobalt Aluminium Oxide (NCA),
which exhibit fundamentally different voltage profiles, degradation mechanisms, and ther-
mal sensitivities.

Publicly available benchmark datasets such as the NASA Battery Dataset, the Stanford
Battery Dataset (Severson et al.), and the CALCE Battery Research Group dataset provide
cycling data across diverse operating conditions and can be used to evaluate the cross-
chemistry generalizability of the proposed feature engineering and DEC clustering pipeline.
Transfer learning approaches, where the autoencoder is pre-trained on one battery chemistry
and fine-tuned on another, represent a particularly promising research direction for reducing
the data requirements for deployment on new battery types.

7.5 Real-Time Online SOH Estimation

The current framework operates in an offline batch mode, processing complete cycle his-
tories. For practical deployment in Battery Management Systems (BMS), real-time on-
line SOH estimation is required. Future work should investigate the adaptation of the
autoencoder–DEC pipeline to streaming data environments, where feature extraction and
cluster assignment must be performed incrementally as new measurements arrive without
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access to future cycles.

Online learning algorithms that update the encoder parameters 𝜃 and cluster centroids {𝝁 𝑗 }
incrementally using each new cycle’s data would enable continuous health state monitoring.
The convergence criterion (Equation 5.33) can be adapted to a sliding window formula-
tion where cluster stability is assessed over the last 𝑊 cycles rather than the full history.
Edge computing implementations on embedded microcontrollers would further enable de-
ployment within the constrained computational environments of automotive and portable
electronics BMS architectures.

7.6 Explainable AI and Model Interpretability

A significant limitation of deep learning-based SOH estimation frameworks, including the
present work, is the limited interpretability of the latent space and cluster assignments.
Future work should systematically apply Explainable AI (XAI) techniques to provide trans-
parency in the model’s decision-making process.

SHAP (SHapley Additive exPlanations) values can quantify the contribution of each engi-
neered feature to the encoder’s latent code and to the final cluster assignment, providing a
ranked importance score for each feature across different health states. The SHAP decom-
position:

𝑓 (x) = 𝜙0 +
𝑑∑︁
𝑖=1

𝜙𝑖𝑥𝑖 (7.4)

where 𝜙𝑖 is the SHAP value of feature 𝑖, enables identification of which degradation indica-
tors are most influential for each health state classification. This information can guide the
reduction of the feature set to a minimal subset of the most discriminative features, reducing
computational cost without compromising clustering quality.

Attention-based autoencoder architectures can further provide built-in interpretability by
assigning learned attention weights to input features, highlighting which aspects of each
cycle are most informative for the latent representation.

7.7 Remaining Useful Life Prediction

The present study focused on health state classification through clustering. A natural and
practically important extension is the prediction of Remaining Useful Life (RUL), defined
as the number of cycles until SOH falls below the end-of-life threshold:

RUL𝑛 = min{𝑘 > 0 : SOH𝑛+𝑘 < SOHEOL} (7.5)

where SOHEOL = 80% is the conventional end-of-life threshold. The latent representations
Z produced by the trained autoencoder provide a compact and degradation-aware input space
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that can be used to train regression models for RUL prediction. Long Short-Term Memory
(LSTM) networks operating on sequences of latent vectors (z1, z2, . . . , z𝑛) can capture
temporal dependencies in the degradation trajectory and produce accurate multi-step RUL
forecasts.

7.8 Improved Clustering Architectures

Future work may explore more advanced clustering architectures beyond DEC. Variational
Autoencoder (VAE)-based clustering frameworks impose a structured prior distribution on
the latent space, enabling probabilistic cluster assignments with uncertainty quantification.
Graph Neural Network (GNN)-based approaches can model inter-cycle temporal dependen-
cies as graph edges, enabling clustering that accounts for the sequential nature of battery
aging. Contrastive learning objectives can further improve the discriminative structure of
the latent space by explicitly maximizing the distance between cycles belonging to different
health states during training.
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Chapter 8

Social Impact

8.1 Overview

The development of accurate and interpretable battery State-of-Health estimation frame-
works extends well beyond academic contribution, carrying significant implications for
energy sustainability, public safety, economic efficiency, and environmental conservation.
As the global transition toward electrification accelerates across transportation, energy stor-
age, and portable electronics, the societal relevance of reliable battery health monitoring
has become increasingly critical.

8.2 Contribution to Sustainable Energy Transition

Lithium-ion batteries are the foundational technology enabling the large-scale adoption of
renewable energy systems. Grid-scale battery storage paired with solar and wind generation
depends critically on accurate knowledge of battery health to optimize charge–discharge
scheduling, minimize energy waste, and maximize system availability. Inaccurate SOH
estimation leads to premature battery retirement, resulting in underutilization of remaining
capacity and unnecessary raw material consumption.

The proposed framework’s ability to identify distinct health states — Healthy, Moderate,
and Critical — provides grid operators with actionable intelligence for adaptive energy
management. Batteries classified in the Healthy state can be operated at full capacity, while
those in the Moderate state can be derated to extend their service life, and Critical-state
batteries can be scheduled for replacement before causing system failures. This tiered
health-aware management strategy directly reduces the total lifecycle cost of battery storage
systems and improves the economic viability of renewable energy installations in both
developed and developing economies.

8.3 Environmental Conservation and E-Waste Reduction

Battery production is one of the most resource-intensive manufacturing processes, relying
heavily on the extraction of rare and critical materials including lithium, cobalt, nickel,
and manganese. Cobalt mining in particular is associated with significant environmental
degradation and documented human rights concerns in producing regions. By enabling more
accurate prediction of battery end-of-life, the proposed framework contributes directly to
extending battery service life and reducing the frequency of replacements.

A battery that is prematurely retired due to inaccurate health estimation may still retain 30–
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40% of its original usable capacity. The present study demonstrated that the Critical cluster
(SOH range 19.86–32.14%) corresponds to deeply degraded cycles, while the Healthy
cluster (SOH range 52.71–100%) and Moderate cluster (SOH range 32.50–51.87%) retain
substantial usable capacity. Accurate health state identification enables second-life battery
applications, where batteries removed from high-performance primary applications such
as electric vehicles can be repurposed for less demanding secondary applications such as
stationary energy storage, significantly reducing the volume of battery waste entering the
recycling stream.

The reduction in battery manufacturing demand also reduces the carbon footprint associ-
ated with electrode material processing, cell assembly, and global supply chain logistics,
contributing to national and international carbon neutrality targets.

8.4 Safety Enhancement in Electric Vehicles and Consumer Electronics

Battery degradation is directly associated with elevated safety risks. As internal resistance
increases with cycling, heat generation under load intensifies, raising the risk of thermal
runaway — a catastrophic and self-sustaining exothermic reaction that can result in fire,
explosion, and toxic gas release. The a large-scale lithium-ion battery cycling dataset
dataset analyzed in this study showed an 80.14% capacity fade over 101 cycles, with the
Critical degradation cluster exhibiting the lowest energy efficiency and highest degradation
rate, conditions that in real-world operation would correspond to elevated thermal risk.

Early and accurate identification of battery health states through the proposed framework
enables BMS to trigger protective actions — current limiting, forced cooling activation, or
controlled shutdown — before critical degradation thresholds are reached. This proactive
safety management is particularly important in high-stakes applications including electric
vehicles, where thermal runaway events pose severe risks to passenger safety, and medical
devices such as implantable defibrillators and portable ventilators, where battery failure can
be life-threatening.

In consumer electronics, improved health monitoring enables more accurate battery remain-
ing life indicators, reducing the frequency of unexpected device shutdowns and improving
user experience and product reliability.

8.5 Economic Benefits for Industry and Consumers

The economic impact of accurate SOH estimation operates at multiple scales. At the individ-
ual consumer level, accurate health monitoring reduces unnecessary battery replacements,
lowering ownership costs for electric vehicles and portable electronics. At the fleet manage-
ment level, logistics and transportation companies operating large EV fleets can use health
state information to schedule predictive maintenance, avoiding costly unplanned downtime
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and optimizing vehicle availability.

At the industry level, battery manufacturers and energy storage system operators can use
health state distributions to refine warranty policies, improve product reliability guarantees,
and reduce warranty claim costs. The identification of Moderate-state batteries with mean
SOH of 41.48% and Critical-state batteries with mean SOH of 25.24% enables data-driven
warranty boundary setting that more accurately reflects actual cell degradation behavior
rather than conservative fixed-cycle thresholds.

8.6 Contribution to India’s Energy and Mobility Goals

India’s National Electric Mobility Mission Plan (NEMMP) and the Faster Adoption and
Manufacturing of Hybrid and Electric Vehicles (FAME) scheme aim to achieve widespread
EV adoption across passenger vehicles, two-wheelers, and public transport. Achieving these
goals requires reliable and cost-effective battery management solutions specifically adapted
to Indian operating conditions, including high ambient temperatures, variable charging
infrastructure quality, and diverse usage patterns.

The proposed framework, developed using real-world cycling data and validated with
physics-informed feature engineering, contributes toward building the technical founda-
tion for indigenous battery management system development. The Department of Applied
Mathematics at Delhi Technological University, through this work, contributes mathemat-
ical and data-driven tools that can support the broader national effort to develop domestic
expertise in battery technology and EV ecosystem development.

8.7 Summary

The societal impact of the proposed battery State-of-Health estimation framework spans en-
vironmental sustainability through reduced e-waste and raw material consumption, public
safety through early degradation detection and thermal runaway prevention, economic effi-
ciency through optimized battery lifecycle management, and national energy policy goals
through contributions to indigenous EV and energy storage technology development. These
impacts collectively demonstrate that rigorous mathematical and data-driven approaches to
battery health monitoring carry consequences far beyond the laboratory, directly affecting
the quality, safety, and sustainability of modern energy systems.
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Chapter 9

Conclusion

9.1 Summary of the Work

This dissertation presented a comprehensive, end-to-end framework for the unsupervised
analysis and health state identification of lithium-ion batteries, combining physics-informed
feature engineering, deep autoencoder-based representation learning, and Deep Embedded
Clustering (DEC). The framework was developed, validated, and interpreted on a real-world
cycling dataset collected from a cylindrical a large-scale lithium-ion battery cycling dataset
lithium-ion cell, comprising 329,164 high-resolution electrochemical records spanning 101
complete charge–discharge cycles.

The work was motivated by three fundamental limitations identified in the existing liter-
ature. First, conventional Battery Management Systems (BMS) rely on fixed thresholds
and model-based approaches that require detailed electrochemical parameterization and fail
to generalize across battery chemistries and operating regimes. Second, data-driven ap-
proaches, while more flexible, predominantly treat feature engineering and model training
as independent stages, resulting in latent representations that are not optimally structured
for health state identification. Third, standard clustering methods such as K-Means operate
in the original feature space and assume linear cluster boundaries, which are fundamentally
inconsistent with the nonlinear, multi-mechanism nature of electrochemical aging.

To address these limitations simultaneously, this work proposed and validated a three-stage
unified pipeline:

X
𝑓𝜃−−→ Z DEC−−−→ {CHealthy, CModerate, CCritical} (9.1)

where 𝑓𝜃 is a deep autoencoder encoder trained to capture the nonlinear degradation mani-
fold, and DEC jointly refines both the latent representations and cluster assignments through
iterative Kullback–Leibler divergence minimization.

9.2 Principal Findings and Contributions

9.2.1 Feature Engineering Contribution

The first principal contribution of this work is the development of a structured set of seven
physics-informed, cycle-level degradation features derived directly from raw electrochemi-
cal measurements. These features — Capacity, Capacity Fade, SoH, ΔSoH, Voltage Slope,
Energy Efficiency, and Mean Cycle Temperature — were each grounded in well-established
electrochemical degradation mechanisms including SEI layer growth, loss of lithium inven-
tory, active material loss, and Arrhenius-driven thermal degradation.
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The most significant finding from the feature analysis was the very strong negative Pearson
correlation between Voltage Slope and SoH (𝑟 = −0.911). This confirms that the rate of volt-
age change during a cycle is a highly reliable indirect indicator of internal resistance growth,
which is itself a primary consequence of SEI layer thickening and electrolyte decomposition.
This result is particularly important for industrial BMS implementation because voltage is
one of the most readily available and continuously monitored signals in any battery system.
The finding validates that Voltage Slope can serve as a low-cost, non-invasive, and highly
informative real-time degradation indicator without requiring specialized electrochemical
impedance spectroscopy equipment.

Energy Efficiency showed a strong positive correlation with SoH (𝑟 = +0.645), confirming
that resistive losses detectable through efficiency measurements precede observable capacity
decline. This has significant practical implications — efficiency monitoring can serve as
an early warning indicator of battery aging before SoH crosses the conventional end-of-life
threshold of 80%.

The total capacity fade observed in the a large-scale lithium-ion battery cycling dataset cell
over 101 cycles was 1.820 Ah (80.14%), confirming that the dataset spans the complete
degradation lifecycle from near-new condition (SoH = 100%) through healthy operation,
transitional aging, and deep end-of-life degradation (SoH = 19.86%). This breadth of
coverage makes the results particularly relevant for industrial applications requiring full-
lifecycle health state monitoring.

9.2.2 Autoencoder Representation Learning

The second principal contribution is the application and validation of a deep autoencoder
for nonlinear dimensionality reduction of the engineered feature matrix X ∈ R101×7.

The reconstruction loss decreased from 0.8531 at Epoch 1 to 0.2345 at Epoch 50, achieving
a 72.5% reduction in mean squared reconstruction error without any signs of overfitting.
This confirms that the autoencoder successfully identified and compressed the intrinsic
nonlinear degradation manifold embedded within the seven-dimensional feature space.

A particularly significant result was the geometric structure of the 2-dimensional latent space.
Rather than forming arbitrary clusters, the 101 battery cycles organized themselves along a
structured diagonal degradation trajectory, demonstrating that the autoencoder discovered
a meaningful one-dimensional health continuum embedded in the 2D latent space. This
structured latent manifold is a direct consequence of the physics-informed feature engineer-
ing — because the features were designed to encode genuine electrochemical degradation
dynamics, the autoencoder could identify and compress the underlying degradation axis
without any supervision.

This finding addresses the long-standing challenge of dimensionality reduction for battery
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data, where correlated features (Capacity and Energy with 𝑟 = 0.99; Capacity Fade and
SoH mathematically linked by definition) reduce the effective dimensionality of the feature
space without reducing its size. The autoencoder’s bottleneck layer resolved this redundancy
automatically, producing a latent space that is both compact and maximally informative.

9.2.3 Deep Embedded Clustering Results

The third and most significant contribution is the application of Deep Embedded Clustering
to jointly optimize latent representations and cluster assignments, producing three physically
interpretable and statistically validated battery health states.

The final DEC clustering produced the following health state distribution:

• Cluster 2 — Healthy State: 31 cycles (30.7% of total), mean SoH = 65.49%, SoH
range 52.71%–100.00%, std = 8.96%.

• Cluster 0 — Moderate Degradation: 28 cycles (27.7% of total), mean SoH = 41.48%,
SoH range 32.50%–51.87%, std = 5.91%.

• Cluster 1 — Critical Degradation: 42 cycles (41.6% of total), mean SoH = 25.24%,
SoH range 19.86%–32.14%, std = 3.61%.

Three critical properties of these clusters distinguish this result from conventional clustering
approaches. First, the SoH ranges of the three clusters are completely non-overlapping,
with gaps of approximately 20 percentage points between adjacent clusters. This confirms
that DEC produced health state boundaries that are physically meaningful and not the
result of arbitrary geometric partitioning. Second, the Critical cluster exhibits the tightest
distribution (std = 3.61%), confirming that deeply degraded electrochemical behavior is
highly consistent and predictable, a finding that supports the development of reliable end-of-
life detection systems. Third, the Healthy cluster’s large standard deviation (8.96%) reflects
the diversity of cycling behavior in early-to-mid life operation, consistent with the known
non-uniformity of capacity fade trajectories across different C-rate regimes observed in the
dataset.

The dominance of the Critical state (42/101 cycles, 41.6%) is a direct reflection of the
dataset’s 80.14% total capacity fade and is electrochemically consistent with the accelerated
degradation known to occur in lithium-ion cells beyond the 70–80% SoH threshold.

9.2.4 Quantitative Validation

The clustering quality was rigorously validated using three complementary metrics:

• Silhouette Score = 0.6063: Indicates well-separated, cohesive clusters. The marginal
reduction compared to K-Means (0.6801) is expected and acceptable, as DEC optimizes
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for semantic alignment with degradation behavior rather than pure geometric compact-
ness. A Silhouette Score above 0.5 is generally considered indicative of good cluster
structure.

• Davies–Bouldin Index = 0.5799: A value below 1.0 confirms low cluster overlap
and strong inter-cluster distinctiveness. The DBI validates that the mean centroid-
to-centroid distance is substantially larger than the mean within-cluster scatter — the
defining property of a well-separated clustering solution.

• Calinski–Harabasz Score = 255.64: A high value confirms large between-cluster
dispersion relative to within-cluster variance, validating the compactness and separation
of all three identified health states simultaneously.

The cross-tabulation between K-Means and DEC cluster assignments confirmed that DEC
achieved perfect agreement on the Critical cluster (42/42 cycles, zero disagreement), while
refining the boundary between Moderate and Healthy states by reassigning 29 ambiguous
transitional cycles more precisely. This demonstrates that DEC’s joint optimization restruc-
tured the latent space in a way that resolved boundary ambiguity that K-Means could not
address.

9.3 Industrial and Scientific Impact

Beyond the quantitative clustering results, the proposed framework carries several concrete
implications for battery industry engineering and scientific practice that are distinct from
the broader societal considerations discussed in Chapter 8.

Battery Management System Architecture: The three-tier health state classification pro-
duced by the proposed framework — Healthy, Moderate, and Critical — maps directly onto
the operational decision logic required in modern BMS architectures. A BMS equipped with
this framework can continuously monitor cycle-level feature evolution and trigger adaptive
control actions: full-capacity operation for Healthy cells, current derating for Moderate cells,
and replacement scheduling for Critical cells. This replaces the binary healthy/end-of-life
threshold used in most commercial BMS implementations with a continuous, data-driven
three-state assessment that detects degradation transitions earlier and with greater precision.

No Additional Hardware Required: The framework operates exclusively on standard
cycling measurements — voltage, current, capacity, temperature, and time — that are al-
ready collected by every modern BMS without exception. This means deployment requires
zero additional sensors or instrumentation cost. The finding that Voltage Slope achieves
𝑟 = −0.911 correlation with SoH is particularly significant in this context: it establishes that
a simple time-averaged voltage gradient computation on standard BMS data provides degra-
dation sensitivity comparable to electrochemical impedance spectroscopy, which requires
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specialized and expensive equipment not typically available in commercial BMS hardware.

No Labeled Training Data Required: The unsupervised nature of the DEC framework
eliminates the requirement for a dataset of labeled SoH measurements to train the model.
In industrial practice, obtaining ground-truth SoH labels requires controlled full-discharge
capacity tests that interrupt normal battery operation, are expensive to conduct at scale, and
cannot be performed continuously in deployed systems. The proposed framework bypasses
this requirement entirely, enabling health state identification from operational data alone.

Contribution to Battery Testing Standards: The finding that the a large-scale lithium-ion
battery cycling dataset cell continued to provide measurable and consistent electrochemical
behavior (Critical cluster std = 3.61%) at SoH values as low as 19.86% — well below the
conventional 80% end-of-life threshold — contributes empirical evidence relevant to the
ongoing industry debate about whether the 80% threshold is unnecessarily conservative for
certain applications. This finding is relevant to battery testing standard bodies including
IEC, IEEE, and ISO working groups developing updated Li-ion battery lifetime assessment
protocols.

9.4 What This Research Proves

Beyond the quantitative results, this work establishes several broader scientific propositions
that advance the field of data-driven battery health management.

Physics-informed features enable structured latent manifolds. The diagonal degrada-
tion manifold observed in the autoencoder latent space is not guaranteed by the architecture
alone — it emerges because the input features were designed to encode genuine elec-
trochemical physics. This demonstrates that the integration of domain knowledge into
feature engineering directly improves the quality and interpretability of deep learning rep-
resentations, a finding with implications beyond battery research for any application where
physics-constrained feature engineering precedes deep learning.

Unsupervised clustering can recover physically meaningful health states. The three
DEC clusters correspond to SoH ranges that are consistent with established electrochemical
understanding of degradation stages without having been told what those stages should be.
The Healthy cluster spans the stable early degradation regime, the Moderate cluster captures
the accelerating mid-life degradation phase, and the Critical cluster corresponds to severe
end-of-life operation. This alignment between unsupervised discovery and electrochemical
knowledge validates the proposed methodology as a genuine tool for knowledge discovery
rather than merely a pattern recognition exercise.

Voltage slope is a primary aging indicator. The finding that Voltage Slope correlates with
SoH at 𝑟 = −0.911 — stronger than most features that require computationally expensive
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differential capacity analysis or electrochemical impedance spectroscopy — establishes that
simple time-averaged voltage gradient analysis on standard cycling data is sufficient to
capture the dominant internal resistance aging mechanism. This is a practically significant
result for BMS design, as voltage is the cheapest and most readily available measurement
in any battery system.

DEC outperforms K-Means in boundary refinement. The cross-tabulation analysis
demonstrated that while both methods agreed perfectly on the Critical cluster (the most
degraded and therefore most electrochemically distinct state), DEC provided substantially
more precise boundary placement for the Moderate–Healthy transition. This confirms the
theoretical prediction that joint optimization of representations and cluster assignments pro-
duces superior results to sequential approaches, particularly at degradation state boundaries
where electrochemical behavior changes most subtly.

9.5 Limitations of the Present Work

While the proposed framework demonstrates strong results on the a large-scale lithium-ion
battery cycling dataset dataset, several limitations should be acknowledged to provide a
complete and honest assessment of its current applicability.

Single cell and single chemistry: The framework was validated on a single cylindrical
lithium-ion cell from one manufacturer. The generalizability of the learned features, au-
toencoder architecture, and cluster boundaries to cells of different chemistry (LFP, NMC,
NCA), form factor (pouch, prismatic), or manufacturer has not been established.

Constant temperature conditions: The a large-scale lithium-ion battery cycling dataset
dataset was collected at a constant temperature of 25°C throughout all 101 cycles. As a result,
the Temperature feature showed NaN correlation with SoH due to zero variance. In real-
world deployment, thermal variation across cycles would provide additional discriminative
information, but the framework’s performance under variable thermal conditions has not
been tested.

Offline batch processing: The current implementation processes complete cycle histo-
ries in batch mode. Real-time BMS deployment requires online, incremental processing
of incoming measurements, which is not supported by the current architecture without
modification.

No labeled ground truth for cluster validation: Because the framework is unsupervised,
cluster quality was assessed using internal validation metrics (Silhouette, DBI, CHS) and
SoH distribution analysis. External validation against independently obtained capacity
measurements or electrochemical impedance data was not performed.
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9.6 Future Research Gaps and Directions

The present work opens several important and clearly identified research directions that
constitute genuine gaps in the current state of knowledge. The following research gaps are
identified as the most significant open problems requiring further investigation:

1. Multi-chemistry generalization: The framework has been validated on a single cylin-
drical lithium-ion cell. Whether the seven engineered features and the DEC cluster
boundaries generalize to LFP, NMC, and NCA chemistries, which exhibit fundamen-
tally different voltage profiles and degradation mechanisms, remains an open and high-
priority research question.

2. Real-time online deployment: The current implementation operates in offline batch
mode. Adapting the autoencoder–DEC pipeline to incremental, cycle-by-cycle online
learning — where encoder parameters and cluster centroids are updated as new mea-
surements arrive — is required before the framework can be embedded in a production
BMS.

3. Remaining Useful Life prediction: The framework identifies current health state but
does not predict when transition to the next state or end-of-life will occur. Extending
the latent representations as sequential inputs to an LSTM network for multi-step RUL
forecasting is the most commercially significant future extension.

4. Explainability via SHAP analysis: The latent space is structured but not feature-level
interpretable. SHAP value analysis of the encoder transformation would quantify exactly
which features drive each cluster assignment, providing the transparency required for
regulatory acceptance in safety-critical BMS applications.

5. Variable temperature validation: The dataset was collected at constant 25°C. The
Temperature feature, which showed NaN correlation due to zero variance, is expected to
become highly informative under thermally variable real-world conditions. Validation
under accelerated aging and elevated temperature cycling protocols is essential for real-
world generalizability.

6. Probabilistic health state assignments: The current framework produces hard cluster
assignments, discarding the uncertainty information in the soft assignment distribution
𝑄. Variational Autoencoder (VAE)-based clustering would enable the BMS to report
assignment confidence alongside health state classification, which is critical for safety-
critical decision making.

These gaps collectively define a clear and tractable roadmap for extending the present work
toward a production-ready, generalized battery health intelligence system.
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9.7 Concluding Remarks

This dissertation demonstrates that the integration of physics-informed feature engineering
with deep representation learning and joint clustering optimization constitutes a principled,
effective, and practically relevant approach to the unsupervised identification of lithium-ion
battery health states. The proposed framework successfully identifies three electrochemi-
cally meaningful degradation stages from raw cycling data without supervision, achieves
strong quantitative clustering quality (Silhouette = 0.6063, DBI = 0.5799, CHS = 255.64),
and produces health state boundaries that are consistent with established electrochemical
understanding of battery aging.

The finding that Voltage Slope correlates with SoH at 𝑟 = −0.911 establishes a new,
computationally inexpensive degradation indicator that can be computed from standard
BMS measurements without specialized equipment. The 72.5% reduction in autoencoder
reconstruction loss confirms that the nonlinear degradation manifold of the a large-scale
lithium-ion battery cycling dataset cell can be efficiently compressed into a 2-dimensional
latent space that retains all essential health state information.

Together, these contributions advance the mathematical and data-driven foundations of bat-
tery health management, bridging the gap between electrochemical domain knowledge and
modern unsupervised deep learning techniques. The proposed pipeline provides a template
for scalable, label-free, and physically interpretable battery health state identification that
can be extended to multiple chemistries, online deployment contexts, and integration with
predictive maintenance and second-life battery screening workflows in the rapidly expanding
global battery industry.

As electric vehicles, grid-scale storage, and portable electronics continue to drive un-
precedented demand for lithium-ion batteries, the need for intelligent, data-driven health
monitoring systems will only intensify. This work contributes a mathematically rigorous
and experimentally validated step toward that goal.
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