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Abstract

Polishing plays a vital role in fabricating high-precision optical components, where
accurate control of the Material Removal Rate (MRR) is critical. Traditional MRR
estimation methods rely on surface profilometry before and after, which is time
consuming and unsuitable for real-time process control. This work presents a ma-
chine learning-based framework for near real-time MRR prediction using in-process
sensor signals collected during bonnet polishing. The proposed approach begins
with automated segmentation of polishing and non-polishing data regions using
K-means clustering, replacing the need for manual data trimming. A hybrid fea-
ture extraction pipeline follows: time-averaged statistical features are processed
through an Artificial Neural Network (ANN) branch, while a Multi-Branch At-
tention Residual CNN (MARCNN) handles time-domain, frequency-domain, and
wavelet-transformed features derived from force sensor data. The dense features

from these two branches are then fused together for accurate regression.

The deep feature fusion network achieved high accuracy, with a Mean Absolute
Error (MAE) of 0.0563 pm and an R? score of 0.9881, demonstrating its ability to
generalize across varying polishing conditions. Explainability analysis using SHAP
and Grad-CAM showed that vertical (normal) and lateral (frictional) force compo-
nents were the most influential in predicting MRR. Ablation studies revealed that
adding slurry pH and temperature features resulted in marginal performance gains,
suggesting the dominance of force-based features. Overall, this work presents a ro-
bust and interpretable framework capable of supporting adaptive control strategies

in ultra-precision polishing processes.
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Chapter 1

Introduction, Problem Framing,

and Research Objectives

In the realm of modern manufacturing, the demand for high-precision compo-
nents with exceptional surface quality is continually increasing. Whether in optics,
aerospace, semiconductor devices, or biomedical implants, surface finish plays a
critical role in determining the functionality, efficiency, and reliability of a prod-
uct [1]. To meet such demanding requirements, various surface finishing techniques
have been developed, among which polishing is one of the most widely used pro-

cesses for achieving micro- and nano-level surface smoothness.

Polishing, by definition, is a material removal process that enhances the surface
quality of a workpiece by eliminating surface irregularities through mechanical,
chemical, or a combination of actions. It is typically performed after grinding or
machining operations to improve dimensional accuracy and reduce surface rough-
ness [2]. The process is essential not only for aesthetic purposes but also for

ensuring the proper mechanical and optical performance of precision components.

With the advancement of manufacturing technologies, there has been a growing
emphasis on automating traditional processes to increase consistency, reduce de-

pendence on manual labour, and enhance overall efficiency. However, polishing
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particularly for complex geometries remains a challenging process to automate

due to its reliance on operator skill and its sensitivity to process parameters.

Among the various polishing methods, bonnet polishing has emerged as a promis-
ing candidate for automation due to its adaptable, controlled material removal
capabilities and its suitability for free-form surfaces. In this context, the integra-
tion of machine learning (ML) techniques into the polishing process offers new
opportunities for intelligent automation. ML can be used to model the complex
relationships between polishing parameters and outcomes, such as the Material Re-
moval Rate (MRR), enabling data-driven control and optimization of the process.
Accurate prediction of MRR is essential for planning, monitoring, and automat-
ing the polishing operation, especially when dealing with variable materials and

component geometries.

This thesis explores the automation of the bonnet polishing process by employing
machine learning models to predict the MRR. By combining domain knowledge
in manufacturing with the predictive power of ML algorithms, the objective is to
build a system that not only improves the reliability of MRR estimation but also

enables closed-loop control for fully or semi-automated polishing systems.

1.1 What is Polishing?

Polishing is a surface finishing process used to improve the smoothness, reflectivity,
and dimensional accuracy of a material by removing a thin layer from its surface [3].
It is typically employed in the final stages of manufacturing to eliminate surface
imperfections such as scratches, pits, tool marks, or residual stress introduced by

previous machining operations.

The ultimate goal of polishing is to achieve a mirror-like finish or a surface rough-
ness that meets stringent functional and aesthetic requirements. Unlike abrasive
machining processes such as grinding, which are primarily focused on material re-
moval for shaping, polishing operates at a much finer scale, often in the micrometer

or nanometre range [4].
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The process generally involves the use of abrasive particles, suspended in a pol-
ishing slurry or embedded in a flexible polishing pad, which are brought into

controlled contact with the surface under specific pressure and relative motion [5].

Polishing is used in a wide variety of industries:

e In optics, it ensures precise surface curvature and clarity for lenses and mir-

rors [2].

e In semiconductor manufacturing, it is critical for wafer planarization and

defect elimination [6].

e In biomedical and aerospace applications, it ensures biocompatibility and

aerodynamic performance, respectively [7, 8].

e In automotive and decorative industries, it improves surface lustre and visual

appeal [9].

The effectiveness of a polishing process depends on various parameters. The type
and size of the abrasive material determine the rate and smoothness of material
removal. The geometry of the tool affects the contact area and the uniformity of

the material removal.

Similarly, the contact pressure determines the depth and rate of material removal.
Relative speed controls the interaction dynamics between the tool and surface.
Polishing time and path determines the uniformity and depth of polish [10]. De-
spite its widespread use, polishing remains a complex and often empirically-driven

process, with many variables interacting in non-linear ways.

Achieving consistent results, especially on complex or free-form surfaces, requires
significant expertise, and this challenge has led to increased interest in automating
and optimizing the process through intelligent control systems, including machine

learning.
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1.2 Types of Polishing Techniques

Over the years, a variety of polishing techniques have been developed to meet the
specific needs of different materials, surface geometries, and application domains.
These techniques differ in their mechanisms of material removal, tool design, and
degree of control. Understanding these methods is essential to appreciate the

unique advantages of bonnet polishing and its potential for automation.

1.2.1 Manual Polishing

Manual polishing is one of the oldest and most basic surface finishing techniques,
traditionally performed by skilled operators using abrasive papers, cloths, or pastes
as illustrated in Fig. 1.1. The material is removed from the surface through direct
physical contact, where the abrasive particles embedded in the medium gradu-
ally wear down the irregularities of the surface. Although simple in setup and
cost-effective for small-scale tasks, the technique relies heavily on the experience
and consistency of the operator. The pressure applied, duration of polishing, and
motion patterns are all manually controlled, leading to high variability in out-
comes. As a result, manual polishing lacks repeatability and precision, making it

unsuitable for high-accuracy or high-volume manufacturing environments [11].

»

4

'Abrasive Belt

-

: Mounting Wheel

FicUre 1.1: A worker polishing a workpiece on an abrasive belt polishing
machine.
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Despite these limitations, manual polishing is still employed in applications such
as prototyping, reworking, or artistic finishing, where tactile feedback and visual
inspection play a role. However, it poses challenges when uniform surface quality,
high geometrical precision, and controlled material removal rates (MRR) are re-
quired. The absence of quantitative feedback mechanisms and process automation
also makes it difficult to monitor or adjust polishing parameters in real time [12].
Consequently, manual polishing has been largely replaced in precision industries
by more deterministic and automated polishing methods that offer better control,

consistency, and integration with modern process monitoring tools.

1.2.2 Chemical Mechanical Polishing (CMP)

CMP is a widely adopted planarization technique, especially in the semiconductor
and optics industries, where nano-metric surface smoothness and global flatness
are critical. CMP synergistically combines chemical and mechanical forces to
achieve material removal through the simultaneous action of a reactive slurry and
mechanical abrasion. The process involves a rotating polishing pad wetted with
a chemically active slurry that reacts with the workpiece surface. Meanwhile,
mechanical force applied via a polishing head ensures the continual removal of the
reacted surface layer. The interplay of chemical etching and mechanical abrasion
enables CMP to achieve both high precision and excellent surface quality, making
it a cornerstone technique in integrated circuit (IC) fabrication and high-end optics

finishing [13].

Polishing pad Force  polishing head __

9
@
{

FIGURE 1.2: Schematic illustration of the CMP process. Source: [14]
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The general schematic of a CMP setup is shown in Fig. 1.2, showing the interaction
between the rotating wafer, the slurry, and the polishing pad. This configuration
ensures a uniform pressure distribution and controlled material removal across
the surface. Key parameters such as downforce pressure, pad rotation speed, and
slurry composition must be fine-tuned to maintain process stability and surface

integrity.

Although CMP is capable of atomic-level precision, it requires sophisticated end-
point detection and process control strategies because of its sensitivity to pad
wear, slurry dynamics, and chemical reactions. However, CMP remains an indis-
pensable polishing method for applications requiring extremely tight planarization

tolerances.

1.2.3 Magnetorheological Polishing (MRP)

MRP is an advanced ultra-precision surface finishing technique that utilizes the
unique rheological properties of magnetorheological fluids to achieve controlled
material removal. These fluids, typically composed of iron particles suspended in
a carrier liquid along with abrasive particles, change viscosity when subjected to

a magnetic field.

In the MRP process, a rotating polishing tool or belt introduces the magnetorheo-
logical fluid into a polishing zone while a magnetic field is applied. This causes the
fluid to stiffen locally, forming a “polishing ribbon” that conforms to the surface
of the workpiece. The suspended abrasives in the stiffened ribbon remove material

gently but effectively through micro-cutting and shear mechanisms.

A schematic overview of the MRP process is shown in Figure 1.3, illustrating the
interaction between the magnetic field, fluid, and the rotating workpiece. The con-
trolled nature of the polishing ribbon ensures that only minimal, precise amounts
of material are removed, which is ideal for complex optical surfaces and compo-

nents requiring high shape accuracy and low surface roughness.
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The non-contact and programmable nature of the process also makes it suitable for
delicate materials and free-form geometries. MRP is particularly advantageous for
finishing brittle and hard materials like glass, ceramics, and certain metals, offering

nanometre-level control over surface quality and form accuracy [15].

Suction

Wheel

Electromagnet

Pump

Magnetorheological
Fluid Conditioner

FIGURE 1.3: Schematic diagram of the MRP process. Source [16]

1.2.4 Ultrasonic Polishing

Ultrasonic Polishing is a precision surface finishing technique that combines me-
chanical abrasion with high-frequency ultrasonic vibrations to achieve fine material
removal [17]. In this method, a tool, often shaped to match the geometry of the
workpiece, is vibrated at ultrasonic frequencies, typically around 20—40 kHz, while
abrasive slurry is delivered between the tool and the workpiece. The ultrasonic en-
ergy induces micro-cavitation and enhances the momentum of abrasive particles,
enabling efficient and uniform polishing, particularly in intricate geometries and
tight spaces. Compared to conventional mechanical methods, ultrasonic polishing
significantly reduces thermal and mechanical stress, making it highly effective for

brittle and delicate components. A schematic of the process is shown in Figure 1.4.



Introduction, Problem Framing, and Research Objectives 8

|
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I

Removal of partially
@ melted powders
# e
(D) oo

Workpiece

FIGURE 1.4: Schematic diagram of Ultrasonic Polishing. Source [18]

The localized energy delivered by ultrasonic vibrations disrupts the surface bound-
ary layer, allowing the abrasive particles to access micro-scale asperities and re-
move them effectively. This non-directional process is particularly useful for polish-
ing complex components like micro-molds, optical cavities, and high-aspect-ratio
features. Materials such as hardened steels, ceramics, and carbides, known for
their machinability challenges, can be polished to nanometric finishes without in-
ducing subsurface cracks or distortion, demonstrating the versatility and precision

of ultrasonic polishing.

1.2.5 Bonnet Polishing

Bonnet polishing is a precision surface finishing process that employs a flexible,
rotating polishing tool, resembling a soft bonnet or spherical cap, along with an
abrasive slurry to achieve controlled material removal [19]. The process was orig-
inally developed for the fabrication of large optical components, but it has since
been adapted for a variety of high-precision applications, including free-form sur-
faces and complex geometries that are difficult to polish using traditional rigid

tools [20].

At the heart of bonnet polishing is the compliant tool, typically a rubber or

polyurethane bonnet mounted on a rotating spindle, which conforms to the surface
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of the workpiece. This compliance enables the tool to maintain consistent contact
pressure across curved or uneven surfaces. The bonnet is coated with a polishing
pad and infused with an abrasive slurry, allowing the system to perform localized
and gentle material removal. By carefully controlling process parameters such as
pressure, tool tilt, dwell time, and rotational speed, bonnet polishing can achieve
sub-micrometer surface finishes and nanometre-level roughness. A schematic of

bonnet tool is given in the Fig. 1.5.
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FIGURE 1.5: Schematic diagram of a typical bonnet tool, taken from [21]

Bonnet polishing offers several key advantages that make it well-suited for ultra-
precision surface finishing. One of the primary benefits is the flexibility of the
inflatable bonnet, which allows it to conform to the surface of the workpiece. This
enables uniform material removal even on complex geometries, resulting in high
surface finish accuracy. Additionally, the low-pressure and low-temperature nature
of the process minimizes the risk of inducing micro-cracks or residual stresses,
preserving the integrity of delicate materials. Bonnet polishing is also highly
versatile, being compatible with a wide range of substrates such as glass, ceramics,
metals, and optical polymers. Its adaptability extends across different component
sizes—from miniature optical parts to large-scale optical systems. Furthermore,

the polishing process is highly controllable via parameters such as pressure, dwell
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time, and tool-path, making it ideal for integration into robotic or CNC-based

polishing systems.

Despite these advantages, one of the most critical and challenging aspects of bonnet
polishing is predicting the Material Removal Rate (MRR). Unlike rigid tools where
removal rates can be more directly modelled, bonnet polishing involves complex
interactions between tool deformation, slurry flow, surface geometry, and process
parameters. Traditional models such as Preston’s equation provide a starting
point but often fall short when precise control is required, especially under varying
conditions. This is where machine learning (ML) offers significant potential. By
leveraging experimental data and process feedback, ML algorithms can model
the non-linear behaviour of MRR in bonnet polishing with greater accuracy than
empirical equations alone. Integrating such models into the polishing system can
pave the way for closed-loop control, self-optimization, and intelligent automation,

bringing bonnet polishing into the realm of Industry 4.0 and beyond.

1.3 Material Removal Rate (MRR)

Material Removal Rate (MRR) is a fundamental performance metric in any sub-
tractive manufacturing or finishing process, representing the volume or depth of
material removed per unit time. In polishing operations, especially those targeting
high precision, MRR is not only a measure of efficiency but also a critical factor in
surface accuracy, uniformity, and process control. In most polishing processes, the
goal is not merely to remove material quickly but to do so predictably, uniformly,
and controllably. Too high of an MRR can result in over-polishing, surface defects,
or deviation from desired profiles. Too low of an MRR leads to increased process
time and reduced throughput. Therefore, understanding and accurately predicting

MRR is essential for process planning, quality assurance, and automation [22].

Traditionally, MRR in polishing has been described using Preston’s Equation,
which assumes a linear relationship between material removal and the product of

contact pressure and relative velocity [23]:
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MRR=%k-p-v (1.1)

Where:

e k is the Preston coefficient (dependent on material and slurry conditions),
e p is the contact pressure,

e v is the relative velocity between tool and workpiece.

While Preston’s equation provides a useful approximation for predicting material
removal, it falls short in capturing the complex non-linearities and multifactor in-
teractions present in real-world bonnet polishing processes. Factors such as tool
deformation due to bonnet compliance, local surface curvature, slurry distribution
and viscosity, temperature variations, and variations in tool tilt angle and dwell
time all contribute to the material removal rate in interdependent and dynamic
ways. These interactions are difficult to model using purely analytical approaches.
Consequently, empirical models based on Preston’s framework often require exten-
sive calibration and still struggle to maintain accuracy when process conditions

vary.

This inherent complexity makes MRR an ideal candidate for data-driven mod-
elling using machine learning techniques. ML can learn patterns and relationships
from historical data, enabling it to predict MRR under diverse process conditions
with higher accuracy. By training algorithms such as regression trees, support
vector machines, or neural networks on experimental data, it becomes possible
to develop predictive models that support real-time decision-making and process

optimization.

In this thesis, MRR prediction serves as the core application of machine learn-
ing. Accurate MRR models are a stepping stone toward automating the bonnet
polishing process, enabling dynamic adjustments based on surface feedback, and
reducing reliance on trial-and-error calibration. Ultimately, this improves produc-

tivity, consistency, and surface quality across varying polishing tasks.
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1.4 Background

As manufacturing demands continue to evolve toward greater complexity and
tighter tolerances, there has been a marked shift toward automation and data-
driven control across various industrial processes [24, 25]. Polishing, a critical
step in surface finishing for precision components, has traditionally depended on
operator expertise and manual adjustments. However, with increasing empha-
sis on consistency, traceability, and real-time responsiveness, industries are now
embracing intelligent process control strategies to augment both accuracy and
productivity. This transition is particularly evident in high-precision sectors like
optics and aerospace, where even microscopic surface deviations can compromise

functionality [26].

Bonnet polishing has emerged as a favoured technique for achieving ultra-smooth
finishes on intricate and free-form surfaces due to its compliance, flexibility, and
ability to uniformly conform to complex topographies [19]. Despite these strengths,
the process remains difficult to model and control precisely, primarily due to the
non-linear interactions among parameters such as tool pressure, dwell time, bon-
net deformation, and slurry characteristics. Accurate prediction of the Material
Removal Rate (MRR) is vital, yet conventional physics-based models like Pre-
ston’s equation often fall short under such dynamic conditions. These models
assume linear dependencies and steady-state interactions, failing to capture the

rich variability present in real-world polishing environments.

To overcome these limitations, machine learning (ML) has been increasingly ex-
plored for its capacity to model non-linear systems directly from data without
requiring analytical simplifications. While ML has found successful applications
in other subtractive manufacturing processes, such as turning [27], grinding [28],
and planar polishing [29], its potential in bonnet polishing remains underutilized.
This thesis addresses this research gap by developing a data-driven framework for
MRR prediction using force and slurry sensor data collected during the polishing

process.
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By integrating domain-specific feature engineering with advanced ML models, in-
cluding a hybrid architecture that combines a Multi-Branch Attention Residual
CNN (MARCNN) and an Artificial Neural Network (ANN)—the study demon-
strates a pathway toward intelligent, adaptive control of polishing operations. This
aligns with the broader objectives of Industry 4.0, contributing to the vision of

smart, self-optimizing manufacturing systems.

1.5 Problem Description

While polishing is a widely researched surface finishing process, the specific tech-
nique of bonnet polishing remains relatively under explored, particularly from the
perspective of intelligent automation and advanced machine learning integration.
Figure 1.6 illustrates the conventional workflow adopted in previous studies for
predicting MRR during bonnet polishing. As evident, the process involved man-
ual data trimming, basic feature extraction, and a simple predictive model, which
not only limit scalability but also delay the feedback loop. These limitations form

the core motivation for this research.
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FIGURE 1.6: Conventional bonnet polishing pipeline and associated limitations
that this study aims to resolve.
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Existing literature predominantly focuses on conventional polishing processes or
adopts traditional modelling techniques such as Artificial Neural Networks (ANN),
Random Forest (RF), and Extreme Gradient Boosting (XGBoost) for predictive
tasks like Material Removal Rate (MRR) estimation. However, these approaches
often fall short in capturing the complex, non-linear, and high-dimensional nature

of real-world bonnet polishing dynamics.

Furthermore, many of the existing studies do not utilize state-of-the-art deep learn-
ing architectures that are better suited for learning from multi-modal time series
data. Architectures such as Convolutional Neural Networks (CNNs), particularly
those enhanced with attention mechanisms, residual connections, and multi-branch
pathways, have shown significant potential in other domains but remain largely

untapped in the context of bonnet polishing.

Another major limitation observed in current research is the lack of full automation
in the data preprocessing pipeline. For instance, force data acquired from six-axis
load cell sensors installed beneath the worktable are often manually processed to
remove irrelevant segments, such as pre-cut and post-cut regions, and manually
aligned for analysis. This introduces human bias, increases labour, and hinders

scalability and reproducibility.

Moreover, the structure of the data itself is often underutilized. The force data
comprising one sensor along the X-axis, two along the Y-axis, and three along
the Z-axis, are rich in both temporal and spectral information. However, pre-
vious studies typically neglect multi-domain feature extraction methods such as
frequency domain transforms or discrete wavelet transform (DWT), thereby fail-
ing to leverage richer signal representations. An equally important omission is the
exclusion of critical process parameters such as slurry conditions, particularly pH
and temperature, which significantly influence the material removal characteristics

but are not integrated into most predictive models to date.

Given these limitations, there is a clear need for a comprehensive, automated, and

intelligent framework that:
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e Utilizes advanced deep learning architectures, such as a multi-branched CNN

with attention and residual connections (MARCNN).

e Integrates domain fusion by combining time-domain, frequency-domain, and

DWT-based signal representations.

e Incorporates slurry parameters (pH and temperature) into the predictive

model.

e Automates preprocessing steps like force data alignment and irrelevant region

removal.

e Explores deep feature fusion strategies combining MARCNN with existing
methods such as ANN.

This research aims to address these gaps by developing a robust machine learning
pipeline for accurately predicting MRR in bonnet polishing, thereby advancing

the field toward smarter and more autonomous precision manufacturing.

1.6 Motivation

In high-precision manufacturing, surface quality is a critical factor that directly
influences the performance, durability, and optical clarity of components, particu-
larly in industries such as aerospace, optics, and semiconductors. Bonnet polishing,
known for its ability to deliver ultra-smooth surfaces with minimal subsurface dam-
age, plays a vital role in such applications. However, despite its importance, the
process remains largely semi-automated and heavily reliant on manual interven-
tion for tasks such as data alignment and preprocessing. This limits its scalability
and consistency, especially in industrial settings where precision and throughput

are paramount.

Moreover, the prediction of Material Removal Rate (MRR) requires robust mod-

elling of complex, non-linear relationships involving multiple process variables.
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Traditional machine learning approaches such as ANN, Random Forest, and XG-
Boost often lack the architectural depth and feature abstraction capabilities nec-
essary to capture the intricate dynamics of bonnet polishing. These models also
tend to overlook valuable signal characteristics and process parameters, such as
multi-domain features (time, frequency, wavelet) and slurry properties (pH, tem-

perature), which significantly influence the polishing outcome.

With the rapid advancement of deep learning and signal processing techniques,
there exists a strong opportunity to reimagine the bonnet polishing workflow
through automation and intelligent prediction. Architectures such as multi-branched
convolutional neural networks (CNNs) augmented with attention mechanisms and
residual connections offer a powerful means to extract hierarchical features from
multi-dimensional sensor data. Coupled with deep feature fusion method and the
integration of richer, multi-domain features, these methods promise substantial
improvements in both predictive accuracy and operational efficiency. The moti-
vation for this research arises from the need to bridge this technological gap by
designing a fully automated, data-driven framework capable of predicting MRR
with high fidelity. By addressing the limitations of current approaches and inte-
grating modern machine learning techniques, this study aims to contribute toward
the evolution of intelligent polishing systems that are not only more accurate, but

also more autonomous, scalable, and industrially viable.

1.7 Scope of the Study

This research is focused on augmenting the bonnet polishing process through a
data-driven framework that enables near real-time prediction of MRR using force
sensor and slurry parameter data. In existing literature, the process involved
manual data trimming, basic feature extraction, and a simple predictive model,

which not only limit scalability but also delay the feedback loop.

These limitations form the core motivation for this research. In contrast, the

present study aims to automate and augment the polishing pipeline by integrating
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advanced clustering, multi-domain features, deep feature fusion, and explainable
AT techniques. These limitations, along with the corresponding solutions and
adopted methodologies, are systematically illustrated in the conceptual block di-

agram presented in Fig. 1.7.
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FiGURE 1.7: Block diagram highlighting identified limitations, achieved im-
provements, and adopted techniques.

The scope of this study encompasses the following key components:

1.7.1 Automating Signal Segmentation

Polishing force signals acquired from experiments often contain non-productive
segments due to manual triggering, including pre- and post-polishing intervals.
To eliminate the need for manual trimming, which is an error-prone and time-
intensive task, this study introduces an automated segmentation mechanism using

K-means clustering.
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This unsupervised technique effectively isolates the valid polishing region from raw

force data, forming a critical first step in enabling scalable data preprocessing.

1.7.2 Enhancing Feature Representation

Capturing the complex physical behaviour of the polishing process forces requires
richer signal descriptions than conventional single-domain features. This chal-
lenge is addressed through multi-domain feature engineering of the force signals
that extracts informative characteristics from the time domain (e.g., RMS, skew-
ness), frequency domain (e.g., spectral energy, entropy), and wavelet domain (e.g.,

approximation coefficients from DWT).

This integrated feature design strengthens the model’s ability to generalize across

variable polishing conditions.

1.7.3 Refining Inputs via Feature Selection

To minimize redundancy and improve the focus of the model on meaningful pat-
terns, a comprehensive exploratory data analysis (EDA) is performed using Pear-

son and distance correlation techniques.

This facilitates the elimination of low-impact features, effectively reducing model

complexity without compromising predictive accuracy.

1.7.4 Improving Model Accuracy through Deep Learning

The inherently non-linear and multi-factor nature of bonnet polishing limits the
applicability of shallow models. To capture these deeper insights, a Multi-Branched
Attention Residual Convolutional Neural Network (MARCNN) is employed. Its
architecture allows the model to learn hierarchical patterns and interactions across
the extracted domains, boosting predictive capability beyond traditional ANN

baselines.
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1.7.5 Ensuring Robustness via Deep Feature Fusion Tech-

nique

Predictive reliability is further enhanced by combining the MARCNN with an
Artificial Neural Network (ANN) through an deep feature fusion approach. This
strategy leverages complementary strengths of both models, where the ANN han-
dles statistical mean features and the MARCNN processes domain featues, to

deliver robust MRR predictions under changing operational scenarios.

1.7.6 Improving Model Insight

" nature. To ad-

A common drawback of deep learning systems is their “black-box’
dress this, explainable Al techniques are embedded within the framework. SHAP
(SHapley Additive exPlanations) is applied to the ANN branch to quantify fea-
ture contributions, while Grad-CAM (Gradient-weighted Class Activation Map-
ping) visualizes influential regions in the CNN filters of the MARCNN branch.
These tools offer insights into model behaviour, making results more transpar-
ent and actionable for process engineers. The study is conducted entirely using
pre-existing sensor data and infrastructure. No hardware alterations, new sensor
additions, or physical redesigns of the polishing setup are undertaken. The focus is

exclusively on automating and advancing the computational aspects of polishing

process monitoring and control.

1.8 Objectives

The primary objective of this thesis is to automate the data pipeline and enhance
the prediction accuracy of the bonnet polishing process through advanced machine
learning techniques. The step-wise methodological pipeline adopted in this study,
aligned with the key objectives and corresponding contributions, is illustrated in

Fig. 1.8. It presents the progression from automated preprocessing to explainable
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prediction, highlighting each stage’s specific contribution toward improving the

bonnet polishing process.
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FIGURE 1.8: Block diagram illustrating the step-wise methodological contribu-
tions adopted in this study.

The specific objectives of the study are as follows:

1. To implement an automated data preprocessing pipeline that eliminates
manual intervention, particularly by segmenting the effective polishing re-

gion using K-means clustering.

2. To extract meaningful features from multi-sensor force data in the time do-
main, frequency domain, and wavelet domain (DWT), and to incorporate

slurry parameters such as pH and temperature into the feature set.

3. To perform exploratory data analysis (EDA) for selecting the relevant fea-

tures using both the linear and non-linear correlation analysis.

4. To enhance the predictive performance for MRR prediction by developing
a deep learning-based predictive model using a Multi-branched Attention

Residual Convolutional Neural Network (MARCNN) architecture.

5. To improve overall prediction accuracy and robustness by fusing the deep

features from the proposed model with baseline model such as ANN.
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6. To enhance the transparency and practical interpretability of the model for
process engineers by integrating explainable Al techniques across both the

ANN and MARCNN branches.

1.9 Thesis Overview

This thesis is organized into eight chapters, each systematically contributing to
the development of a data-driven and automated framework for predicting the
Material Removal Rate (MRR) in the bonnet polishing process. The overview of

each chapter is as follows:

e Chapter 1 — Introduction, Problem Framing, and Research Objec-
tives
This chapter introduces the importance of surface finishing in high-precision
manufacturing, with a focus on bonnet polishing. It outlines the motiva-
tion for automating the polishing process, defines the problem statement,
states the research objectives, and presents the scope and contributions of

the work.

e Chapter 2 — Survey of Prior Work and Identified Gaps
A critical review of existing literature on MRR modelling through basic and
extended empirical approaches is given in this chapter. It mainly reviews
the contemporary approaches in data-driven MRR modelling in bonnet pol-
ishing. It also highlights limitations in current methods and identifies key

research gaps that motivate the proposed work.

e Chapter 3 — Experimental Setup and Dataset Description
This chapter details the physical setup used for experimentation. It also
describes the structure and characteristics of the dataset generated from the

experimental runs.

e Chapter 4 — Data Acquisition and Preprocessing

Discusses the acquisition of raw sensor data and outlines the steps taken
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to clean and prepare it for analysis. An automated data pipeline, based on
unsupervised learning, is developed for the identification and removal of non-
representative data signals. It also details the alignment and tilt correction

of the MRR data.

e Chapter 5 — Multi-Domain Feature Engineering and Data Explo-
ration
Presents the strategies used to extract informative features from time-domain,
frequency-domain, and wavelet-domain representations of the force signals.
Additionally, it includes exploratory data analysis using correlation tech-

niques to assess feature relevance and redundancy.

e Chapter 6 — Machine Learning Model Development for MRR Pre-
diction
Describes the model architectures used in this study, including an Artificial
Neural Network (ANN), a Multi-Branch Attention Residual Convolutional
Neural Network (MARCNN), and a deep feature fusion combining both. It

also introduces the evaluation metrics used to assess model performance.

e Chapter 7 — Results and Discussions
Presents and analyses the results of model training and validation. Compar-
ative performance between models, ablation studies on architectural compo-
nents, and discussions on the impact of automation and feature strategies are
thoroughly addressed. Explainability techniques such as SHAP and Grad-
CAM are also discussed.

e Chapter 8 — Conclusion and Future Work
Summarizes the key findings and contributions of the research. It also dis-
cusses the directions for future research, including real-time deployment,
model generalization, and broader integration into smart manufacturing sys-

tems.



Chapter 2

Survey of Prior Work and
Identified Gaps

Material Removal Rate (MRR) prediction has long been central to the advance-
ment of polishing technologies, as it directly affects surface quality, dimensional
accuracy, and process efficiency. In high-precision applications such as optics man-
ufacturing, aerospace finishing, and semiconductor fabrication, the ability to pre-
cisely control MRR is vital for achieving tight tolerances and minimizing surface or
subsurface damage [30, 31]. While a variety of techniques have been developed to
model and predict MRR, polishing processes, especially those involving free-form
or complex geometries, remain difficult to model due to their inherently non-linear

and time-varying dynamics.

Among various polishing methods, bonnet polishing stands out as a particularly
adaptable and effective technique for complex surface finishing. It utilizes an
inflatable, compliant tool (the bonnet), which conforms to the local surface to-
pography of the workpiece, allowing for better control of pressure distribution and
surface conformity. Despite these advantages, accurately predicting MRR in bon-
net polishing remains challenging due to the intricate interaction between the tool,
slurry, and workpiece. Variability in contact conditions, material responses, and
process parameters introduces significant non-linearities and transient behaviours

that limit the effectiveness of conventional models [32, 33].

23
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2.1 Traditional MRR Estimation

Historically, MRR modelling has been rooted in analytical approaches. One of
the earliest and most widely adopted formulations is Preston’s equation [23],
which postulates a linear relationship between MRR, pressure, and relative ve-
locity. While Preston’s model has laid the foundation for understanding polishing
dynamics, its simplifying assumptions restrict its applicability, especially in ad-

vanced or non-uniform polishing environments.

Recognizing these limitations, researchers have extended Preston’s equation to
include dwell time, contact area, tool wear, and slurry behaviour [34-37]. These
extensions improved alignment with experimental results but still fell short in
handling dynamic process variability, particularly in bonnet polishing where real-

time changes are common [38-40)].

2.2 Data-Driven MRR Estimation

To overcome these inherent limitations, the research community has increasingly
turned to data-driven modelling techniques. Machine learning (ML) methods of-
fer a fundamentally different approach: instead of relying on fixed equations, ML
models learn patterns from historical data, capturing complex and non-linear rela-
tionships among process parameters and MRR outcomes. This adaptability makes
ML particularly suitable for polishing applications characterized by dynamic tool-

material interactions and sensor-based variability [33, 41].

Applications of ML in polishing have expanded across various domains, including
chemical mechanical polishing (CMP), magneto-rheological finishing, and robotic
polishing. In these contexts, features such as polishing force, relative motion,
process time, and even environmental parameters like temperature and slurry pH

have been employed to train predictive models [42-44].

ML models not only offer improved prediction performance but also serve as a

stepping stone toward automation and real-time closed-loop control.
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2.2.1 Correlation of Polishing Forces and MRR

A significant body of literature supports the strong correlation between polishing
forces and MRR across various polishing modalities. A study [45] proposed a de-
terministic model for MRR in bonnet polishing based on online-acquired frictional
and normal forces, experimentally validating their predictive relevance. Similarly,
another study [46] developed a robotic polishing system where controlling polish-
ing forces was critical to achieving a uniform removal rate. In magnetorheological
polishing, this study [47] showed that penetration depth, and thus removal rate,
depends strongly on drag and normal forces, achieving a model R? of 0.99 for glass

polishing.

In the domain of Chemical Mechanical Polishing (CMP), a clear linear relationship
between frictional and normal forces and MRR was shown in [48] using 2D force
measurements. More recent studies integrating machine learning have continued to
emphasize the role of force data. Jeong et al.[49] showed polishing pressure, which
is polishing force applied per unit area, to be a highly correlated feature for MRR
prediction in CMP using a deep feature fusion. Likewise, Li et al.[50] identified
downward polishing pressure as one of the top predictive features using decision-
tree-based ensemble learning. In robotic polishing contexts, Schneckenburger et
al.[51] demonstrated that the normal force (Z-axis), in combination with speed

and time, served as effective input features for predicting MRR in glass polishing.

These studies underscore the critical role of force-related features in predictive
modelling of MRR and provide a strong foundation for exploring machine learning-
based approaches, which have gained increasing traction in recent years for cap-

turing the non-linear and dynamic nature of polishing processes.

2.2.2 Deep Learning Techniques for MRR

Among the broad range of ML models, deep learning techniques, particularly deep
neural networks (DNNs), have shown exceptional capability in extracting multi-

level representations from raw sensor and process data [52-54]. Convolutional
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Neural Networks (CNNs), in particular, are well-suited to processing structured
data like time series and signals due to their locality-preserving operations. More
advanced architectures such as Residual CNNs (ResCNNs), which incorporate
shortcut connections to mitigate vanishing gradients, have shown superior perfor-
mance in MRR prediction tasks [41]. Additionally, biologically inspired models
like Deep Belief Networks (DBNs) and evolutionary-optimized architectures have

been explored for their ability to generalize from complex datasets [55].

Nevertheless, deep learning models come with challenges, among them is the re-
quirement for large datasets, which are often difficult to obtain in experimen-
tal or limited-run industrial settings. In response, researchers have investigated
two major strategies: data augmentation or fusion, and model architectural im-
provements. Of these, the latter offers a more practical path in scenarios where
data collection is costly or time-consuming. Recent trends emphasize the impor-
tance of robust architectures that perform well under limited-data regimes, such
as lightweight CNNs, attention mechanisms for feature re-weighting, and deep

feature fusion approaches.

Deep feature fusion techniques have gained particular traction in this context. By
combining the outputs of multiple base learners, either of the same or different
types, deep feature fusion methods reduce model variance and improve general-
izability [56, 57]. In polishing research, ensembles have been constructed using
LSTM, ANN, and tree-based models, with improved prediction accuracy reported
through feature-level fusion and multi-stage regression pipelines [58]. These archi-
tectures benefit from diversity in both input features and model structure, often

leading to more robust predictions.

2.2.3 Multi-Domain Features

A key enabler of better performance gains for predictive analytics is the use of
rich, multi-domain input features. Time-domain (TD), frequency-domain (FD),
and time-frequency domain features such as those from Discrete Wavelet Trans-

form (DWT) each contribute unique insights. TD features capture statistical
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properties of the signal, FD features expose harmonic content, while DW'T iso-
lates localized transient behaviour. When fused, these domains enable the model
to build a more comprehensive understanding of the underlying polishing dynam-
ics [59, 60]. A study [61] adopted statistical time-domain features for defect classi-
fication in polishing and reported improved accuracy when combined with Gabor
filter features, achieving up to 82% classification accuracy. Another study [62],
specifically on bonnet polishing proposed a frequency-domain characterization ap-
proach to address surface ripple formation. By linking spatial process parameters
with frequency-domain evaluation indices, the work demonstrated how tool geom-

etry and contact conditions influence ripple mitigation.

In roboticized polishing of aero-engine blades [63], vibration signals were anal-
ysed to diagnose contact faults. Eleven time-domain features were extracted from
the signals, and a whale optimization algorithm SVM model was used for classi-
fication, achieving effective real-time fault detection. In laser polishing, acoustic
emission signals have been analyzed in the time—frequency domain to enable on-
line monitoring and process state classification [64]. Wavelet-based noise reduction
and feature extraction were applied, and a BP neural network model achieved a

classification accuracy of 97.7%.

Another study [65] on robot-assisted polishing extracted features from force signals
in both the time and frequency domains to estimate surface roughness. The results
showed that combining TD and FD features provided valuable information for
identifying the polishing end point. In roboticized polishing of aero-engine blades,
vibration signals were analysed to diagnose contact faults [64]. Eleven time-domain
features were extracted from the signals, and a whale optimization algorithm—-SVM

model was used for classification, achieving effective real-time fault detection.

Overall, while polishing research has increasingly adopted domain features from
time, frequency, and time-frequency for tasks such as defect classification, fault
diagnosis, and process monitoring, their systematic integration in bonnet polishing
remains scarce, highlighting a clear gap and the need for comprehensive multi-

domain feature approaches.
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2.3 Limitations in the Existing Literature

Despite substantial progress in modelling and predicting MRR using both analyt-
ical and ML techniques, several critical gaps remain, particularly in the context
of automation, real-time integration, and smart process monitoring in bonnet pol-
ishing. Firstly, a major limitation lies in the manual nature of data preprocessing.
Most existing studies rely on human intervention to isolate valid polishing seg-
ments within force signal data, such as trimming pre- and post-polishing regions.
This method is time-consuming, error-prone, and inconsistent, especially when
dealing with large datasets or real-time applications. The absence of automated
segmentation techniques, such as unsupervised clustering, significantly limits the

scalability and industrial applicability of current solutions.

Another gap involves the either basic, such as mean features, or fragmented ap-
proach to feature engineering. Several studies have focused on individual feature
domains, such as time-domain, frequency-domain, but have not unified them into
a cohesive, multi-domain framework. This results in incomplete process repre-
sentation, thereby reducing the generalizability and accuracy of predictive models
under varying polishing conditions. There is a clear need for comprehensive feature

fusion strategies that capture the multifaceted nature of the polishing process.

Moreover the advanced and hybrid model architectures are underutilized. Most
existing research focuses on single-branch neural networks or traditional ML al-
gorithms that do not leverage the strengths of deep feature fusion or modular
designs. The use of hybrid systems, such as those combining ANN with multi-
branch CNNs incorporating attention and residual mechanisms, remains largely
unexplored. Such architectures are essential for learning from diverse and com-
plex input features while maintaining robustness across various polishing scenarios.
Lastly, the explainability of ML models, which are considered as ”black boxes”, is
rarely addressed. With increasing model complexity, particularly in deep learning
approaches, there is a growing demand for interpretable outputs that can provide
actionable insights to process engineers. However, explainable Al (XAI) tools such

as SHAP (SHapley Additive exPlanations) and Grad-CAM (Gradient-weighted
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Class Activation Mapping) are rarely employed in polishing studies. Without
these, the models remain black boxes, limiting trust and practical deployment by

process engineers in production environments.

Addressing these gaps is crucial for developing intelligent, self-correcting polishing
systems capable of operating in dynamic manufacturing environments. This thesis
aims to bridge these shortcomings by proposing a fully automated, explainable,
and multi-domain deep feature fusion framework for MRR prediction, advancing

towards smarter polishing solutions which are aligned with Industry 4.0 objectives.



Chapter 3

Experimental Setup and Dataset

Description

This study builds upon the experimental foundation established in previous work [33]
and [66], extending the methodology by incorporating deep feature fusion models
for enhanced material removal rate (MRR) prediction. The experimental setup
was designed to capture high-resolution polishing force data alongside slurry pro-
cess parameters during bonnet polishing of fused silica optics. An overview of the
entire experimental and modelling pipeline is depicted in Fig. 3.1, which presents
a schematic flowchart illustrating the sequence of processes from data acquisition

to final material removal prediction.

3.1 Machine Setup

Experiments were conducted using a 7-axis CNC Zeeko Intelligent Robotic Pol-
isher (IRP600) located at the University of Huddersfield’s Laboratory for Ultra
Precision Surfaces. The system was configured with an inflatable R40 bonnet
tool covered in polyurethane cloth, and a slurry recirculation system using cerium
oxide-based Super Cerox 1663. The tool followed a raster-style scanning pattern
during polishing as given in the Fig. 3.2, designed to ensure even material removal

across the polishing field.
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FIGURE 3.1: Overview of the experimental and modelling pipeline. The process

begins with multi-source signal acquisition and proceeds through clustering,

feature engineering, and prediction via the deep feature fusion using ANN-
MARCNN model.

Raster Type Toolpath

Workpiece Dimension = 100mm x100mim
Polishing Region = 70mm X 70mm

FIGURE 3.2: Raster tool path used during bonnet polishing. Profilometry lines
show the line across which measurements in Z-axis were taken [66]

The square fused silica workpieces, each measuring 100 mm x 100 mm, were pol-

ished within a central 70 mm x 70 mm region. This centre zone was intentionally

isolated from the outer 15 mm border to prevent edge-related force anomalies

and to facilitate repeatable metrology. The central field was further divided into

two subregions, Y- and Y+, allowing consecutive runs without repositioning the

part between trials. The tool-path raster pattern was aligned along the X-axis for

consistency in both processing and subsequent surface metrology.
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3.1.1 Instrumentation and Sensor Integration

The polishing assembly was mounted on a custom-designed force table fixed atop
the machine’s rotary axis. As shown in Fig. 3.3, six piezo-resistive load cell sensors
were distributed along the three axes: one in X, two in Y, and three in Z. This

arrangement enabled real-time capture of multi-directional polishing forces.

Bonnet Tool :
Fixture for Force

FIGURE 3.3: Experimental setup showing the mounted workpiece, inflatable
bonnet tool, custom force table, and connected data acquisition modules. [33]

Sensor signals were routed through the instruNet data acquisition system, com-
prising an iNet-400 card cage, iNet-410/420/430 DAQ cards, and an iNet-240 USB
controller. Force data was sampled at 500 Hz to capture transient interactions be-
tween the tool and the workpiece. Simultaneously, slurry pH and temperature were
monitored at 4 Hz using a Flat Surface PHE-6510B electrode and thermocouple

sensor, respectively, both connected via iNet-510 and iNet-511 modules.

In addition to live sensor inputs, slurry property measurements were collected
during polishing runs. Density and flow rate were recorded once per day before
trials, while particle size distribution (PSD) was measured every 4 minutes using
a Microtrack Nanotrac Flex analyser. Each PSD entry represented an average
of three ten-second sub-scans to reduce measurement noise. Slurry samples were

pipetted manually and transported for metrology in near real-time.
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3.1.2 Surface Profiling and MRR Estimation

Surface profiles were recorded using a Taylor Hobson Form Talysurf Series 2 pro-
filometer, offering vertical resolution down to 0.8 nm. Profilometry was performed
before and after each polishing run along the X-axis across the middle of the
polishing zone. Each scan extended 98 mm with a 1 mm buffer at both ends
to prevent stylus overrun. A narrow trench was etched into the surface before
the first polishing cycle to serve as a fixed reference point for profile alignment.
The change in Z-values between pre- and post-polish scans was used to calculate

material removal, which in turn allowed for MRR estimation per run.

3.1.3 Complete Experimental Protocol

The experimental campaign was carefully designed to capture comprehensive sensor-
based information under controlled yet diverse polishing conditions. A total of 34
polishing runs were conducted on a fused silica workpiece using a fixed tool path
and setup, while varying polishing time (5, 10, and 20 minutes) and surface feed
rates (250, 500, and 1000 mm/min). This ensured the dataset included sufficient
variation in force dynamics and material removal responses for robust modelling
and generalizability. The process begins with raw signal acquisition from six piezo-
resistive force sensors and additional slurry parameters (pH and temperature),
recorded at 500 Hz and 4 Hz respectively. This raw data undergoes timeline-based
segmentation and K-means clustering to remove non-polishing segments and iso-
late meaningful polishing-phase data. Feature extraction is then performed using
two complementary schemes: time-averaged scalar features for the ANN branch,

and time-frequency domain features for the MARCNN branch.

The predictive model architecture is divided into two distinct branches: the ANN
branch processes mean features (forces, pH, and temperature), while the MAR-
CNN branch employs multi-channel convolutional blocks enhanced with attention
and residual mechanisms to capture localized and scale-invariant signal character-

istics. The outputs of both branches are fused in a dense layer to yield the final
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regression output: the predicted MRR. This structured pipeline demonstrates a
data-centric approach, combining physical sensor signals with engineered features
and deep learning, aiming to create a generalizable and interpretable model. The
incorporation of domain-informed preprocessing, multi-domain feature engineer-
ing, and deep feature fusion underscores the novelty and engineering rigour of this

approach.

3.2 Dataset Description

The dataset used in this work was obtained from 34 precision polishing runs per-
formed on fused silica workpieces. Each run involved real-time acquisition of
multiple signals, capturing both the mechanical response during polishing and as-
sociated slurry process parameters. The primary data sources include force signals
measured via piezo-resistive load cells and environmental data such as slurry pH
and temperature, acquired using dedicated sensors. These were sampled at 500 Hz
and 4 Hz, respectively, using a LabVIEW-based data acquisition system connected

through an instruNet 1400 card cage and 1240 USB interface.

3.2.1 Force Sensor Data

Six load cells were strategically positioned to capture polishing forces along all
axes of motion: one sensor along the X-axis, two along the Y-axis, and three along
the Z-axis. These sensors were mounted beneath the workpiece on a custom force
table integrated into the IRP600 robotic system. The high-frequency sampling
rate (500 Hz) was selected to capture the fine dynamic variations in contact forces,
which are critical for accurate modelling of the material removal process. The raw
force signals collected during each polishing run contain three distinct phases:
pre-polishing, active polishing, and post-polishing. To ensure relevance, only data
corresponding to the active polishing phase was retained using a clustering-based

preprocessing approach described earlier.
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3.2.2 Slurry Process Parameters

In addition to force measurements, two critical slurry process parameters, pH
and temperature, were recorded in real time. These signals were captured using
a Flat Surface PHE-6510B pH electrode and a thermocouple, respectively. Both
sensors were immersed in a circulating slurry reservoir to ensure consistent readings
and prevent sedimentation. The data acquisition for these sensors was conducted
at 4 Hz, reflecting the relatively slow-changing nature of chemical and thermal
parameters during polishing. While other slurry properties such as flow rate,
density, and particle size distribution (PSD) were monitored manually during the
experimental campaign, they were not included in this modelling work due to either
low temporal resolution or manual sampling constraints. For instance, PSD data
was collected manually every four minutes using the Microtrack Nanotrac Flex

system, which limited its direct integration into real-time predictive modelling.

3.2.3 MRR Computation

The target variable, material removal rate (MRR), was not directly measured in
real time. Instead, it was computed post-process by taking the difference in surface
depth before and after polishing, as measured using a Taylor Hobson Form Taly-
surf Series 2 profilometer. The instrument offers a vertical resolution of 0.8 nm,
ensuring accurate assessment of surface material removal. Measurements were
taken along a predefined 98 mm track in the middle of the polishing zone, perpen-
dicular to the raster tool path, with a 1 mm safety margin at the edges to avoid
stylus damage. The central polishing zone was divided into two sub-regions (Y-

and Y+) to enable sequential runs on the same workpiece.

3.2.4 Final Dataset Composition

Following signal cleaning and segmentation, the dataset was structured into two

distinct feature sets customized to the deep feature fusion’s architecture. The
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methods adopted for structuring these datasets are described in the upcoming

chapters:

3.2.4.1 ANN Input

Time-averaged scalar features, including mean values of forces from each axis (X,

Y1, Y2, Z1, 72, Z3).

3.2.4.2 MARCNN Input

Time-series representations of the polishing forces were segmented into 141 equal-
length steps. For each segment, the following were extracted from all six force

channels , along with average pH and temperature values for each polishing run.

o Time-domain (TD) features: Mean, standard deviation, RMS, skewness,

kurtosis

e Frequency-domain (FD) features: Spectral energy and entropy using Power

Spectral Density (PSD)

o Wavelet-domain (DWT) features: Mean of approximation coefficients using

Daubechies-4 wavelet

This chapter presented a detailed overview of the experimental setup and the
dataset used for MRR prediction in bonnet polishing. The dataset construction
process included not only the capture of real-time multiaxial force signals and
slurry parameters but also the computation of ground truth MRR using high-
precision profilometry. The final dataset was structured to support a deep feature
fusion architecture, with time-averaged scalar inputs fed into an ANN branch
and segmented multi-domain features prepared for MARCNN processing. Alto-
gether, the experimental setup and resulting dataset form a comprehensive and
high-fidelity foundation for developing further techniques which are crucial for
automating the data pipeline and extracting meaningful features from this data,

which are explored in the subsequent chapters.



Chapter 4

Data Acquisition and

Preprocessing

This chapter outlines the methodology developed for constructing an automated
data pipeline aimed at predicting Material Removal Rate (MRR) in bonnet polish-
ing processes. The approach integrates structured data preprocessing with data-
driven modelling to overcome the limitations of traditional, manually intensive
techniques. The chapter begins with a description of the data acquisition process,
in which time series force signals and slurry parameters are collected from multiple

polishing runs using force sensors and slurry monitoring instruments.

Given the manual nature of the data acquisition system, the recorded signals of-
ten include non-representative segments, specifically, pre- and post-polishing force
data, which do not contribute to actual material removal. These irrelevant seg-
ments were previously removed through manual inspection, a process susceptible
to inconsistency and human error. To address this, a clustering-based automation
strategy is introduced to segment and exclude non-polishing intervals, thereby im-
proving the reliability and repeatability of the dataset. Additionally, the MRR
surface profile is preprocessed to correct for tilt and misalignment, utilizing a cen-
trally engraved etching feature as a geometric reference. These preprocessing steps,
profile correction, signal segmentation, and non-representative data elimination,

lay the groundwork for robust model development. By automating input data
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pipeline, the proposed pipeline enhances data quality and consistency, ensuring a

reliable foundation for subsequent feature engineering and predictive modelling.

Figure 4.1 provides an overview of the automated preprocessing pipeline developed
in this research. This pipeline spans two chapters: the current chapter focuses
on data acquisition, signal alignment, and clustering-based segmentation, while
Chapter 5 covers domain-specific feature extraction (Time-Domain, Frequency-

Domain, and DWT) along with exploratory data analysis.
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Data (Per Clustering,

Run)

H

C-luster « For polishing
Assignment region: Cluster 0
For non-polishing
region: Cluster 1

)

Removing Data
Cluster 1 data Trimming
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¢ Time-Domain

Feature )
Engineering * Frequency-Domain
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Train-Test
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: Data-Scaling Training
* Robust Scaling Window

FI1GURE 4.1: Block diagram of the data preprocessing pipeline.

4.1 Data Acquisition

The data used in this study was obtained from bonnet polishing experiments

performed on fused silica workpieces of 100mm x 100mm dimensions. To ignore
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the edge effects, a 7T0mm x 70mm area was selected to perform the experimentation
as described in detail in [33]. A total of 34 polishing runs were conducted under
varying durations and surface feed rates to introduce process diversity. The setup
was equipped with six piezo-resistive load cell sensors mounted on a bespoke force

table, configured to record polishing forces along all three spatial directions.

Specifically, one sensor measured force along the X-axis, two along the Y-axis,
and three along the Z-axis. These multiaxial force signals were sampled at a high
frequency of 500 Hz, capturing detailed temporal fluctuations in polishing forces

throughout each run. Figure 4.2 shows the snippet of force signals for a single run.
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FIGURE 4.2: Raw force signals recorded from six sensors (X, Y1, Y2, Z1,
72, 73) during a polishing run. The signals are plotted against time to show
synchronized behaviour and process variation.

In parallel with force data, two critical process parameters, slurry pH and tem-

perature, were also recorded throughout the polishing cycle. These values were
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measured in real time using sensors integrated into the slurry circulation system,
sampled at a rate of 4 Hz. A representative example from a single polishing run

is shown in Fig. 4.3, highlighting the evolution of these parameters over time.

As illustrated, the temperature steadily increases as the polishing process pro-
gresses. This thermal rise is attributed to frictional energy generated at the
tool-workpiece interface, which is partially absorbed by the circulating slurry.
The slurry acts as a thermal sink, conducting and dissipating the heat generated

by the mechanical contact and abrasive interaction during material removal.

This behaviour is not only physically intuitive but also confirms the active ther-
mal coupling between polishing dynamics and slurry condition, factors that may
influence both tool performance and material removal characteristics. The pH
variation, though subtler, reflects underlying changes in the slurry’s chemical com-

position as it interacts with the workpiece surface during polishing.
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FIGURE 4.3: Real-time monitoring of slurry pH and temperature for a single
polishing run. Temperature increases over time due to frictional energy trans-
ferred from the polishing interface to the slurry.
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4.2 Preprocessing

Before training the predictive model, the raw data underwent several preprocessing
steps to ensure its quality, relevance, and alignment. These steps included surface
profile alignment and tilt correction for accurate material removal rate (MRR)
computation, followed by the removal of redundant non-polishing segments in the
force signals. The goal of this stage was to construct a fully automated and repeat-
able pipeline that could isolate only the effective polishing data while correcting

for experimental variabilities.

4.2.1 Material Removal Measurement, Alignment and Tilt

Correction

The accurate estimation of material removal is essential for model supervision in
this study. Since the material removal rate (MRR) was not directly measured
during polishing, it was computed offline using high-resolution surface profiles
captured before and after each polishing run. These surface profiles were obtained
using a Taylor Hobson Form Talysurf profilometer. For each run, the Z-depth
after polishing was subtracted from its corresponding initial profile to derive the
amount of material removed, forming the ground truth target variable for model

training.

To facilitate a consistent and automated measurement pipeline, two specific mod-
ifications were introduced during the profilometry stage. A known artificial tilt of
approximately 0.5 mm was deliberately added to the workpiece setup. A physical
etch was made at the centre of the workpiece surface to serve as a spatial reference
point. The purpose of the centre etching was to enable alignment along the lateral
axis (X-direction) since no positional data or encoder feedback was available. This
etching provided a consistent landmark that allowed for precise spatial matching

between original and polished profiles.

Meanwhile, the intentional tilt helped simulate common misalignments caused by

human error or mechanical variation in setup. It also provided an opportunity to
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build a preprocessing pipeline capable of automatically identifying and correcting
such deviations. As shown in Fig. 4.4, the profiles of the original and polished
surfaces contain an obvious linear slope due to this introduced tilt. To remove
this, a linear correction procedure was applied by fitting a line to the unpolished

regions at both ends of the profile.

These areas were intentionally left unprocessed during polishing and represent the
ground truth ”zero-slope” reference. The fitted line’s slope and intercept were then
subtracted from the entire Z-profile, effectively removing the tilt and aligning both

profiles to a common height baseline.
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FIGURE 4.4: Surface profile of original and polished regions prior to tilt correc-
tion. A linear slope is present due to artificially introduced tilt.

After tilt correction, the material removal was computed by subtracting the Z-
heights of the polished profile from those of the original. The difference represents
the depth of material removed during each polishing run. The result is shown in
Fig. 4.5, which includes the aligned profiles and the extracted material removal
across the polished area. This approach ensures robustness and repeatability in
measuring material removal, even when minor misalignments occur during experi-
mentation. It also forms a key part of the automated data pipeline used throughout

this study.
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Original vs Polished Surface Profile
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FIGURE 4.5: Original and polished surface profiles after tilt correction. Material
removal is calculated by point-wise subtraction of the two profiles.

4.2.2 K-means Clustering for Non-Representative Data

Due to the manual initiation and termination of data acquisition, each polishing
run included force signal segments from pre-polishing and post-polishing phases
that do not contribute meaningfully to material removal behaviour. These seg-
ments, which typically contain idle or transitional tool movements, are irrelevant
for model training and must be excluded. In earlier approaches, such segments
were removed manually, a process that was both time-consuming and prone to

inconsistencies.

To automate and standardize this task, a K-means clustering algorithm was em-
ployed to isolate the actual polishing phase from the rest of the data, as given in
Fig. 4.6. The clustering was performed using the smoothed force signal from the
X-axis load cell, which served as a reliable indicator due to its high sensitivity to
tool engagement. Prior to clustering, a moving average filter with a window size

of 40 was applied to suppress noise and stabilize the signal.
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K-Means Clustering of Force Signal Segments

Require: Input folder containing raw force files; output folder
for clustered data
Ensure: Clustered force data with non-polishing and polishing
segments labelled
1: Define input and output folder paths
2: Create output folder if it does not exist
3: Retrieve all polishing files from input folder excluding pH &
temperature files
4: Set number of clusters k < 2 and moving average window size
(e.g., 40)
for each file in the filtered file list do
Load tab-separated force data into a DataFrame
Identify all columns corresponding to force sensor readings
Apply moving average smoothing to each force column us-
ing the defined window size
9: Extract the X-axis force column and normalize it using
standard scaling
10: Apply K-Means clustering with £ = 2 on the normalized
X-force values

11: Assign resulting cluster labels to each sample in the
smoothed data
12: Append cluster labels as a new column to the DataFrame

13: Save the updated DataFrame (with cluster labels) to the
output folder
14: end for

FIGURE 4.6: Pseudocode for K-Means clustering applied to force signal seg-
ments.

The K-means algorithm was configured to partition the signal into two distinct
clusters: one representing the polishing phase and the other representing the pre-
and post-polishing segments. Once the clusters were identified based on the X-
axis data, the resulting labels were propagated to all six force channels to preserve

temporal alignment and ensure consistent segmentation across the dataset.

An example of the clustering result from a single polishing run is shown in Fig. 4.7.
The blue regions (Cluster 0) represent the active polishing phase, while the orange

regions (Cluster 1) correspond to the non-polishing periods before and after.

Following clustering, the redundant segments were automatically removed, to make

data read for feature extraction and model training. While the clustering itself
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FIGURE 4.7: K-means clustering of X-axis force signal showing polishing (blue,
Cluster 0) and non-polishing (orange, Cluster 1) regions for automatic data
segmentation.

does not enhance model accuracy directly, it is crucial for building a robust pre-
processing workflow, reducing manual intervention and improving the reliability

of downstream analysis.

In conclusion, this chapter presented the basic steps required to construct a reli-
able and automated data pipeline for MRR prediction in bonnet polishing. Key
preprocessing techniques were introduced to enhance data quality and consistency,
including profile alignment, tilt correction using a central etching reference, and
automated segmentation of non-polishing signal segments via K-means cluster-
ing. The outcomes of this chapter serve as a critical prerequisite for the feature

engineering and modelling tasks presented in the subsequent chapters.



Chapter 5

Multi-Domain Feature
Engineering and Data

Exploration

This chapter focuses on multi-domain feature engineering and exploratory data
analysis (EDA), forming a critical bridge between raw signal acquisition and pre-
dictive modelling. Building upon the segmented force signals obtained during
preprocessing, the chapter outlines the transformation of raw time-series data into

structured inputs.

A robust feature extraction pipeline was developed to capture relevant process
characteristics from the time, frequency, and wavelet domains. Each domain con-
tributes unique perspectives: time-domain features summarize signal amplitude
patterns and statistical trends, frequency-domain features capture spectral char-
acteristics and energy distribution, and wavelet-domain features provide multi-

resolution insights into localized signal variations.

To evaluate the informativeness and redundancy of the extracted features, an
in-depth exploratory data analysis was performed. Quantitative metrics such as

Pearson correlation and distance correlation were used to identify low-impact or
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redundant features, enabling dimensionality reduction without loss of predictive

power.

This step ensures that only the most relevant features are retained, optimizing
the input space for downstream learning tasks. As indicated in the preprocessing
pipeline shown in Fig. 4.1, this chapter continues the second half of the prepro-
cessing workflow by focusing on domain feature extraction and data exploration.
Overall, this chapter establishes a structured and analytically justified foundation
for developing accurate and generalizable models for material removal rate (MRR)

prediction.

5.1 Feature Engineering

For each polishing run, the preprocessed force signals were segmented into 141
equal-length bins, corresponding to the 141 spatial tool-path steps. This segmenta-
tion enabled localized analysis of the polishing behaviour, facilitating fine-grained
learning of spatially varying material removal patterns. Within each segment, the

following feature types were extracted:

5.1.1 Time-Domain (TD) Features

Time-domain features describe the statistical properties of the force signal in the

temporal domain. These include:

5.1.1.1 Mean

Represents the average force applied during the segment:

L
M:Nizlxi (5.1)
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5.1.1.2 Standard Deviation (StdDev)

Measures the variability from the mean:

T\ D (@i —p)? (5.2)

5.1.1.3 Root Mean Square (RMS)

Emphasizes the effective magnitude:

5.1.1.4 Skewness

Indicates the asymmetry of the signal distribution:

1 N (7 — 7 s
k =— : 4
Skewness I ; ( . ) (5.4)

5.1.1.5 Kurtosis

Evaluates the peakedness or tail heaviness:

1 & Ti— [ :
Kurtosis = — : 2.5
urtosis NZZI( - > (5.5)

These statistical indicators capture the general behaviour of forces applied at each

polishing step, including magnitude, stability, and signal shape.
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5.1.2 Frequency-Domain (FD) Features

Frequency-domain features were derived from the Power Spectral Density (PSD)
of each segment using Welch’s method. These features help quantify the periodic

content and spectral energy of the signal.

5.1.2.1 Spectral Energy

Total power in the frequency domain:

M
E=) P (5.6)
k=1
where P is the PSD at frequency bin k.

5.1.2.2 Spectral Entropy

Measures the irregularity or disorder of the spectrum:

M
H=—Y Plog(P;+e) (5.7)
k=1

where € is a small constant for numerical stability.

These FD metrics highlight the vibrational characteristics and randomness of the

polishing forces, often linked to tool-workpiece interaction dynamics.

5.1.3 Discrete Wavelet Transform (DWT) Feature

To capture localized time-frequency characteristics, a single-level Discrete Wavelet
Transform (DWT) was applied using the Daubechies 4 (db4) mother wavelet. Only
the approximation coefficients, which represent the low-frequency content, were

retained.
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Approximation coefficient mean describes the smooth structural trend:
1 .
pa, = 5 D0 AL0) (58)

where A;(i) denotes the approximation coefficient at level j.

These coefficients encode long-term force trends and filter out high-frequency noise,

capturing macro-level polishing behaviours.

The combined feature set, spanning statistical (TD), spectral (FD), and localized
wavelet (DWT) domain, provides a comprehensive representation of the force sig-
nals. TD features offer magnitude and distributional context; FD features uncover
the energy and chaos in polishing; DWT features retain localized structural infor-
mation. This multi-domain representation equips the MARCNN architecture with
rich, hierarchical input patterns that improve prediction of the material removal

rate at each spatial location.

The complete multi-domain feature extraction process including time-domain,
frequency-domain, and wavelet-based metrics for each polishing segment is out-
lined in Fig. 5.1. This algorithm was applied to clustered and segmented force
data for each polishing run to generate a comprehensive feature matrix used for

model training.

5.2 Exploratory Data Analysis (EDA)

To understand the underlying relationships between input features and the mate-

rial removal rate (MRR), a series of exploratory data analyses were conducted.

The primary goal was to evaluate the strength and nature (linear or non-linear) of
associations between the sensor-derived features and the target output (MRR), and

to identify the most informative signals and feature groups for model development.
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Multi-Domain Feature Extraction from Clustered Force Data
Require: Clustered force data files from six sensors
Ensure: Feature matrix with TD, FD, and DWT features for each segment

1: for all files in Clustered_run_x.csv do

2: Load force signal data as df

3: Remove rows with Cluster Label = 1

4: Drop Cluster Label and Timestamp columns

5: Split data into 141 equal-length segments

6: for all segments s; in signal do

7: if s; is not empty then

8: for all force channels in s; do

9: Time-Domain Features: Compute Mean, StdDev, RMS,
Skewness, Kurtosis

10: Frequency-Domain Features: Compute PSD — Spectral En-
ergy, Entropy

11: DWT Feature: Compute Approximation Coefficient Mean
(db4)

12: end for

13: end if

14: end for

15: end for

16: Save all extracted features to a CSV file

FIGURE 5.1: Procedure for multi-domain feature extraction from clustered force
data.

5.2.1 Linear Correlation

Initially, Pearson correlation coefficients were computed between the mean force
values from all six sensors and their corresponding MRR values. As shown in
Fig. 5.2, the correlation matrix highlights weak or negligible linear correlations
across all force channels. This outcome suggests that simple linear dependencies
between mean forces and MRR are limited in this complex polishing environment.
Therefore, Pearson correlation may be insufficient for capturing the deeper, po-

tentially non-linear interactions governing the material removal behaviour.

5.2.2 Non-linear Dependency via Distance Correlation

To overcome the limitations of linear correlation analysis, distance correlation

was employed to reveal both linear and non-linear dependencies. Unlike Pearson
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FIGURE 5.2: Pearson correlation matrix between mean forces and MRR.
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correlation, distance correlation can detect any statistical dependence, regardless

of functional form.

The resulting analysis, shown in Fig. 5.3, revealed significantly higher correla-
tion values, particularly for Z-axis force signals, which represent normal polishing
forces. These forces are fundamentally responsible for tool pressure during polish-

ing, thus exhibiting strong relationships with material removal.

5.2.3 Cumulative Feature Group Correlation with MRR

To assess which groups of features were collectively most informative, cumula-
tive distance correlations were computed for each domain: Time-Domain (TD),

Frequency-Domain (FD), and Discrete Wavelet Transform (DWT), along with the
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FIGURE 5.3: Distance correlation of mean forces with MRR.

average change in slurry pH and temperature. As visualized in Fig. 5.4, FD fea-
tures had the highest overall correlation with MRR, followed by temperature, TD
features, pH, and finally DW'T features.

This suggests that spectral features such as energy and entropy are more strongly
associated with material removal behaviour, potentially due to their sensitivity to

oscillatory force dynamics and polishing-induced vibration.
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FIGURE 5.4: Cumulative distance correlation of TD, FD, DWT, pH, and tem-
perature features with MRR.
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5.2.4 Sensor-wise Feature Correlation

To further refine the analysis, domain-wise features from each individual sensor
were evaluated to determine their sensor-specific importance in predicting MRR.
In this context, TD, FD, and DWT features were aggregated per sensor, and their
cumulative distance correlation scores with MRR were computed. As illustrated
in Fig. 5.5, the Y2:C2 sensor, associated with tangential or frictional force, showed
the highest cumulative correlation, followed by 7Z2:C5 and Z1:C3, which represent

vertical or normal forces.
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FIGURE 5.5: Sensor-wise cumulative distance correlation of domain features
along with pH and temperature with MRR.

These results align well with physical polishing dynamics, where both friction and
pressure are primary contributors to material removal. Additionally, temperature
also showed a significant correlation, likely due to its role in indicating energy
transfer from the surface during polishing. In contrast, pH exhibited relatively
lower correlation but remained non-negligible, indicating secondary but meaningful

influence.

This chapter established a comprehensive feature engineering and exploratory data
analysis framework to transform raw, segmented force signals into structured, in-

formative inputs for machine learning models. By extracting features from the
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time, frequency, and wavelet domains, the study ensured a multi-domain repre-
sentation of the polishing process forces, capturing both global trends and local-
ized variations. The exploratory data analysis revealed valuable insights into the

predictive relevance of different feature domains and sensor channels.

While Pearson correlation exposed limited linear relationships, distance correla-
tion successfully identified non-linear dependencies, particularly highlighting the
importance of normal (Z-axis) and tangential (Y-axis) forces. Among feature do-
mains, frequency-domain metrics demonstrated the strongest overall association
with MRR, emphasizing their utility in characterizing oscillatory and dynamic
polishing behaviours. Additionally, sensor-wise analysis confirmed that certain
force channels, especially Y2 and Z2, consistently provided more informative sig-
nals for MRR prediction. These findings guided the subsequent modelling efforts.
Overall, this chapter provided a robust analytical foundation, ensuring that only
high-value, interpretable features were forwarded into the learning architecture

described in the following chapter.



Chapter 6

Machine Learning Model
Development for MRR Prediction

This chapter elaborates the model architecture employed to improve the prediction
accuracy of Material Removal Rate (MRR) in the bonnet polishing process. A
hybrid deep feature fusion learning architecture was developed that combines the
strengths of both Artificial Neural Networks (ANN) and a Multi-Branch Residual
Convolutional Neural Network (MARCNN). This design enables the model to
exploit both global statistical summaries and localized, domain-rich patterns from

multi-modal sensor data.

The ANN branch utilizes mean features, representing aggregated force sensor val-
ues, capturing broad trends across the polishing process. Meanwhile, the MAR-
CNN processes time-series derived features across multiple signal domains (Time-
Domain, Frequency-Domain, and Discrete Wavelet Transform), alongside slurry-
related environmental conditions (pH and temperature). By structurally isolating
simple mean inputs from complex feature sets, each branch is able to learn ef-
ficiently within its optimal regime. The outputs of both branches are fused at
a later stage to produce an integrated and accurate regression output for MRR.
This deep feature fusion architecture not only enhances predictive performance
but also contributes to model robustness and interpretability. Figure 6.1 summa-

rizes the entire solution pipeline, bringing together the automated preprocessing
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steps, multi-domain feature extraction, and the final predictive model architec-

tures developed in this chapter.
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FiGure 6.1: Complete block diagram of the proposed automated framework
for MRR prediction.

6.1 Artificial Neural Network (ANN) Branch

The ANN branch of the deep feature fusion model was dedicated to processing
six mean force features, each representing the average force captured from one of
the piezo-resistive load cell sensors during polishing. These mean features act as
concise indicators of overall force magnitude, offering a simplified yet informative

snapshot of the polishing dynamics.

This ANN architecture follows the structure proposed in a previous study [66],
consisting of three fully connected layers with 10, 60, and 10 neurons, respectively.
Each layer employs the ReLLU activation function and applies L2 regularization to
mitigate over-fitting. The model was trained using the Adam optimizer, with
early stopping and learning rate reduction on validation loss plateau as part of the

training strategy.
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The dataset was split into training (60%), validation (20%), and test (20%) subsets
to ensure robust generalization assessment. Although relatively lightweight, this
branch contributes essential global trends that may be overlooked in localized

signal analysis.

6.2 Multi-Branch Residual CNN With Atten-
tion (MARCNN)

To handle the more complex and granular signal-derived features, a dedicated
convolutional neural network (CNN) was designed. This branch incorporates four
parallel input streams, each tailored to a specific type of feature: Time-Domain
(TD), Frequency-Domain (FD), Discrete Wavelet Transform (DWT), and envi-
ronmental conditions (slurry pH and temperature). These feature sets represent
different perspectives on the polishing process, from statistical variability to spec-
tral content and system state, enabling the model to learn nuanced relationships

between signal behaviour and material removal outcomes.

An overview of the MARCNN architecture is illustrated in Fig. 6.2. Each fea-
ture group is processed through its own independent sub-branch consisting of the

following components:
e Two sequential 1D convolutional layers (32 and 64 filters, kernel size = 3,
ReLU activation) for local pattern extraction.

e Residual skip connections to mitigate vanishing gradients and improve con-

vergence stability.
e Batch Normalization layers for faster and more stable training.

e A custom attention mechanism to highlight the most relevant temporal or

spectral patterns within each feature branch.

e Flattening layers followed by Dropout (rate = 0.3) to convert 2D maps into

vector representations and prevent over-fitting.
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FIGURE 6.2: Architecture of the MARCNN model showing four parallel input
branches (TD, FD, DWT, and PH/Temp), each with residual and attention
mechanisms.

Each branch feeds into a shared dense network with three fully connected layers of
80 neurons each, activated via Swish functions. This allows the model to integrate
feature representations across different domains. The final output layer uses linear

activation to regress the predicted MRR value.

Importantly, the penultimate dense layer of the MARCNN acts as a feature embed-
ding layer, producing a high-level abstract representation of the multi-domain in-
puts. This embedding is concatenated with the output of the ANN branch to form
a unified input to the final deep feature fusion layer, where both global and local-
ized signals are merged for final prediction. The complete training and evaluation
pipeline of the MARCNN model, including data preprocessing, multi-branch in-
put processing, residual and attention mechanisms, and performance-based model

saving, is formally outlined in Fig. 6.3.

6.2.1 Addressing Overfitting Risk in MARCNN

To mitigate overfitting in the proposed MARCNN architecture, several regulariza-

tion and generalization strategies were employed during model training. Firstly,
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Training Procedure for MARCNN Model

Require: TD, FD, DWT, and PH/Temp features; corresponding MRR values
Ensure: Trained MARCNN model and evaluation metrics
1: Preprocessing:
Apply RobustScaler followed by MinMaxScaler to all input features
Scale target MRR using MinMaxScaler
2: Split dataset into training and testing sets
3: Define Attention Layer:
Apply Dense layer with GELU activation
Apply another Dense layer with Softmax to compute attention scores
Multiply input with scores to generate attention-weighted output
4: Define Residual Block:
Apply two ConvlD layers (kernel sizes 5 and 3) with ReLU activation
Apply Batch Normalization after each Conv1D
Add shortcut via 1x1 ConvlD connection
5: Build MARCNN Model:
Apply residual block, then flatten the output
Apply attention and dropout layers
Concatenate all branch outputs
Apply three Dense layers (80 neurons each, Swish activation)
Apply final Dense layer with 1 neuron and linear activation
Compile model with Adam optimizer, MSE loss, and MAE metric
Train Model (10 Runs):
for each experimental run do
Use ModelCheckpoint to save best model (min val MAE)
10: Use ReduceLROnPlateau to adjust learning rate on plateau

11: Use EarlyStopping to stop training if no improvement
12: Train for up to 500 epochs using validation split

13: Save best model if current MAE is lowest

14: end for

F1GURE 6.3: Workflow of the MARCNN model training procedure.

early stopping was implemented to monitor validation loss and halt training once
performance plateaued, preventing unnecessary epochs that could lead to overfit-
ting. Additionally, dropout layers were introduced after key convolutional blocks
within each branch of the MARCNN to randomly deactivate a fraction of neu-
rons during training, thereby reducing reliance on specific feature patterns and
promoting generalization. Batch normalization was also used to stabilize and ac-
celerate convergence while providing a slight regularization effect. Finally, the
training dataset was split using stratified sampling to ensure consistent represen-

tation of the polishing conditions across training and validation subsets, reducing
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bias. Collectively, these techniques ensured that the MARCNN model maintained

high predictive performance without overfitting to the training data.

6.3 Deep Feature Fusion Technique

To harness the complementary strengths of both global statistical summaries and
localized temporal-spectral representations, a deep feature fusion network was de-
signed by integrating two specialized sub-networks: an Artificial Neural Network
(ANN) and a Multi-Branch Residual Convolutional Neural Network with attention
mechanism (MARCNN).

The ANN branch, operating on global mean features derived from six force sen-
sors, captures broad trends in the polishing force behaviour. In contrast, the
MARCNN processes temporally segmented and domain-specific features (TD, FD,
DWT) alongside environmental variables such as slurry pH change and tempera-

ture, which are critical for modelling localized and non-linear dynamics.

The deep feature fusion architecture is formed by concatenating the feature em-
beddings from the penultimate dense layers of both branches. This fused represen-
tation captures high-level abstractions from the MARCNN and compact statistical
summaries from the ANN, offering a comprehensive feature space for final predic-
tion. This combined embedding is passed through a fully connected layer with
16 neurons using the hyperbolic tangent (tanh) activation function, followed by a
final output layer with a ReLU activation to predict the Material Removal Rate
(MRR).

The complete set of architectural and training parameters used in the deep fea-
ture fusion strategy is summarized in Table 6.1. This fusion strategy allows the
model to capture both macro-scale process behaviour and micro-scale signal dy-
namics, improving robustness and overall predictive performance. Comparative
evaluations demonstrated that the deep feature fusion technique consistently out-

performed its individual components (ANN-only or MARCNN-only), validating
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TABLE 6.1: Parameters of the Hybrid Deep Feature Fusion Network

Component

Configuration

ANN Branch

MARCNN Branch (Each Stream)

MARCNN Output Layers
Fusion Layer

Final Output Layer
Optimizer

Loss Function

Evaluation Metric
Regularization

Learning Strategy

3 Dense layers (10, 60, 10 neurons), ReLLU
activation, L2 regularization

2 Convl1D layers (32, 64 filters, kernel size 3),
Residual connection, BatchNorm, Attention,
Dropout (0.3), Flatten

3 Dense layers (80 neurons), Swish activation
Dense layer (16 neurons), tanh activation
Dense layer (1 neuron), ReLLU activation
Adam

Mean Squared Error (MSE)

Mean Absolute Error (MAE)

L2 on ANN branch; Dropout in MARCNN
branches

ReduceLROnPlateau, EarlyStopping on val-
idation loss

the efficacy of integrating multi-modal and multi-scale information sources in pol-

ishing process modelling.

6.4 Evaluation Metrics

To quantitatively assess the performance of the proposed models, three stan-

dard regression metrics were employed: Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and the Coefficient of Determination (R?).

These metrics offer complementary perspectives on the model’s accuracy, sensitiv-

ity to outliers, and explanatory power.

6.4.1 Mean Absolute Error (MAE)

Measures the average absolute difference between predicted and true MRR values.

1 n
MAE = — i — Ui 6.1
DIl (61)
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6.4.2 Root Mean Squared Error (RMSE)

Emphasizes larger prediction errors by squaring the residuals before averaging.

1 < A
RMSE = |~ (v — §:)° (6.2)
i=1

6.4.3 Coefficient of Determination (R?)

Represents the proportion of variance in the actual MRR that is captured by the

model. )
S (i —9)°

Here, y; and ¢; denote the actual and predicted MRR values respectively, ¥ is
the mean of the actual values, and n is the number of samples. Together, these
metrics provide a comprehensive evaluation of the model’s predictive quality in

both average-case and worst-case scenarios.

In summary, this chapter presented the architectures for baseline (ANN) model, a
more advanced model (MARCNN) and deep feature fusion using both to achieve
superior predictive performance. Deep feature fusion achieves better results by
combining an ANN for mean statistical features and a MARCNN for richer tem-
poral and spectral representations. The integration of these diverse inputs was
designed to exploit both global and localized patterns in the polishing process.
The next chapter presents a thorough evaluation of the proposed approach, in-

cluding ablation studies and performance comparisons with baseline models.



Chapter 7

Results and Discussion

This chapter presents a detailed evaluation of the proposed deep feature fusion
technique designed to predict Material Removal Rate (MRR) in the bonnet pol-
ishing process using multi-source sensor data. The predictive performance of the
deep feature fusion framework is systematically compared against two baseline
models: a stand-alone Artificial Neural Network (ANN) and a Convolutional Neu-
ral Network (CNN). The ANN model, which is adapted from earlier work [66],
processes mean force values and serves as the foundational reference. The CNN
model, by contrast, is designed to learn richer temporal patterns from segmented,
multi-domain features including time-domain (TD), frequency-domain (FD), and

discrete wavelet transform (DWT) representations.

Although the ANN model was retrained using the newly preprocessed dataset,
refined through automated clustering and segmentation, it continued to demon-
strate performance metrics consistent with those reported in prior studies. This
consistency validates the robustness of the ANN-based approach and highlights
the benefit of transitioning from manual to automated preprocessing, thereby en-

hancing scalability and reproducibility.

To exploit the complementary strengths of both global statistical summaries and
localized temporal features, a deep feature fusion architecture was proposed, in-

tegrating the ANN and CNN outputs into a unified prediction framework. This
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architecture is expected to improve generalization by simultaneously capturing
macro-level trends and micro-level dynamics of the polishing process. The subse-
quent sections provide a comprehensive analysis of model performance, including
comparative evaluation, ablation experiments, and model interpretability through

explainability techniques.

7.1 Results on Testing Data

To evaluate the effectiveness of the proposed modelling framework for MRR pre-
diction, three distinct neural architectures were compared: a baseline Artificial
Neural Network (ANN), a multi-branch Convolutional Neural Network (CNN),
and a hybrid deep feature fusion architecture combining both ANN and CNN out-
puts. Each model was trained and tested using a standardized dataset processed
through the proposed automated pipeline, which included clustering-based seg-
mentation and sensor signal alignment, to ensure fairness and consistency across

evaluations.

TABLE 7.1: Performance Comparison of ANN, CNN (without pH & Temp),
and Deep Feature Fusion Network

Model MAE (pym) R? Score RMSE
ANN [66] 0.0713 0.9854 0.1373
MARCNN (without pH & Temp) 0.0680 0.9772 0.1719
Deep Feature Fusion 0.0563 0.9881 0.1239

The ANN model served as the reference architecture, relying solely on mean force
features computed across each segmented tool path. This choice reflects the as-
sumption that global statistical trends, such as average load levels, correlate with
overall material removal behaviour. The model achieved strong results with an R?
score of 0.9854 and a mean absolute error (MAE) of 0.0713 pm. Importantly, de-
spite the model being retrained on data refined through automated clustering and

segmentation, its performance remained consistent with earlier results reported in
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literature [66]. It showed that the clustering for data segmentation has no effects

on results.

Clustering for data segmentation just automated the laborious task of finding
out the regions of no polishing zones and removing them from training data. This
reinforces the robustness of mean-based statistical models in capturing macro-level
trends, especially when supported by carefully engineered preprocessing steps that

preserve signal integrity.

The MARCNN model was introduced to capture localized, step-wise patterns in
the polishing process that are not accessible through global statistics alone. Struc-
tured as a multi-branch architecture, this model processes features across three
domains: time-domain (TD), frequency-domain (FD), and discrete wavelet trans-
form (DWT). Each branch extracts hierarchical representations from these inputs

using residual blocks and attention mechanisms.

The reported results correspond to a version excluding pH and temperature fea-
tures, as they show a slight increment in results. This finding discussed further
in detail in Section 7.5. The MARCNN;, trained without pH and Temperature
data, achieved an MAE of 0.0680 pm and an R? of 0.9772, validating its ability to
model more complex, dynamic relationships. However, a slight increase in RMSE
(0.1719) compared to the ANN suggests that while MARCNN captures local vari-
ations better, it may be more sensitive to outliers or overfitting in the absence of

global summaries.

The deep feature fusion architecture, which integrates the ANN and MARCNN
branches by concatenating their penultimate layer outputs before final regression,
yielded the best overall results across all metrics: an MAE of 0.0563 pm, an RMSE
of 0.1239, and an R? score of 0.9881. These outcomes indicate a synergistic effect,
the statistical insight from ANN complements the fine-grained temporal repre-
sentations learned by the MARCNN. From an engineering standpoint, this fusion
addresses a key challenge in polishing process modelling: the non-linear interplay
between macro-level process stability and micro-level force variations. The deep

feature fusion architecture’s superior performance demonstrates that combining
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domain-specific statistical summaries with deep representations of localized signal

behaviour leads to more accurate, robust, and generalizable predictions.

7.2 Results on Training Data

Following the evaluation on the test dataset, the training results of the models
are presented in Table 7.2. This allows for a comprehensive understanding of
each model’s learning capability and generalization by comparing performance
across both training and testing phases. The results are reported using the same
evaluation metrics: Coefficient of Determination (R?), Root Mean Squared Error

(RMSE), and Mean Absolute Error (MAE).

TABLE 7.2: Model Performance on Training Data

Model R? Score RMSE (pm) MAE (nm)
ANN [66] 0.9947 0.0846 0.0491
MARCNN (CNN) 0.9949 0.0833 0.0344
Deep Feature Fusion  0.9972 0.0616 0.0339

The results indicate that all models perform very well in the training data, achiev-
ing R? scores greater than 0.99, which means an excellent model fit. The ANN
model demonstrates solid predictive capability, though with slightly higher error
values due to its simpler, fully connected architecture. The MARCNN model ben-
efits from its ability to extract deep, domain-specific patterns through residual
connections and attention layers, leading to improved accuracy over the ANN.
The deep feature fusion outperforms both individual models on all training met-
rics, achieving the lowest MAE and RMSE, and the highest R?. This highlights the
effectiveness of combining the statistical ANN features with the deep multi-branch

feature learning of the MARCNN.

When comparing these results with the performance of the test set previously

discussed, a slight increase in RMSE and MAE is observed, as expected. However,
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the consistency between training and testing metrics, especially in the deep feature
fusion, suggests that the model has not over-fitted the training data. The ability
of the deep feature fusion to generalize effectively while maintaining high accuracy
validates the robustness of the proposed framework for predicting the real-world

material removal rate (MRR).

7.3 Model Prediction Analysis and Residual Dis-

tribution

To complement the quantitative metrics for testing dataset discussed previously,
a detailed diagnostic analysis was conducted to assess the predictive behaviour
and statistical integrity of the deep feature fusion technique. This section presents
a series of visualizations including prediction alignment plots, residual diagnos-
tics, and error distribution analyses, all aimed at verifying the model’s robustness,
generalization capacity, and suitability for real-world deployment in precision pol-

ishing processes.

7.3.1 Actual vs. Predicted MRR on Testing Set

The results highlighted in the evaluation tables suggest the improved prediction
performance of the deep feature fusion technique on validation dataset. For further
verification of the predicted results of validation set a plot for actual vs. predicted
MRR values on validation data is presented. Figure 7.1 shows the scatter plot of
predicted versus actual MRR values obtained on the test set. The close clustering
of points along the y = x reference line indicates a high degree of predictive fidelity
and minimal bias. Importantly, the model maintains its accuracy across the full
range of MRR magnitudes, demonstrating both generalizability and reliability in
predicting subtle and substantial material removal patterns alike. Such alignment
is critical in polishing applications, where over or under removal of material can

compromise surface quality and form accuracy.
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FIGURE 7.1: Scatter plot of actual vs. predicted MRR values. The red dashed
line represents the ideal y = x relationship.

To further verify the model’s statistical alignment, Kernel Density Estimation
(KDE) curves of the predicted and actual MRR distributions are plotted in Fig. 7.2.
The predicted distribution tracks the actual distribution remarkably well across
the domain. This indicates that the model is not only accurate in individual pre-
dictions but also in reproducing the global statistical characteristics of the target
variable. Such fidelity is essential for ensuring consistent performance across batch

production scenarios or extended polishing cycles.
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FIGURE 7.2: Kernel Density Estimation (KDE) curves comparing actual and
predicted MRR distributions.
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7.3.2 Residual and Error Distribution Analysis

Figure 7.3 depicts the residuals, defined as the difference between the actual and
predicted values, plotted against the predicted MRR. The residuals are symmet-
rically dispersed around zero and show no discernible trends or heteroscedastic
patterns. This uniform scatter indicates that the model’s errors are independent
of the magnitude of the predicted value, satisfying key assumptions of homogene-
ity of variance in regression modelling. Such behaviour enhances confidence in the

model’s deployment across varying polishing conditions and material batches.
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FIGURE 7.3: Residual plot showing prediction errors as a function of predicted
MRR. The red line denotes the zero-error axis.

The residual histogram in Fig. 7.4 shows a sharply peaked and nearly symmetri-
cal distribution centred around zero. The shape approximates a Gaussian curve,
further confirming the absence of systematic bias or skewed prediction behaviour.
From an engineering standpoint, this reflects a stable and unbiased estimator,
capable of maintaining predictive integrity across process noise and minor fluctu-

ations.

Finally, the histogram of absolute prediction errors in Fig. 7.5 underscores the
model’s precision. Most samples exhibit absolute errors clustered near zero, with
very few outliers. This confirms that the deep feature fusion technique not only

reduces average error but also maintains a narrow distribution of errors, a critical
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FIGURE 7.4: Histogram of residuals with KDE overlay, approximating a normal
distribution centred near zero.
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FIGURE 7.5: Histogram of absolute prediction errors. The distribution is
sharply skewed toward low-error regions.

requirement for high-precision polishing tasks where tolerance bands are often

tight.

Collectively, the diagnostic plots validate the predictive consistency and structural
reliability of the deep feature fusion technique. The close agreement between actual
and predicted distributions, combined with well-behaved residuals and low-error
magnitudes, reflect a mature model architecture. These characteristics are crucial

in real-world manufacturing environments, where prediction stability and precision
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are non-negotiable for achieving desired surface finish and form accuracy.

7.4 Explainability Analysis of the Proposed Model
(XAI)

To enhance transparency and interpretability of the proposed deep feature fu-
sion learning framework, explainability techniques were systematically employed
to analyse the internal decision-making mechanisms of each model component.
While the predictive accuracy of the deep feature fusion technique demonstrates
its effectiveness, understanding why the model performs well is essential, particu-

larly in engineering applications where trust and physical validity are critical.

The deep feature fusion comprises two distinct branches, a statistical ANN and a
feature-driven MARCNN;, each leveraging different input modalities and learning
representations. To interpret the contribution of input features in the ANN branch,
SHAP (SHapley Additive exPlanations) analysis was conducted. This method pro-
vides model-aware, game-theoretic attributions that quantify the marginal contri-
bution of each input variable to the output prediction, based on the mean force
features from the polishing process. In contrast, the MARCNN branch, which
processes segmented multi-domain time-series inputs (TD, FD, DWT, and slurry-
related features), was analysed using Grad-CAM (Gradient-weighted Class Ac-
tivation Mapping). Grad-CAM is a visual explanation technique that identifies
spatial or temporal regions within input representations that most influence the

model’s output, thereby offering interpretability at the feature map level.

This section presents a structured explainability analysis for the following three

configurations:

1. The ANN branch trained on mean force features.
2. The MARCNN branch without slurry-related pH and temperature features.

3. The MARCNN branch with the inclusion of pH and temperature inputs.
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Through this multi-perspective analysis, the objective is to validate whether the
learned patterns correspond with domain knowledge of the bonnet polishing pro-
cess and to identify latent interactions not easily observable via traditional statis-

tical analysis.

7.4.1 XAI for the ANN Branch via SHAP

To unwind the decision-making process within the Artificial Neural Network (ANN)
branch of the deep feature fusion network, SHAP analysis was performed. This
method provides a theoretically grounded framework rooted in cooperative game
theory to quantify the individual contribution of each input feature to the model’s
output. In this case, the ANN was trained exclusively on statistical features,
specifically the mean values of the six force components recorded during polish-
ing. These inputs encapsulate the cumulative force behaviour over each segment,
offering a compact yet informative representation of the polishing dynamics. The
rationale for using SHAP lies in its ability to attribute prediction outcomes to
individual features in a consistent and additive manner. Unlike simple correla-
tion metrics, SHAP values take into account the interactions among features and
how they combine non-linearly to influence the model’s predictions. This makes
SHAP particularly valuable for interpreting deep learning models, which often act

as “black boxes.”

Figure 7.6 presents the mean absolute SHAP values for each feature, effectively
ranking their overall importance. Notably, the Z3 sensor emerged as the most
influential input, followed by the X-axis and Z2 force components. This suggests
that forces exerted along the vertical axis, typically associated with the normal
contact between the bonnet tool and the workpiece, play a critical role in governing
material removal. The significance of the X-axis force further emphasizes the
influence of lateral frictional forces, which contribute to the energy dissipation
and abrasive interactions within the contact zone. In contrast, features such as
Y1 and Y2, which correspond to friction/drag force components along the less

mechanically engaged direction, contributed relatively less to the prediction.
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FIGURE 7.6: Mean absolute SHAP values for ANN input features (mean forces).
73, X, and Z2 show the highest contribution to MRR prediction.

The SHAP summary plot in Fig. 7.7 provides further insights by showing not only
the importance of each feature but also the direction and effect size of feature
values on the predicted MRR. The clustering of red points (representing higher
feature values) towards high positive SHAP values, particularly for Z3 and X, con-
firms that larger normal and lateral forces generally correspond to higher predicted
material removal rates. Conversely, blue points (representing lower input values)
cluster toward lower SHAP values, indicating lower predicted outputs. This re-
veals that the ANN model has learned a physically consistent mapping between
force magnitude and material removal response, in line with fundamental polishing
principles.

High
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F1GURE 7.7: SHAP summary plot for ANN model inputs. High force values
from Z3 and X-axis sensors contribute positively to predicted MRR.

An interesting and informative divergence appears when comparing SHAP results
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with traditional distance correlation metrics. For instance, although the Z3 fea-
ture did not exhibit the highest linear correlation with MRR as discussed in the
previous chapters, it was identified as the most influential under SHAP analysis.
This discrepancy indicates the presence of non-linear relationships or feature in-
teractions that are only captured when the full learning dynamics of the model are
considered. In this way, SHAP reveals not just associations, but causally-relevant
input contributions, which is critical for validating the physical plausibility of

learned models.

In practical terms, this explainability analysis has important implications. It as-
sures that the ANN branch is not arbitrarily learning statistical noise, but rather
is selectively attending to features that have clear mechanical relevance to the
polishing process. The model identifies those force components that represent
meaningful physical interactions, namely, the magnitude and direction of applied

contact forces, as key indicators of the rate at which material is removed.

The SHAP-based interpretation confirms that the ANN branch of the deep feature
fusion network successfully learns intuitive, physics-aligned relationships between
sensor-derived force features and the target output (MRR). In addition, it demon-
strates the utility of integrating explainability tools in data-driven manufacturing
research, providing model transparency, trustworthiness, and diagnostic insight,
especially crucial in applications where prediction fidelity and domain knowledge

must go hand in hand.

7.4.2 XAI for the MARCNN Branch via Grad-Cam (With-

out pH and Temperature)

To gain a deeper understanding of how the MARCNN (Multi-branch Attention-
Residual CNN) model processes domain-specific features and allocates relevance
to different signal representations, Gradient-weighted Class Activation Mapping
(Grad-CAM) was applied to its internal convolutional branches. This explain-

ability method allows us to visualize which feature domains, time-domain (TD),
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frequency-domain (FD), or discrete wavelet transform (DWT), contribute most

significantly to the model’s output prediction for each test instance.

Importantly, this analysis was performed using only the force signal-based features,
deliberately excluding the slurry-related parameters (pH and temperature). This
choice was guided by a key empirical observation: the highest performance metrics
were obtained from the MARCNN model when only force features were used,

without the inclusion of pH and temperature.

Although slurry properties are physically relevant to material removal, their effect
on the model’s predictive accuracy was found to be modestly marginal in this
dataset. This indicates that the force signals alone capture the dominant dynamics
of the polishing process, and hence are sufficient for both accurate prediction and

meaningful interpretability.

The resulting Grad-CAM heat-maps, shown in Fig. 7.8, illustrate the activation
intensity of each feature branch for three representative predictions. Colour gra-
dients range from blue (lowest relevance) to red (highest relevance), revealing the

degree of attention each domain-specific feature set receives.

TD Branch FD Branch

Sample-1

Sample-2

Sample-3

5 10 15 20
Feature Index Feature Index Feature Index

FicUrRe 7.8: Grad-CAM heat-maps showing branch-level feature activations
for three CNN predictions. Colour intensity reflects the relative importance of
TD, FD, and DWT features for each sample.
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7.4.3 Sample-Level Interpretations

Sample 1 shows an even distribution of activation across all three branches, sug-
gesting that TD, FD, and DW'T features jointly contributed to the prediction. This
indicates that the polishing behaviour in this sample was well-characterized by a
balanced mix of statistical, spectral, and transient signal attributes—consistent

with steady-state or uniformly varying process conditions.

Sample 2 exhibits stronger activations in the FD and DWT branches, implying
a greater emphasis on spectral and localized time-frequency information. Such a
pattern may arise under polishing conditions where force signals contain oscillatory
behaviour, possibly due to machine-tool interactions, surface waviness, or tool wear

effects.

Sample 3 demonstrates dominant activation in the DWT branch, indicating that
the model relied primarily on wavelet-based features for this case. This likely
reflects the presence of subtle, short-duration transients or localized disturbances
in the signal, which are well-captured by the DWT representation. The minimal
use of TD or FD features here suggests that traditional statistical summaries or

global spectral energy were insufficient to explain the underlying process dynamics.

This explainability analysis reinforces the architectural motivation behind MAR-
CNN: to process force signal data across complementary domains, each revealing
different aspects of polishing behaviour. The model’s ability to dynamically shift
attention among these domains indicates a form of adaptive learning that reflects

the non-stationary and multi-scale nature of the material removal process.

Moreover, the deliberate exclusion of slurry-related features in this analysis serves
to highlight the self-sufficiency and informativeness of force data. While pH and
temperature are known to influence chemical-mechanical interactions, their rel-
atively small marginal gain in prediction accuracy, observed during controlled
ablation studies, suggests that their contribution is secondary when compared to

the mechanical force profiles.
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Therefore, focusing the interpretability study on force-based features not only
provides a clearer window into the model’s physical understanding but also aligns
with the engineering reality that tool-workpiece interaction forces are the most

direct indicators of removal activity.

To sum up, the MARCNN model demonstrates the ability to intelligently parse
and prioritize signal domains according to the polishing context. The Grad-CAM
visualizations offer strong evidence that the model’s internal focus aligns with
physical intuition and that force-based features alone are highly sufficient for both

accurate prediction and meaningful explanation in the context of MRR forecasting.

7.5 Ablation Study: Evaluating the Impact of
pH and Temperature in MARCNN

This section presents an ablation study conducted to evaluate the influence of two
key environmental process parameters, slurry pH and temperature, on the pre-
dictive performance of the proposed MARCNN model. These variables, although
secondary to mechanical forces in the polishing process, are known to affect chem-

ical activity and surface reactivity.

To examine their contribution, the MARCNN model was tested in two configu-
rations: one using only force-derived features (Time-Domain, Frequency-Domain,
and DWT), and the other incorporating a fourth input branch comprising pH and

temperature.

TABLE 7.3: Ablation study results for MARCNN: with vs. without pH and
temperature input

Configuration MAE (um) R? Score RMSE
Without pH & Temp Data 0.0680 0.9772 0.1719
With pH & Temp Data 0.0691 0.9787 0.1659

Percentage Change +1.5% (1)  +0.15% (1) —3.49% (])
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7.5.1 Experimental Setup and Comparison Metrics

In both configurations, the MARCNN architecture maintained identical convolu-
tional and attention mechanisms for the three force-related branches. While the
version with environmental parameters added a shallow feed-forward branch for
the pH and temperature features. Table 7.3 compares the performance metrics,

MAE, R?, and RMSE, of both configurations over 10 experimental runs.

7.5.2 Observations and Interpretation

The results in Table 7.3 reveal a nuanced picture. While the inclusion of pH and
temperature led to a slight improvement in R? (by 0.15%) and RMSE (by 3.49%),
the Mean Absolute Error (MAE) increased by 1.5%. This suggests that while
the model may have captured slightly more variance in the data and reduced the
impact of outliers, its average pointwise accuracy deteriorated. The inconsistency
across evaluation metrics implies that pH and temperature data, though theoreti-
cally meaningful, contributed marginally and not uniformly to prediction quality.
This behaviour can be interpreted in light of the physical nature of the polishing
process. Force signals, especially those aligned with the Z-axis and X-axis, directly
capture the mechanical interactions at the polishing interface and therefore hold
primary explanatory power for material removal. In contrast, slurry pH and tem-
perature influence material removal through slower chemical and thermal effects,
which are both indirect and subtle in nature. Furthermore, their values exhibited
low temporal and spatial variance across polishing runs, limiting their information

content for learning-based models.

7.5.3 Architectural and Learning Considerations

From a deep learning perspective, the environmental input branch in the MAR-
CNN was relatively shallow compared to the force-feature branches equipped with
convolutional and attention layers. This structural asymmetry likely caused the

environmental pathway to receive less back-propagated signal during training.
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Moreover, due to the model’s inherent optimization behaviour, branches with
higher gradient flow (typically the force branches) naturally dominate learning

unless strong regularization or fusion is applied.

Additionally, it is plausible that some of the statistical effects of slurry pH and tem-
perature, such as their influence on slurry reactivity or tool-workpiece lubrication,
were already reflected in variations in the force signal itself. As a result, the envi-
ronmental features may have provided redundant information, adding complexity

without yielding substantial new learning.

7.5.4 Supporting Evidence from Explainability Analysis

This interpretation is further corroborated by the Grad-CAM-based branch-wise
activation plot shown in Fig. 7.9. While earlier visualizations (e.g., Fig. 7.8)
captured attention across different branches for individual predictions, the plot
below aggregates the relative activation strength across all feature indices within
each input stream: time-domain (TD), frequency-domain (FD), discrete wavelet

transform (DWT), and the pH/temperature inputs.

As shown in Fig. 7.9, the TD, FD, and DWT branches exhibit high and spa-
tially distributed activation values, confirming their substantial involvement in
the model’s decision process. In contrast, the pH and temperature branch shows
no activation for this sample and partial activation for some cases, with features
barely activated and a showing mild responses. This pattern indicates that while
these process parameters are not entirely ignored, they contribute far less to the

predictive logic of the model.

The limited activation suggests that the pH and temperature features likely en-
code low-salience or redundant information, especially when compared to the rich
temporal and spectral structure captured from force data. Their weaker influ-
ence may stem from lower variance, indirect correlation with material removal,
or insufficient signal strength for the model to learn robust associations during

training.
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FIGURE 7.9: Grad-CAM activation magnitudes across feature indices for all

MARCNN input branches for a sample prediction. Strong activations are ob-

served for TD, FD, and DWT features, whereas the PH and Temp branch shows
no activations.

These activation trends support the conclusion drawn from the ablation study
results that the inclusion of pH and temperature yields negligible improvement and
may even introduce mild inconsistency. Thus, the decision to prioritize process

force features in final model explainability and deployment is empirically justified.

Overall, the ablation study demonstrates that while pH and temperature are rele-
vant from a theoretical standpoint, their stand-alone inclusion within the current

architecture does not significantly enhance the model’s predictive capability.

Future studies may consider more advanced fusion strategies, temporal derivatives
of environmental variables, or attention-based cross-branch learning mechanisms
to better leverage this data. For the current model and dataset, however, the core

predictive power lies predominantly in the mechanical force features.



Results and Discussion 82

7.6 Evaluation of Predictive Gain vs. Computa-

tional Cost

The quantitative improvement in predictive accuracy may seem modest at first
glance, but it holds substantial practical value in high-precision polishing applica-
tions. The Mean Absolute Error (MAE) reduced from 0.0713 pm in the baseline
ANN model to 0.0563 pm in the proposed deep feature fusion network with a rel-
ative decrease of approximately 15 nm or 21%. Similarly, the Root Mean Squared
Error (RMSE) improved from 0.1373 pm to 0.1239 pm, while the R? score in-
creased from 0.9854 to 0.9881. In the context of ultra-precision surface finishing,
where tolerances are often within sub-micron or nanometre levels, even small im-
provements in prediction accuracy can result in significant downstream benefits.
For instance, during batch polishing operations across 50-100 runs, a per-run er-
ror reduction of 15 nm translates to a cumulative error avoidance of 0.75-1.5 pm.
This level of magnitude is sufficient to prevent rework, reduce over-polishing, or
eliminate the need for corrective processing. These improvements help ensure that
the workpiece remains within acceptable surface deviation limits and contribute

to reduced cycle time and less material waste.

The cost of achieving this improvement, from a computational standpoint, is care-
fully managed and largely concentrated in the training phase. The deep feature
fusion, which integrates an MARCNN with an ANN feature stream, requires more
computational resources than a stand-alone ANN. Model training and evaluation
were conducted on a cloud-based platform equipped with an NVIDIA L4 GPU
(24 GB VRAM), supported by 2-4 virtual CPUs and approximately 52 GB of
system RAM. The deep feature fusion architecture, while introducing additional
computational complexity compared to baseline models, remained computation-
ally feasible and was optimized to complete within a reasonable training time.
The marginal increase in training time is balanced by the improvement in predic-
tion performance. The sizes of these models are given below: The ANN model is
lightweight at 179 KB. The MARCNN branch alone is 155.6 MB. The final deep

feature fusion network amounts to 259.5 MB. The inference time for deep feature
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fusion network remains efficient, with processing times of 70 ms per input sample,
supporting a near real-time implementation. In near real-time or closed-loop pol-
ishing setups, this latency is negligible and compatible with industrial cycle times.
While the improvements in performance metrics may appear modest in isolation,
their cumulative impact over time, especially across repeated operations, can jus-
tify the one-time training cost. These gains contribute meaningfully to enhancing

process efficiency and predictive modelling accuracy.

To summarize this chapter, it can be concluded that the proposed deep feature fu-
sion strategy, comprising an ANN branch for statistical features and an MARCNN
branch for multi-domain time series inputs, demonstrated superior predictive per-
formance for estimating MRR in bonnet polishing. It consistently outperformed
stand-alone ANN and CNN models in terms of MAE, RMSE, and R?, validating
the complementary strengths of statistical and temporal representations. Diag-
nostic plots further confirmed that the deep feature fusion strategy maintained
low prediction bias and well-behaved residuals, indicating stable and generalizable

behaviour across diverse polishing conditions.

Explainability analyses revealed that vertical (Z-axis) and lateral (X-axis) forces
were the most influential in the ANN branch, while Grad-CAM visualizations
showed that the MARCNN model dynamically distributed attention across TD,
FD, and DWT features. Ablation results indicated that the addition of pH and
temperature data offered limited benefit and, in some cases, introduced inconsis-
tency, suggesting that force-based features remain the dominant drivers of pre-
dictive accuracy. Collectively, these results underscore the effectiveness and inter-
pretability of the proposed deep feature fusion approach for data-driven modelling

in precision polishing.



Chapter 8

Conclusion and Future Work

Conclusion

This study presented a comprehensive data-driven framework for predicting Mate-
rial Removal Rate (MRR) in bonnet polishing of optical surfaces using multi-sensor
time-series data. Recognizing the limitations of conventional physical models, such
as Preston’s equation, in capturing the complex, non-linear behaviour of modern
polishing systems, this work adopted a machine learning perspective grounded in
rigorous data preprocessing, domain-specific feature extraction, and model inter-

pretability.

A robust preprocessing pipeline was designed to address the inherent noise and
variability in force sensor data. This pipeline used K-means clustering to au-
tomatically identify and exclude non-polishing segments, followed by systematic
segmentation of polishing intervals into equal steps. From each segment, features
were extracted in multiple domains: time-domain statistics, frequency-domain
measures, and wavelet-based representations. Additionally, environmental pro-
cess parameters, slurry pH and temperature, were incorporated to explore their

supplementary predictive value.

The predictive modelling strategy was centred around a hybrid deep feature fu-

sion architecture. The deep feature fusion combined an Artificial Neural Network

84
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(ANN), trained on mean force features, with a Multi-Branch Attention Residual
Convolutional Neural Network (MARCNN), trained on domain-transformed time-
series inputs (TD, FD, and DWT). Each branch of MARCNN processed a specific
signal representation, capturing localized temporal patterns and high-frequency

behaviours that statistical features alone could not.

Together, the ANN and MARCNN branches fed into a fusion layer to predict MRR.
Performance evaluation showed that the deep feature fusion architecture achieved
superior predictive capability across multiple metrics, including a mean absolute
error of 0.0563 pum and an R? score of 0.9881. Compared to individual mod-
els, ANN and MARCNN alone, the deep feature fusion consistently outperformed
both, validating the hypothesis that fusing statistical and temporal feature path-
ways leads to more accurate and reliable predictions. Diagnostic visualizations,
including actual vs. predicted plots and residual histograms, further confirmed

the model’s robustness, with errors displaying normality and no systemic bias.

Explainable AT techniques were applied to provide transparency into model be-
haviour. SHAP analysis for the ANN branch revealed that the vertical (Z-axis) and
lateral (X-axis) forces had the highest impact on MRR prediction, aligning well
with physical expectations from contact mechanics. Grad-CAM visualizations of
the MARCNN model revealed sample-specific attention distributions across time,
frequency, and wavelet domains, offering insights into how the model weighs dif-

ferent signal features during prediction.

An ablation study revealed that while pH and temperature are theoretically rele-
vant, their inclusion had minimal impact on performance suggesting either weak
correlation with MRR or redundancy in the force signals. Overall, this work con-
tributes a reproducible, interpretable, and highly accurate predictive framework
for MRR estimation in precision polishing. It moves beyond black-box modelling
by combining engineered features with explainability, and lays a solid foundation
for real-time process monitoring, quality control, and future integration into smart

manufacturing environments.
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Future Work

This work lays the foundation for intelligent data-driven prediction of MRR in
bonnet polishing using multi-domain sensor inputs. Building on the demonstrated
potential of the current deep feature fusion network, future work will explore sev-
eral key directions to both deepen scientific understanding and improve practical

deployment capabilities.

Firstly, the integration of transformer-based models, which are well-suited for cap-
turing long-range dependencies and complex temporal dynamics, presents a com-
pelling opportunity to improve upon the CNN’s performance, especially in mod-
elling temporal variations in force signals. In parallel, additional process-specific
features, such as slurry particle size distribution will be incorporated to capture
the abrasive characteristics of the polishing medium, which are known to influence

MRR but were not fully exploited in the current study.

Furthermore, the current dataset is spatially limited, as MRR measurements were
collected from a narrow central strip of the workpiece. To address this limita-
tion, future work will involve synthetic data generation and augmentation, aimed
at simulating polishing across varied spatial zones. This would enable the de-
velopment of a model capable of predicting spatially distributed MRR patterns,

enhancing generalizability and usability for surface shape control.

Finally, to enable real-time monitoring and edge deployment in industrial environ-
ments, the model will be optimized for resource-constrained hardware platforms.
This will involve applying quantization, pruning, and compression techniques to
reduce model size and inference latency, while maintaining predictive accuracy.
Such advancements would pave the way for in-situ implementation on polishing

platforms, supporting adaptive process control and smart manufacturing.
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