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The Road Not Taken

Two roads diverged in a yellow wood,

And sorry I could not travel both

And be one traveler, long I stood

And looked down one as far as I could

To where it bent in the undergrowth;

Then took the other, as just as fair,

And having perhaps the better claim,

Because it was grassy and wanted wear;

Though as for that the passing there

Had worn them really about the same,

And both that morning equally lay

In leaves no step had trodden black.

Oh, I kept the first for another day!

Yet knowing how way leads on to way,

I doubted if I should ever come back.

I shall be telling this with a sigh

Somewhere ages and ages hence:

Two roads diverged in a wood, and I—

I took the one less traveled by,

And that has made all the difference.

· · · · · ·· · · · · ·· · · · · ·Robert Frost
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Abstract

In recent years, the convergence of human-in-the-loop (HITL) systems and intelligent

automation has led to a significant rise in the development of interactive systems where humans

and machines engage in seamless communication and perform tasks in the same working

space. Human-computer interaction (HCI), human-machine interface (HMI), and human-robot

interaction (HRI) form the foundational pillars of this multidisciplinary advancement, each

addressing distinct yet overlapping aspects of interaction. HCI traditionally focuses on how

human users interact with computational systems through graphical, tactile, or voice-based

modalities, facilitated by various sensing interfaces. HMI extends this paradigm to encompass a

broader range of electromechanical systems, including industrial devices and wearable sensors.

Whereas, HRI is a more specialized domain within this spectrum that explores the dynamic

interplay between humans and robotic agents. It emphasizes bidirectional perception, shared

control, and adaptive learning mechanisms to foster intuitive and responsive interaction in

real-world scenarios.

As these paradigms mature and are deployed in working environments, human-robot

collaborative tasks (HRCTs) gain greater prominence, particularly in the domains requiring

physical and cognitive cooperation between humans and robots. In such collaborative scenarios,

robots are no longer mere tools for isolated tasks but are intelligent partners capable of

interpreting human intent and responding to nuanced environmental cues. This advancement

requires robust perception modules, context-aware decision-making, and mutual adaptability to

manage uncertainty and ensure safety under various complex environments. The integration

of diverse sensor modalities that capture physiological and behavioral human cues offers

promising avenues for bridging the gap between human intention and robotic execution.

Such meaningful interaction facilitates shared autonomy through various learning tasks for an

assistive robot in applications such as rehabilitation, assistive manipulation, navigation, and

various other collaborative operations in regular and unstructured environments.
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In the context of human-robot interaction (HRI), the choice of sensor modalities plays

a very crucial role in interpreting human cues. It enables responsive collaboration between

human users and robotic agents and ensures safety in shared environments. Sensor modalities

can be broadly classified into two main categories i.e., contact-based and non-contact-based,

each offering specific advantages depending on the working environment. Contact-based or

wearable sensors, such as data gloves, magnetic trackers, surface electromyography (sEMG),

inertial measurement units (IMUs), accelerometers, etc., require physical attachment to the

user’s body to detect human intent in the form of muscle activity, kinematic movement

parameters, applied force/torque, etc. These provide rich physiological information that is

crucial for precise recognition of hand gestures, hand movement, hand activity, and other

motion intent estimation. These sensors can provide high signal fidelity and better temporal

resolution, making them particularly effective for capturing muscle activity, joint dynamics,

and force-related human cues. Such cues are critical for tasks involving fine motor control

such as prosthetic manipulation, assistive rehabilitation, health monitoring, gesture recognition,

etc. However, these modalities require precise placement, good connectivity, and stability

during data acquisition, and may cause user discomfort during prolonged and continuous

use. Moreover, these are also susceptible to motion artifacts, electrode displacement, and

signal drift over time, which can affect the data quality. Additionally, some systems may

require calibration or recalibration across sessions or users due to inter-session and inter-subject

variability, increasing complexity in the setup and handling. The need for direct skin contact,

especially in bio-signal sensors like sEMG, can lead to skin irritation and introduce variability

in skin-electrode contact resistance, especially during long-term deployments.

On the contrary, non-contact sensors, such as RGB cameras, infrared thermographic

imagers, or depth sensors can acquire human intent information from a distant place

without direct physical contact. These modalities enable vision-based cue detection, body

posture analysis, human action recognition, and gesture tracking, making them particularly

advantageous in scenarios where minimum physical interference and user comfort are desired.

These are especially essential in scenarios such as remote monitoring, robot guidance in

dynamic environments, teleoperation in hazardous environments, activity recognition in

ambient assisted living, and interaction support in socially assistive robotics. While non-contact

systems offer flexibility and ease of deployment, they are susceptible to environmental

variations like lighting conditions, occlusions, or background clutter, which can degrade the
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recognition accuracy.

This Thesis investigates both non-contact approaches, such as vision sensing for visual

cue interpretation in robot navigation guidance and assistive robotics environments, and

contact-based modalities, such as sEMG for muscular activation analysis in prosthetic control

and rehabilitation strategies, across separate studies. These complementary explorations

highlight how different sensing strategies can be effectively designed for specific human-robot

interaction or human-machine interface contexts, contributing to the development of robust and

application-specific HRI/HMI frameworks suitable for deployment in real-world environments.

Despite the advancements in sensor technologies and data acquisition systems for

human-robot interaction, several practical issues are encountered in real-world deployments.

One of the foremost issues is sensor-generated and environmental noise, which can significantly

impair the signal or image quality and deteriorate their subsequent processing. Vision-based

systems are particularly vulnerable to photometric irregularities such as lighting conditions,

contrast variations, and background clutter, all of which can disrupt the consistency in visual

cue detection. Similarly, wearable and contact-based sensors such as sEMG, IMU, and

accelerometer are prone to motion artifacts, crosstalk, sensor noise, and electrode displacement.

These interferences often introduce random fluctuations or irregular distortions that reduce the

reliability of feature extraction, especially during prolonged sessions or dynamic task execution

in unstructured environments. Another critical challenge lies in intra-subject and inter-subject

variability. Visual patterns, physiological signals, and behavioral expressions of intent can vary

widely across individuals due to anatomical, neuromuscular, and habitual differences. Visual

cues may be inconsistently performed or perceived due to human variability and contextual

differences across social and geographical boundaries. With wearable sensors, even within the

same subject, variations may occur across sessions due to muscle fatigue, inconsistent sensor

placement, or deviated motion dynamics. This inherent diversity in data characteristics makes

the development of generalizable models challenging and necessitates adaptive or personalized

strategies. Additionally, background clutter in the environment can significantly affect the

performance of non-contact modalities like vision sensors. Complex or dynamic backgrounds

make it challenging to isolate relevant visual features, such as hand gestures or body posture,

which are critical for accurate interaction modeling. This affects the robustness of visual feature

extraction and can lead to higher false positives or recognition failures in cluttered or real-world

environments.
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A further concern is the high dimensionality of sensor data, particularly when dealing

with large-sized image frames or rich signals such as EMG waveforms. Processing such

data in real-time is computationally expensive and often impractical for embedded or robotic

platforms. This highlights the need for effective dimensionality reduction (DR) techniques

that can retain the discriminative and structural information of the data while reducing the

computational burden. The use of manifold learning techniques, such as those explored

in this Thesis, provides a promising direction for balancing information preservation and

computational efficiency. In particular, this Thesis thoroughly investigates the family of

linear approximation-based manifold learning-inspired approaches, with a primary focus on the

locality preserving projection (LPP), which effectively preserves the local structural information

of the data in the projected subspace.

Moreover, a persistent challenge remains in the generalization of models across different

application scenarios. Algorithms trained on controlled environments or synthetic datasets

often underperform when exposed to unstructured environments with unseen conditions.

This lack of knowledge transferability necessitates the development of adaptive learning

strategies that can dynamically adjust to changing scenarios, sensor drifts, and user-specific

variations without requiring exhaustive retraining and offering more robustness to the system.

Eventually, real-world deployment of HRI systems must keep a balance between accuracy

and computational latency. High recognition accuracy is essential for reliable interaction, but

the requirement of computational resources must be sufficiently low to support the practical

deployment of such algorithms on embedded systems. This trade-off becomes particularly

crucial in scenarios involving real-world control, shared autonomy, or safety-critical tasks. In

the context of developing countries, where access to high-performance computing resources

may be limited, the need for cost-effective, energy-efficient, and resource-constrained solutions

becomes even more pronounced. Consequently, designing models that are both efficient,

reliable, and will be able to work well without relying on costly hardware remains a major

challenge in building practical and widely usable interaction strategies for HRI systems.

As mentioned above, dimensionality reduction techniques play a crucial role in

simplifying the input representations by projecting the original high-dimensional data onto

lower-dimensional subspaces. They need to do so while preserving the essential features

of the data, required for interpretation and classification in the reduced space. Effective

dimensionality reduction not only enhances computational efficiency but also improves model
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generalizability and robustness by filtering out redundant or irrelevant information from the

data. Traditional global dimensionality reduction methods such as principal component analysis

(PCA), linear discriminant analysis (LDA), and independent component analysis (ICA) have

been widely used due to their ease of implementation and computational efficiency. However,

these techniques often work under the assumption of global linearity and may fail to preserve

the local geometric relationships inherent in complex sensor data. Being linear dimensionality

reduction techniques, these techniques rely on the assumption that the underlying structure

of the data can be effectively captured using linear transformations. However, sensor data

in HRI applications such as vision-based cues or sEMG signals often exhibit nonlinear

characteristics due to various factors like anatomical differences, complex motion dynamics,

and environmental hazards. In such cases, linear techniques may be inadequate for uncovering

the true latent structure of the data. This has led to the exploration of nonlinear dimensionality

reduction approaches, particularly the family of manifold learning techniques such as isomap,

locally linear embedding (LLE), and Laplacian eigenmaps (LE), which attempt to discover

low-dimensional embeddings that preserve the intrinsic geometry of the data. However, many

of these methods lack an explicit mapping function, making it difficult to handle new samples

under real-world implementations. To address these challenges, this Thesis focuses on locality

preserving projections (LPP), a DR technique that explores the nonlinear local structure of the

data by linear approximation strategies, while enabling efficient computation and generalization

to new data points. LPP captures the intrinsic local structure of the high-dimensional data by

constructing a nearest-neighbor graph and projecting the data onto a subspace that preserves

such local relationships. Unlike PCA or LDA, LPP does not seek global variance maximization

or class separability alone, but rather emphasizes preserving intrinsic neighborhood proximity,

making it highly effective in scenarios involving dynamic motion cues, irregular visual cues,

sensor disturbances, and human variability. Its ability to produce an explicit linear mapping and

enable straightforward projection for the new test samples are critical for real-world deployment

in embedded systems.

While the locality preserving projection offers clear advantages in preserving local

geometric structures of high-dimensional data, several issues still persist with the traditional

form of this technique, under irregular data conditions. One of the major concerns lies in the

sensitivity of graph construction to noise and outliers. Traditional LPP relies on Euclidean

distance-based similarity graphs, which can be heavily influenced by lighting variation and
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background clutter in vision-based systems, or artifacts arising from sensor disturbances

and motion dynamics. This reliance on fixed-distance kernels makes the resulting weight

matrix vulnerable under non-ideal conditions, thereby reducing the discriminative power of the

projected subspace. Another important aspect is that standard LPP-based approaches ignore the

feature-specific importance of the data. Across various sensing modalities in HRI applications,

not all the features contribute equally to human intent recognition or task discrimination.

However, the conventional similarity graph used in LPP construction does not account for

this relevance or discriminative capacity of individual features from the data. It focuses solely

on spatial proximity between data samples, thereby discarding valuable information from the

feature domain. As a result, the generated subspace may remain inadequate to emphasize

semantically meaningful components of the data, especially in multimodal sensor data with

heterogeneous characteristics. Additionally, the similarity matrix in standard LPP is restricted

to Euclidean geometry, which assumes that the underlying samples lie on a flat, linear manifold.

In practical scenarios, such as with biological signals e.g., sEMG, or with natural visual scenes,

the data often resides on complex, nonlinear manifolds (e.g., Riemannian). The Euclidean

assumption thus limits LPP’s ability to fully encode spatial and contextual relationships among

samples, leading to suboptimal embedding, especially in cases of data corruption. Encoding of

nonlinear data structures requires models that are capable of adapting to curvature and topology

in the data space. Furthermore, the use of inflexible similarity matrices, such as fixed Gaussian

kernels, restricts LPP’s adaptability across different sensing conditions and modalities. A fixed

kernel may not effectively model relationships across varying sensor anomalies, noise levels,

or inter-class/intra-class separations. The absence of adaptive distance modeling mechanisms

limits LPP’s scalability in heterogeneous datasets, such as those containing new data samples

with previously unseen corruption. This creates a strong necessity for context-aware variants of

LPP that can dynamically modulate the similarity function based on the statistical and geometric

properties of the input data.

Taken together, these limitations motivate the need for robust, adaptive, and semantically

aware extensions of LPP that can handle the diverse and noisy nature of HRI data. Several

variants are developed in this Thesis work by incorporating adaptive spatial kernels, granular

computing-aided kernel fusion, noise-resilient distance metrics (e.g., Euler, Grassmannian),

uncertainty-aware similarity fusion, sparsity-inducing regularizations, etc. These adaptations

not only enhance class separability and subspace stability but also ensure that the learned
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embeddings remain interpretable and computationally viable for deployment in real-world,

embedded platforms inside HRI frameworks. The entire work can be broadly perceived in

two research verticals i.e., (i) LPP-based strategies for vision sensor-based modalities and (ii)

LPP-based strategies for wearable sensor-based modalities. The augmented LPP variants from

both these research verticals majorly focus on offering more accurate, reliable, robust, and

computationally inexpensive solutions. Their performance was extensively evaluated across

both vision and wearable sensor modalities, and their performance outcomes are summarized

below.

The proposed LPP-based frameworks demonstrated notable performance across both

vision and wearable sensor modalities. For vision-based symbolic cue data, the conventional

LPP achieved about 99% accuracy under normal illumination but deteriorated to nearly

55% under the darkest condition. The proposed ALPSK-BLPP framework improved this

to approximately 71%, while granular computing-based extensions such as REGF-2DLPP

and dNG-2DRLPP further enhanced performance up to 81% and 85%, respectively. Under

noisy conditions, the proposed LTrP-BLPP algorithm achieved around 85% accuracy at

35% salt-and-pepper noise density and 89% under speckle noise with variance = 0.35,

outperforming the traditional LPP by 12 − 15% accuracy margins. Similarly, variants

like HRLTP-BLPP maintained about 80− 84% accuracy under simultaneous illumination

degradation (dark level-2) and noise corruption (either of salt-and-pepper or speckle noise), and

dNG-2DRLPP achieved ∼ 82% under Gaussian noise (variance = 0.35). For wearable sEMG

data, the proposed UaBMA-OLPP and RPNG-OLPP models respectively achieved around 88%

and 89% recognition accuracies, showing higher resilience than the classical LPP (∼ 81%)

framework. The robust RPNG-OLPP variant maintained 77−84% accuracy even under noisy

conditions for the sEMG dataset.
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Chapter 1

Introduction

T he field of human-robot collaboration (HRC) has witnessed rapid advancements over

the past few decades, driven by the demand for intelligent and intuitive machines and

robots that can operate seamlessly in dynamic and unstructured environments. From industrial

co-working scenarios to assistive robotics for healthcare and rehabilitation, the integration

of sensing, interpretation, and decision-making mechanisms has become a fundamental

requirement in enabling robots to understand and respond to human cues effectively.

One of the key challenges in such collaborative environments lies in the accurate and

robust interpretation of human inputs, acquired through diverse sensing modalities. These

inputs may arise from vision-based cues, such as body pose, hand gestures, or semiotic

visual markers captured through optical sensors, or from physiological signals acquired via

contact-based modalities, such as surface electromyography (sEMG). However, both these

sensory streams are inherently vulnerable to sensor noises and are subjected to various

real-world disturbances; including poor illumination, occlusions, motion blur in visual data

[1], signal variability and artifacts due to improper sensor placement, muscle fatigue, and

inter/intra-subject differences in EMG data [2].

To address these issues, dimensionality reduction and feature extraction techniques have

played a pivotal role in obtaining discriminative representations from high-dimensional raw

sensor data. Classical global methods like principal component analysis (PCA) [3] and linear

discriminant analysis (LDA) [4] often fail to capture the nonlinear structures embedded in such

data. In contrast, nonlinear manifold learning techniques such as isometric feature mapping

(Isomap) [5], Laplacian eigenmaps (LE) [6], and linearly approximated techniques e.g.,

locality preserving projection (LPP) [7] provide more appropriate alternatives by preserving

neighborhood structures and local geometries during projection.

Recent extensions of LPP, such as uncorrelated discriminant LPP (UDLPP) [8],

orthogonal LPP (OLPP) [9], fast orthogonal LPP (FOLPP) [10], bilateral LPP (BLPP) [11],
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multi-scale LPP (MSLPP) [12], two-dimensional LPP (2DLPP) [13], and two-dimensional

robust LPP (2DRLPP) [14], have further enhanced the performance against various

environmental irregularities [15]. However, despite these advancements, several challenges

remain unaddressed. Many existing variants still rely on spatial similarity measured via

Euclidean distance alone, making them sensitive to outliers, occlusions, and structural

noise in both vision and physiological data [11]. Furthermore, most formulations lack

adaptability in integrating complementary feature domains (e.g., spatial and range), and

hence do not effectively capture multi-channel information [16]. They also may fail to

work with the same efficacy under varying lighting conditions, motion blur, and sensor

aging [17]. In wearable sensing, such as sEMG-based applications, inter-subject variability,

poor signal-to-noise ratio, and muscle fatigue effects continue to degrade performance [18],

especially when classical graph construction strategies [7] are used without adaptive weighting

or sparsity constraints. To address these limitations, this Thesis proposes several novel

LPP-based frameworks designed specifically for robust subspace learning in real-world, diverse

sensing environments. Collectively, these methods represent a significant advancement over

traditional LPP approaches by integrating data-driven kernel construction, multi-channel fusion,

sparsity-enforcing constraints, adaptive graph modeling, etc.

This Thesis explores the development and application of such LPP-based dimensionality

reduction frameworks for two complementary yet distinct domains within HRC: (i) visual

cue-driven robot navigation guidance using monocular vision sensors, and (ii) human intent

recognition through hand activities using sEMG signals. By proposing novel variants of LPP

and evaluating them in real-world experimental setups, the work aims to contribute toward more

resilient and deployable perception systems for the next-generation collaborative robots.

1.1 Background and Motivation

Human-robot collaboration (HRC) represents a major shift in how autonomous systems and

humans share, interact, and co-function within dynamic workspaces. Unlike traditional robotic

systems confined to structured environments and repetitive tasks, collaborative robots (cobots)

are being increasingly deployed in unstructured real-world scenarios; ranging from industrial

premises and service robotics to assistive and rehabilitative applications. These applications
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demand not only physical proximity and safety but also semantic understanding and adaptive

interpretation of human behavior and intent [19].

The fundamental goal of HRC lies in enabling intuitive and natural interaction between

humans and robots. This necessitates multimodal sensing frameworks that can reliably capture

diverse forms of human input such as hand gestures, body posture, or physiological activity,

and interpret them with low latency and high precision [20]. Vision-based sensing [21] and

wearable/contact-based techniques [22] have emerged as two dominant categories in this regard,

each offering unique benefits with unavoidable and distinct challenges. While visual sensors

enable non-invasive, wide-field monitoring of gestures and movements, they are highly sensitive

to environmental conditions like illumination or occlusion [23]. Conversely, physiological

signals such as surface electromyography (sEMG) provide a direct means of understanding

muscle activity and user intention but suffer from variability, noise, and user-dependent

inconsistencies [24].

In such distinct modality systems, a critical computational requirement is the ability to

extract robust and compact representations from high-dimensional, noisy, and redundant sensor

data [25]. Dimensionality reduction techniques address this challenge by mapping raw sensor

input to lower-dimensional subspaces that retain the most discriminative information. However,

classical approaches such as PCA or LDA often fail to preserve the local, nonlinear structures

intrinsic to real-world human-robot interaction data. This Thesis builds upon these challenges

to develop robust DR techniques, particularly locality preserving projection (LPP) and its novel

extensions, aimed at enhancing perception and decision-making pipelines in both vision-guided

and EMG-driven collaborative robotic systems.

1.1.1 Human-Robot Collaboration in Real-World Environments

Human-robot collaboration (HRC) has rapidly evolved from isolated research verticals to

widely deployed systems across industrial, military, domestic, and healthcare domains.

Closely related to this is human-robot interaction (HRI), a broader field that investigates the

communication, behavior, and decision-making dynamics between humans and robots. As

the boundaries between human and robotic workspaces shrink, robots are no longer confined

to restricted spaces or fixed trajectories. Rather, they are now expected to operate in close

physical proximity with humans by interpreting their commands, adapting to uncertainties,
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and ensuring safety in real-world setups. This transition has been driven by the growing

demand for intelligent machines that can function seamlessly in unstructured and dynamic

environments, performing tasks such as navigation assistance, object manipulation, assembly

operation, heavy-duty jobs, and rehabilitative support [26].

Real-world HRC systems must accommodate a wide range of variability, including

changes in lighting, occlusion, cluttered backgrounds, uncertain human behavior, senor

placement issues, and sensor degradation. Unlike simulated environments, physical deployment

often exposes systems to unpredictable photometric conditions, erratic signal artifacts, and

hardware anomalies. Collaborative robotics in such contexts requires the integration of robust

perception systems and adaptive decision-making strategies to interpret multimodal human cues

with high reliability [27].

Vision-based human guidance is a widely adopted modality in HRC. It allows users to

communicate their intent through body movements, hand gestures, hand activity, or symbolic

markers. In particular, specially designed visual markers can be used as a viable means in

assistive robot navigation tasks, where users provide easily recognizable, spatially distinct

gestures for directional control. These visual cues are mapped to semantic commands via

lookup tables, enabling real-time control of mobile robots in indoor and outdoor environments.

Such approaches benefit from being contactless and intuitive, but their robustness is often

challenged by low-cost sensor limitations, variable lighting conditions, and background

interference [28].

Beyond vision, wearable physiological sensing methods, such as surface electromyography

(sEMG) have enabled more nuanced forms of hand activity recognition, especially in

applications involving prosthetics, rehabilitation, and human-robot cooperative manipulation

[2]. By decoding muscle activity patterns, sEMG-based HRC systems allow users to perform

precise manipulator-driven tasks or to communicate abstract control signals to the robot. These

can be achieved by acquiring and analyzing sEMG patterns corresponding to different hand

activity gestures, through feature extraction and classification frameworks. Such recognition

forms a critical input layer in HRC systems, where the identified hand intent can be mapped to

corresponding manipulator actions, such as gripping objects, activating tools, or executing

specific assembly tasks. In prosthetic applications, the same framework can be used to

interpret user intention for initiating predefined grasp patterns or motion sequences. In

rehabilitative contexts, the system can monitor patient effort, detect intended motor function,
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and provide adaptive robotic assistance or feedback during therapy. Such systems have shown

significant promise in scenarios such as upper-limb assistive robotics and stroke recovery

therapy [29]. However, inter-subject variability, sensor noise, and real-time constraints remain

major bottlenecks in the reliable deployment of such systems [18].

Despite their complementary advantages, both vision and wearable sensing-based

HRI/HRC modalities demand robust computational frameworks that can handle high-dimensional

data, nonlinearities, environmental and sensory noise, etc. In response to these challenges,

this Thesis aims to develop novel dimensionality reduction frameworks that improve the

interpretability and resilience of sensor-driven HRC systems under realistic constraints.

1.1.2 Challenges in Vision-Based Sensing Systems

Vision-based sensing has become an integral component of modern human-robot interaction

(HRI) and human-robot collaboration (HRC) frameworks due to its non-intrusive nature, wide

spatial range, and intuitive interpretability. Optical sensors such as RGB cameras, infrared

imagers, depth sensors, and stereo vision systems enable robots to perceive and interpret human

gestures, body posture, and visual markers. This facilitates a wide range of collaborative tasks,

from navigation and object handling to intent recognition through visual cue interpretation.

However, the practical deployment of vision-based HRI/HRC systems in real-world

environments encounters several challenges. One of the most prominent issues is photometric

variability, where uncontrolled lighting conditions, shadows, and reflections significantly

degrade the quality of the captured image data. Such degradation adversely affects the

robustness of feature extraction techniques, making it difficult to accurately recognize gestures

or visual markers in poorly illuminated ambience [23]. Furthermore, background clutter and

occlusion which are common in unstructured environments, can corrupt the visual features,

leading to ambiguous or failed detection.

Low-cost monocular cameras, though easily accessible and lightweight, suffer from

limitations like resolution constraints, image quality, pixel density, and sensor noises; all of

which can hinder the precise localization and recognition of visual cues. In the context of

semantic visual marker-based navigation systems, the spatial configuration of the marker can

be distorted by camera tilt, variable distance from the sensor, partial occlusion, and ambient

illumination. This poses significant challenges in interpreting visual cues consistently and
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reliably across users and scenarios.

Traditional global feature extraction techniques, such as principal component analysis

(PCA) [3], often fail to maintain local structural representations under such visual uncertainties.

While a few local texture descriptors like local binary patterns (LBP) [30], local ternary patterns

(LTP) [31], and their variants offer some robustness, their effectiveness weakens at higher noise

levels or non-uniform lighting conditions. Additionally, many conventional methods do not

consider channel-specific variations, often discarding rich color information by converting RGB

inputs into grayscale, leading to the loss of discriminative details [32].

These challenges necessitate the development of dimensionality reduction or feature

extraction techniques from the vision data that are resilient to illumination variation, sensor

noise, and spatial distortion. As investigated in this Thesis, integrating multi-domain

similarity information, adaptive spatial kernel modeling, channel-aware feature granulation,

fuzzy rule-based local feature decoding, etc., within the framework of novel dimensionality

reduction approaches, offers a promising direction toward achieving robust visual interpretation

in real-world HRC tasks.

1.1.3 Challenges in Wearable and Contact-Based Sensing Systems

Wearable and contact-based sensing systems have emerged as vital tools in human-robot

interaction (HRI), enabling the acquisition of physiological and biomechanical signals that are

closely linked to human intent. Among these, surface electromyography (sEMG) is widely used

for interpreting muscle activation patterns, providing a direct means to decode motor intentions

and enable user-adaptive control of robotic systems. Such approaches are particularly relevant

in assistive robotics, prosthetics, and rehabilitation, where capturing user intent is essential for

seamless collaboration between humans and robots [15].

Despite their potential, wearable sensing systems are inherently challenged by

several practical limitations when deployed in real-world environments. One major

issue is the inter-subject and intra-subject variability in sEMG signals. It arises from

anatomical differences, muscle fatigue, electrode placement inconsistencies, and variations

in skin-electrode impedance over time. These factors can cause substantial fluctuations in

signal quality and pattern, even for the same activity performed by different users or repeated

across sessions. Such variability makes it difficult to generalize automatic learning models

6



Chapter 1. Introduction

across individuals without extensive calibration.

Another critical concern is the presence of inherent distortions in sEMG recordings,

especially under dynamic or unconstrained ambient settings. Motion artifacts, environmental

interference, and signal degradation due to sweat, movement, or electrode displacement can

contribute substantially to noise contamination in sEMG signals. These adversely affect the

robustness of dimensionality reduction algorithms designed for hand activity classification

tasks. In addition to signal-level challenges, wearable systems introduce ergonomic and

usability issues, such as discomfort from prolonged usage, constraints on natural movement,

and dependency on frequent recalibration. These factors can limit their long-term usage or user

adherence in real-world scenarios, particularly in sensitive domains like hand prosthetics and

clinical rehabilitation.

To address these multi-dimensional challenges, this Thesis investigates robust subspace

learning methods that enhance the reliability and generalizability of sEMG-based activity

recognition under variable and noisy conditions. By incorporating adaptive graph structures,

sparsity constraints, and manifold fusion strategies into the dimensionality reduction pipeline,

the proposed methods aim to mitigate the effects of signal inconsistency and improve

cross-subject performance in wearable sensing-based HRC systems.

1.1.4 Limitations of Classical Dimensionality Reduction Techniques

In sensor-driven human-robot collaboration (HRC) systems, high-dimensional data is often

generated by vision sensors (e.g., RGB cameras) and physiological signals (e.g., sEMG). These

data streams are often redundant, noisy, and complex in structure. To extract meaningful,

compact representations for subsequent tasks like classification or recognition, dimensionality

reduction (DR) techniques are widely employed. Classical DR methods such as principal

component analysis (PCA) [3], linear discriminant analysis (LDA) [4], and independent

component analysis (ICA) [33] have long served as foundational tools in this space due to

their simplicity and efficiency.

However, these traditional methods exhibit several critical limitations when applied to

real-world, multimodal HRC scenarios. Firstly, most classical DR techniques rely on global

linear assumptions, which fail to capture the nonlinear, locally structured variations inherent

in human gestures, visual marker patterns, or muscle activation signals. For example, PCA
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projects data based on variance maximization without regard to class structure or neighborhood

preservation, leading to poor discriminability in complex datasets. Similarly, LDA assumes

Gaussian class distributions and seeks to maximize inter-class separability using global

statistics, which often breaks down under noise, occlusion, or class imbalance.

Another fundamental shortcoming lies in their inability to preserve local geometric

relationships among neighboring data points. Such relationships are critical for the accurate

classification of subtle visual markers or complex muscle activities. In contrast, dimensionality

reduction techniques such as Laplacian eigenmaps (LE) [6] and locality preserving projection

(LPP) [7] are better suited for such tasks, as they exploit the local neighborhood structure of the

data space to retain intrinsic relationships during projection.

Moreover in vision-based problems, classical DR methods typically operate on vectorized

representations of 2D image data, thereby destroying the spatial structures and increasing

computational complexity. This transformation can cause the loss of important spatial

correlations, especially in hand gesture or visual cue recognition frameworks. Two-dimensional

extensions like 2DPCA [34] and 2DLDA [35] were introduced to address this, but they too

fall short in robustness under adverse conditions such as illumination changes or non-uniform

backgrounds.

In wearable sensing, methods like PCA and ICA lack robustness against signal variability

and artifacts introduced by muscle fatigue, electrode shifts, or motion-induced interference.

As these methods often treat all features equally, they fail to reduce the influence of noisy or

redundant components, leading to degraded performance in sEMG-based activity recognition.

To overcome these limitations, the research presented in this Thesis builds on the

foundations of locality-based dimensionality reduction approaches while introducing explicit

subspace learning frameworks that are robust to real-world distortions, noise, and user

variability. By integrating novel approaches like adaptive kernel construction, channel-wise

image handling, granular computing-based segmentation modeling, sparsity-enforced

regularization, and possibilistic graph modeling, the proposed techniques improve both

interpretability and generalization in sensor-driven HRC tasks.
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1.2 Role of Dimensionality Reduction in Human-Robot

Interaction Strategies

Human-robot interaction (HRI) systems often operate on high-dimensional data originating

from multimodal sources such as vision sensors and physiological signals. These data

streams are rich in temporal, spatial, and contextual information but are also inherently

redundant, noisy, and computationally expensive to process in their raw form. For

real-time interpretation and robust decision-making in HRI scenarios, it becomes essential to

transform this high-dimensional input into compact, informative representations that preserve

task-relevant characteristics while suppressing distortions, variability, and noise.

Dimensionality reduction (DR) techniques play a critical role in this transformation

process by mapping raw sensor data into lower-dimensional subspaces that retain the essential

structural information needed for application-specific processing tasks such as classification,

regression, trajectory planning, and robotic guidance. In vision-based HRI systems, DR

techniques must facilitate the recognition of visual cues under variable lighting, and in the

presence of background clutter, sensor noise, etc. Similarly, in wearable sensing applications,

such as sEMG-based activity recognition, effective DR techniques should help manage

inter-subject variability, signal artifacts, and computational complexity, and improve the

generalizability of recognition models. Classical approaches like principal component analysis

(PCA) and linear discriminant analysis (LDA) have long been employed for dimensionality

reduction due to their mathematical simplicity and interpretability. However, their reliance

on global variance or class-level statistics often limits their ability to preserve local structural

relationships in the data. These relationships are crucial in capturing subtle variations in visual

marker patterns or muscle activity types. To overcome these limitations, nonlinear manifold

learning-based and manifold-inspired linear approaches have gained attention for their ability

to model complex, locally varying geometries in high-dimensional spaces.

Among these, locality preserving projection (LPP) and its extensions have emerged as

particularly well-suited for sensor-driven HRI tasks. LPP preserves the intrinsic neighborhood

structure of the data and provides an explicit mapping that facilitates newer samples in real-time

projection [7]. Building on this foundation, recent advances including multi-kernel LPP [11],

LPP with similarity measures in nonlinear spaces [16], LPP with orthogonality constraint
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[9], LPP with uncorrelated discriminant [8], LPP with 2D data handling [13], etc., have

further improved the resilience of subspace learning models against environmental noise, signal

degradation, and user variability.

This section explores the evolution of dimensionality reduction techniques from

traditional global methods to nonlinear manifold learning with their linear approximations,

and subsequently to their multi-dimensional robust variants. It leads to customized projection

strategies such as LPP and its tailored variants for robust HRI modalities under real-world

constraints.

1.2.1 Traditional Global Dimensionality Reduction Approaches

Traditional global dimensionality reduction (DR) techniques have long served as foundational

tools in machine learning, pattern recognition, and signal processing. These methods aim to

transform high-dimensional input data into a lower-dimensional subspace while preserving as

much of the original structural correlation as possible. Their global nature implies that they

primarily operate based on overall data distributions or class-level statistics, often without

explicitly considering local geometric relationships between neighboring data points.

Principal component analysis (PCA) is among one of the most widely used global DR

methods, which identifies orthogonal directions i.e., principal components in the feature space

that capture the maximum variance in the data [3]. By projecting the data onto a reduced set

along these directions, PCA facilitates efficient representation and noise suppression. Despite

its simplicity and effectiveness in well-structured datasets, PCA is inherently unsupervised

and does not incorporate class label information, making it suboptimal for classification tasks

where discriminative feature learning is crucial. Moreover, it ignores local spatial relationships

among data samples which is very crucial in context-aware high-dimensional data projections.

Linear discriminant analysis (LDA) extends the unsupervised DR approaches by introducing

class supervision [4]. LDA seeks to maximize the ratio of between-class scatter to within-class

scatter, thereby enhancing class separability in the projected space. It relies on class means

and global covariance matrices, assuming that the class distributions are linearly separable and

follow Gaussian statistics. While effective in certain scenarios, LDA often struggles when

the number of samples per class is limited (small-sample-size problem) or when data lies on

nonlinear manifolds which is quite common in vision and EMG-based human-robot interaction
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(HRI) strategies. Another global method, independent component analysis (ICA), focuses

on finding statistically independent components by maximizing non-Gaussianity in the data

distribution [33]. ICA has been particularly explored in biomedical signal processing, such as

electroencephalography (EEG) and electromyography (EMG), for artifact removal or source

separation [39]. However, ICA requires strong assumptions about source independence and is

highly sensitive to noise and dimensionality, making it less suitable for complex, noisy, and

unstructured data modalities.

Despite their mathematical simplicity and computational efficiency, these global

approaches are limited in their ability to capture nonlinear structures or local neighborhood

relationships, which are crucial aspects while analyzing real-world sensor data with high

variability, clutter, noise, etc. For instance, in vision-guided HRI, gestures or marker patterns

may vary subtly depending on lighting, pose, or user-specific execution. Similarly, in

wearable EMG applications, inter-subject differences and signal distortions introduce complex

nonlinearities that are not well modeled by such global statistics alone. These limitations have

led to the growing adoption of nonlinear manifold learning and their linear approximations,

which aim to uncover the intrinsic low-dimensional geometry of the data. While these

approaches improve representation quality, many suffer from the lack of an explicit mapping

function, hindering their applicability in real-time or unseen data scenarios. This motivates

the development of localized, projection-based subspace learning frameworks, such as locality

preserving projection (LPP) [7], which combine the benefits of manifold learning with linear

approximation and explicit transformation capabilities. These are discussed in detail in the

following subsections.

1.2.2 Emergence of Manifold-Inspired Learning Techniques

The limitations of classical global dimensionality reduction techniques in modeling real-world,

complex sensor data have led to the rise of nonlinear manifold learning techniques and their

linear approximations. These methods are built on the assumption that high-dimensional

data, such as visual gestures or physiological signals spread over a low-dimensional, nonlinear

manifold, embedded within the ambient space. Instead of relying on global variance or class

separation statistics, manifold-inspired methods aim to uncover the intrinsic geometry of the

data by preserving local neighborhood relationships, geodesic proximity, or reconstruction
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characteristics during dimensionality reduction.

Some of the prominent approaches from the manifold learning family can be named:

isometric feature mapping (Isomap) [5], locally linear embedding (LLE) [36], and Laplacian

eigenmaps (LE) [6]. Isomap seeks to preserve the spatial relationship between all pairs of points

on the manifold by approximating them through shortest-path computations on a neighborhood

graph. It is particularly useful for data with global nonlinear structure but is sensitive to graph

connectivity and outliers. LLE attempts to preserve the local linear structure of the data by

assuming that each point and its neighbors lie on a locally linear patch of the manifold. LLE

computes low-dimensional embeddings that best reconstruct these relationships. Laplacian

eigenmaps use spectral graph theory to construct embeddings that preserve local similarities

between neighboring data points by solving a graph Laplacian-based eigenvalue problem.

While these techniques are effective in revealing the manifold structure and

producing meaningful embeddings, they often lack an explicit mapping function from the

high-dimensional input space to the reduced subspace. This absence of a parametric or

closed-form transformation limits their applicability in real-time systems or new data streaming

scenarios, where unseen data points must be projected efficiently without retraining the entire

model. Additionally, their reliance on fixed neighborhood graphs can lead to instability when

applied to noisy or cluttered data, which is common in HRC applications such as vision-based

cue recognition or EMG signal interpretation.

In human-robot interaction tasks, nonlinear manifold learning has shown promise in

enhancing the recognition of complex patterns, such as hand gestures with subject-wise

variation, visual markers with inconsistent configuration, and physiological signals affected

by electrode shifts or user-specific characteristics. However, their non-parametric nature and

computational resource consumption restrict their deployment in embedded, time-constrained

environments, especially where model interpretability and generalization to new samples are

critical.

To overcome these limitations, several linear approximations of nonlinear manifold

methods have been proposed. Notable among them are neighborhood preserving embedding

(NPE) [37], neighborhood preserving projection (NPP) [38], and locality preserving projections

(LPP) [7], which attempt to retain the advantages of manifold learning while offering explicit

linear mappings. These methods are particularly useful in HRC systems where real-time intent

recognition, adaptability, and computational feasibility are essential. The next subsection
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focuses on LPP and its several recent extensions, which form the backbone of the subspace

learning models proposed in this Thesis.

1.2.3 Locality-based Learning: LPP and Its Variants

Locality preserving projection (LPP) is a prominent subspace learning method that serves

as a linear approximation of the nonlinear Laplacian eigenmap problem [7]. It addresses

the key limitations of both global dimensionality reduction techniques (e.g., PCA [3], LDA

[4]) and nonlinear manifold learning methods (e.g., LLE [36], Isomap [5]), by combining

neighborhood-preserving capabilities with an explicit linear mapping. This makes LPP

especially suitable for interpreting human-robot interactive cues, where real-time projection

of high-dimensional sensor data onto a lower-dimensional manifold is essential for intent

recognition or control through classification or estimation.

LPP constructs a graph-based Laplacian matrix to preserve local geometric structures

among data samples. Specifically, it builds a similarity graph using a k-nearest neighbor

(kNN) scheme and computes a weight matrix that encodes proximity between data points, often

based on a Gaussian heat kernel. The objective is to solve a generalized eigenvalue problem

that minimizes the distance between neighboring points in the projected space, effectively

preserving the local structure of the data manifold in the reduced subspace [7]. Unlike purely

nonlinear methods, LPP produces an explicit projection matrix W, allowing newer data samples

x to be mapped to y via a linear transformation y = W⊤x, a property that is vital for real-time

and embedded applications.

Despite these advantages, standard LPP still faces limitations in noise sensitivity, class

separability, and feature redundancy, particularly in the context of real-world HRI scenarios.

For instance, in vision-based systems, photometric variability, background clutter, and

occlusion can distort the spatial structure of visual cues, reducing the reliability of LPP-based

representations. Similarly, in wearable sEMG systems, inter-subject variability, motion-induced

signal artifacts, and sensor noise affect the stability of the LPP-projected feature space.

To overcome these shortcomings, several enhanced variants of LPP have been discussed

and evaluated in this Thesis. For example, discriminant locality preserving projection

(DLPP) [40] has been one of the earliest improvements on LPP, which incorporated class

label information to improve class separability while preserving locality. To address
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redundancy and overfitting, orthogonal DLPP (ODLPP) [41] was introduced which imposes

orthogonality constraints, thereby reducing the correlation between projection vectors. Later,

supervised kernel LPP (SKLPP) [42] was proposed which combines the label information

with nonlinear kernel mappings to enhance discrimination in complex feature spaces. To

handle data with higher intra-class variance and distributional irregularities, Monte Carlo

discriminant LPP (MC-DLPP) [43] was developed which employs stochastic sampling to

build robust class structures. Multiscale LPP (MSLPP) [12] on the other hand, extended

LPP by modeling local relationships at multiple neighborhood scales, capturing fine-to-coarse

variations in data. Orthogonal enhanced LPP (OELPP) [44] added further regularization

and orthogonality constraints to improve feature decorrelation in noisy environments. In

another work, LPP with autoencoder (LPPAE) [45] was augmented, which integrates LPP

with deep autoencoder architectures to capture nonlinear manifolds while retaining explicit

low-dimensional embeddings. Recognizing the importance of maintaining a two-dimensional

data structure, particularly in image analysis, 2DLPP was proposed as a matrix-based extension

that avoids vectorization and preserves spatial correlations better [13]. This was further

augmented into ℓ1-norm-based 2DLPP (2DLPP-L1) [46] and Robust 2DLPP (2DRLPP) [14],

which improved robustness against outliers and noise through sparsity-enforcing norms and

regularized formulations.

Collectively, these variants illustrate the growing trend of adapting LPP-based

formulations for robustness, discriminative capability, and computational feasibility in practical

sensing environments. However, many of these methods still face challenges such as reliance

on fixed graph structures, sensitivity to parameter tuning, and loss of spatial or feature-level

interpretability. These limitations motivate the need for further advancements, particularly in

the context of noisy, irregular, and heterogeneous data encountered in vision- and EMG-based

HRI systems.

1.3 Vision Sensing-Based Robot Guidance: State-of-the-Art

Vision sensing has become an integral component in enabling context-aware and intuitive

robot guidance in human-robot interaction (HRI) frameworks. Compared to other sensing

modalities, visual sensors offer a contactless, spatially rich, and semantically interpretable

14



Chapter 1. Introduction

stream of information, making them particularly well-suited for collaborative robotics, assistive

systems, and indoor navigation. In such scenarios, robots rely on visual cues which are often

provided by human users through body gestures, visual markers, or other structured patterns, to

infer the intent and execute subsequent tasks accordingly.

Early approaches to visual robot guidance primarily focused on human-supervised

systems, where symbolic gestures or predefined visual patterns were employed to convey

interpretable commands to the assistive robots. These cues are often encoded using simple

hand gestures or fabricated markers using geometric shapes or colored objects held in the

user’s hand, which are then detected by the onboard cameras mounted on mobile or assistive

robots. The extracted features are interpreted through rule-based systems or template-matching

methods to trigger predefined robot behaviors. While such systems are inherently intuitive and

inexpensive to deploy, they remain susceptible to various real-world factors such as inconsistent

illumination, occlusions, camera viewpoint variation, and visual background clutter.

However, in practical deployment, vision-based robot guidance systems must operate

under dynamic lighting conditions, sensor noise, and hardware constraints which are regular in

embedded systems. The raw image data obtained from low-cost monocular cameras often suffer

from intensity degradation, pixel corruption, and quantization noise, all of which hinder the

robustness and repeatability of the visual cue recognition system. These issues are particularly

pronounced in cluttered indoor environments where the distinction between foreground (e.g.,

cue marker) and background becomes visually ambiguous. These issues impact the accuracy of

traditional feature descriptors such as histogram of oriented gradients (HOG) [47], Gabor filters

[47], and local binary patterns (LBP) [30].

To address these challenges, there has been a growing focus on the development

of robust subspace learning methods, particularly those based on graph-based topology

and manifold learning principles, such as locality preserving projections (LPP) [7] and

its two-dimensional extensions [13], [14]. By modeling local geometric structures and

preserving spatial consistency in projection spaces, these methods offer improved resilience to

noise, illumination changes, and non-linear variations in visual formation. Moreover, newer

approaches have explored the integration of color-channel granulation, multi-dimensional

kernel fusion, fuzzy-based feature decoding, adaptive graph construction, etc., to better capture

the visual cue semantics under realistic conditions.

The subsequent subsections delve into the evolution of human-supervised visual cue
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systems, the impact of photometric and sensor-induced degradations, and the role of advanced

LPP-based models in enhancing the robustness and generalizability of vision-guided robot

navigation frameworks.

1.3.1 Human-Supervised Visual Cue Systems

In human-robot collaborative scenarios, direct supervision by human users through visual

signals remains a widely adopted mechanism for robot control and navigation, particularly in

assistive or constrained indoor environments. These systems rely on structured visual inputs,

such as hand-held objects, colored markers, or patterned arrangements; that can be intuitively

understood by users and interpreted by robotic platforms equipped with vision sensors. By

minimizing the need for complex interfaces or wearable devices, such systems provide a

low-cost and accessible channel for communicating high-level, intelligent instructions to the

robot.

For example, such visual guidance schemes can be facilitated by hand gestures, body

postures, human actions, artificial visual markers, etc., as demonstrated in several assistive

robotic application frameworks. In these systems, the human user waves his/her hands in a

specific direction or orientation with a specific gesture or holds an artificially fabricated visual

structure e.g., with a stick and a shaped marker at specific orientations or positions relative

to the robot’s field of view. Each unique spatial arrangement corresponds to a predefined

control command; such as forward motion, angular shift, left turn, right turn, or stop, thereby

enabling the robot to interpret human intent through symbolic gesture cues. The simplicity

of such gesture vocabulary makes it especially well-suited for scenarios involving elderly or

mobility-impaired users, where the ease of interaction is of utmost importance.

From a sensing standpoint, monocular RGB cameras are typically mounted on the robot

to capture incoming visual frames in real time. These inputs are processed to extract spatial

and appearance-based features from the visual cue patterns. The system then performs cue

recognition through a combination of preprocessing, segmentation, dimensionality reduction,

and classification. In early-stage implementations, rule-based decision-making systems or

template-matching methods were used to associate input patterns with corresponding actions.

However, such methods have been shown to be vulnerable under practical conditions due to

their sensitivity to illumination constraints, background variation, occlusion, and photometric
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inconsistencies [23].

To address these challenges, computational frameworks developed in this Thesis, aim to

introduce enhancements such as fine-grid granulation, adaptive spatial kernels, kernel fusion

strategies, and robust graph-based subspace learning techniques to better capture the salient

characteristics of visual cues in complex environments. These developments have improved

recognition accuracy in scenarios involving poor lighting, sensor noise, and background clutter.

Nevertheless, the reliance on structured markers implies that system performance remains

dependent on the clear visibility and separability of the cues from the surrounding context,

which can be an important aspect of implementing granular segmentations in this regard.

In practical applications, human-supervised visual cue systems have been successfully

integrated with IoT-enabled assistive robots, wherein camera streams are processed either

onboard or remotely, and the robot’s navigation responses are updated in real time. This

approach has proven effective in constrained indoor spaces such as laboratories, smart homes,

and assistive living. However, further robustness is still needed to accommodate unstructured

backgrounds, variable cue patterns, and different user approaches to cue presentation. Overall,

human-supervised visual cue systems offer a pragmatic and interpretable interface for guiding

robot behavior in shared spaces. Their continued evolution, particularly through robust feature

encoding and dimensionality reduction techniques, will be central to scaling such systems

beyond structured test environments into everyday use.

1.3.2 Photometric Degradation and Sensor Uncertainties

Vision-based robot guidance systems deployed in real-world environments often face significant

performance degradation due to variations in ambient lighting and inherent limitations of

low-cost camera sensors [49]. These photometric degradations, including uneven illumination,

shadows, and specularities can distort both the appearance and geometry of visual cues, thereby

compromising the consistency and accuracy of visual feature extraction. In human-supervised

cue systems that rely on symbolic markers or gestures, such degradations often lead to incorrect

segmentation, blurred boundaries, or misclassification, especially when the background is

visually cluttered or when the cue partially overlaps with similar-colored regions [32].

A typical challenge arises when the robot is in transition between zones with differing

lighting conditions, such as from well-lit areas to dimly lit zones. Under these conditions,
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the pixel intensities of the same cue pattern can vary significantly across frames. When

using monocular RGB sensors, which are commonly selected for their low cost and ease of

integration, the absence of depth and the reliance on intensity-based information make the

system especially sensitive to such variations. Moreover, hardware-related sensor noise such

as electronic noise, analog-to-digital converter (ADC) quantization error, and lens distortion

further complicates the task of reliable feature extraction [50]. These uncertainties get

intensified over time due to sensor aging, physical wear and tear, and temperature fluctuations,

all of which affect the optical fidelity of the captured image stream.

Traditional image descriptors like LBP, HOG, or Gabor filters show limited robustness

in such environments [11]. Their local neighborhood computations are often highly sensitive

to changes in absolute pixel intensity, and they generally lack mechanisms to distinguish

between actual cue structures and photometric artifacts. While some degree of invariance

can be achieved using measures like histogram equalization or color space transformation,

these preprocessing techniques alone do not suffice when both spatial and chromatic distortions

co-occur in real-time.

To mitigate these issues, recent approaches have explored adaptive feature encoding,

granular color channel modeling, and spatial-feature kernel fusion, which more effectively

capture structural patterns even in low-fidelity conditions. For example, previous approaches

like histogram refinement or feature-induced bilateral weighting were introduced to improve

robustness under photometric inconsistencies, demonstrating more reliable performance than

traditional LPP or PCA in indoor HRI tasks.

Despite these improvements, achieving consistent cue recognition across varying

environmental conditions remains an open challenge. Any practical vision-based robotic system

must account for these photometric and sensor-induced uncertainties through both algorithmic

resilience and adaptive sensing strategies. The next section explores how advanced LPP-based

models have been extended to address such limitations in real-world deployment contexts.

1.3.3 Advanced LPP Models for Robust Visual Cue Recognition

While locality preserving projection (LPP) offers a computationally viable and theoretically

strong method for preserving local structure in high-dimensional data, its standard formulation

remains vulnerable to various challenges encountered in real-world visual sensing interfaces.
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In particular, when applied to human-robot interaction (HRI) [51] scenarios involving symbolic

visual cues, the effectiveness of LPP can degrade due to environmental disturbances such as

illumination variability, background clutter, occlusions, and sensor-induced noise.

To improve robustness under such conditions, several advanced variants of LPP [7] have

been developed to improve its robustness, generalization, and structural preservation. One line

of enhancement focuses on enforcing orthogonality constraints to reduce redundancy among

projection directions and improve numerical stability. Among these, orthogonal LPP (OLPP)

[9] introduces orthogonal bases to ensure uncorrelated projections. Similarly, fast orthogonal

LPP (FOLPP) [10] and orthogonal enhanced LPP (OELPP) [44] add regularization to improve

scalability and noise resilience, especially when dealing with high-dimensional data or limited

training samples.

Another important direction is the development of two-dimensional LPP-based models

that preserve the matrix structure of image data. The traditional LPP operates on vectorized

inputs, thereby discarding the spatial layout of pixel intensities. To address this, 2D-LPP [13]

was introduced, allowing projections to operate on rows or columns of image matrices directly.

This was followed by 2DLPP-L1 [46], which replaces the ℓ2-norm in the objective function

with ℓ1-norm, offering improved robustness to outliers. Building further on these approaches,

Robust 2D-LPP (2DRLPP) [14] incorporates additional regularization terms to control model

complexity and suppress noise-induced variations in spatial structure.

Additional advancements in LPP modeling involve leveraging more adaptive or

discriminative mechanisms. For instance, Monte Carlo discriminant LPP (MC-DLPP) [43]

introduces stochastic neighborhood sampling to reduce sensitivity to data imbalance and

enhance class separability. Multiscale LPP (MSLPP) [12] aggregates features over multiple

neighborhood sizes to capture structural variations across different spatial scales. In parallel,

LPP with autoencoder (LPPAE) [45] embedding combines graph-based locality preservation

with the representational strength of deep autoencoders to improve the performance in highly

nonlinear environments.

Despite these improvements, several key challenges continue to exist. Most of the variants

in use, rely on fixed or static similarity graphs, which may not accurately reflect the complex

variations in real-world visual data, particularly under challenging lighting or sensor conditions.

Additionally, many approaches treat spatial and photometric features separately, lacking an

integrated mechanism to jointly model both types of information. This becomes problematic
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in HRI environments where visually similar gestures or markers must be distinguished based

on subtle color or texture cues, often in the presence of cluttered background or environmental

interference.

These observations highlight the need for more adaptive, semantically aware, and

noise-tolerant projection frameworks, particularly those capable of integrating spatial structure,

photometric variation, and uncertainty into a unified model. In practical vision-guided HRI

systems, where real-time decisions must be made based on noisy and variable inputs, such

improvements are essential for reliable cue recognition and robust robot control.

1.4 Surface EMG-based Human Intention Recognition

In human-robot collaboration (HRC), accurately inferring user intent is a prerequisite for

enabling intuitive and adaptive robotic behavior and assistantship. While vision-based systems

offer an external perspective on user motion or gesture cues, they face challenges in scenarios

involving occlusion, poor lighting, or constrained visual fields. As an alternative and

complementary approach, surface electromyography (sEMG) provides a direct, physiological

channel for recognizing user intent by capturing the electrical activity generated by muscle

contractions. This makes it particularly relevant for applications in assistive robotics, prosthetic

control, and rehabilitative technologies, where real-time decoding of motor intention is essential

[52].

Surface EMG signals are typically acquired using non-invasive electrodes placed on the

skin surface above the target muscle groups. The recorded signals reflect cumulative motor unit

action potentials, offering insight into the neuromuscular dynamics associated with voluntary

movement [53]. In the context of HRC, these signals can be analyzed to identify distinct hand

gestures, grasp types, or movement primitives, which can then be mapped to robot control

commands. sEMG-based systems help enable fine-grained and low-latency control, which are

especially effective in tasks that involve hand-based manipulation or joint-level coordination.

Despite its potential, sEMG signal processing is also not free from practical challenges on

frequent occasions. The acquired data is highly sensitive to electrode placement, muscle fatigue,

inter-subject anatomical variability, and motion-induced artifacts, making it difficult to achieve

consistent classification performance across users or sessions [54]. Additionally, the signals
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are inherently non-stationary, requiring robust feature extraction and representation techniques

that can adapt to temporal variation and signal degradation. These concerns necessitate the

development of algorithms that are not only accurate but also computationally efficient and

generalizable to new conditions.

In recent years, there has been increasing emphasis on dimensionality reduction methods

that can extract meaningful features from high-dimensional sEMG recordings. Classical

techniques such as PCA and LDA have been explored for compressing signal features while

preserving class-relevant information [55]. However, their limitations in modeling nonlinear

manifolds and adapting to noisy or imbalanced data, have prompted the adoption of more

advanced methods; including graph-based and manifold-preserving projections. Among these,

locality preserving projection (LPP) [7] and its extensions have gained attention due to

their ability to maintain neighborhood structure in the reduced space, which is particularly

important in modeling subtle variations across myogesture classes. Moreover, the application

of orthogonality-constrained LPP variants has shown improved robustness in sEMG-based

classification problems. These methods help suppress noise, reduce redundancy, and ensure

stability in the learned representations. Such formulations are particularly advantageous

when working with high-dimensional time-series features, as is often the case in EMG-based

recognition systems. This Thesis aims to introduce further advancements in such approaches

by investigating avenues such as adaptive graph construction, possibilistic weighting, and

multi-metric fusion, that expand the applicability of subspace learning methods in real-world

wearable sensing scenarios.

As sEMG continues to gain relevance in HRC applications, especially for upper-limb

activity recognition and prosthetic intent decoding, the development of resilient, interpretable,

and deployable feature learning models remains a critical area of research. The following

subsections explore the fundamental challenges associated with sEMG signal interpretation,

the role of dimensionality reduction in handling its complexity, and recent advancements in

LPP-based methods designed to improve classification performance under realistic conditions.

1.4.1 Challenges in sEMG Signal Interpretation

Surface electromyography (sEMG) presents a compelling modality for capturing voluntary

muscle activity and decoding human intention in real-time human-machine interface (HMI)
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tasks. However, despite its advantages in terms of responsiveness and direct physiological

relevance, the interpretation of sEMG signals remains a complex task, particularly in the context

of wearable sensing in HMI or HRI. A range of technical, anatomical, and environmental factors

combine to make sEMG a highly variable and noise-sensitive signal source, posing several

challenges to robust and generalizable intention recognition.

One of the foremost issues of concern is the non-stationary nature of sEMG signals

corresponding to muscle movements [53]. Unlike controlled stimuli in laboratory environments,

voluntary muscle activity in daily tasks is affected by a wide range of conditions; including

user fatigue, joint angle variation, and biomechanical constraints. These can alter the

statistical characteristics of the myosignals over time. These changes also introduce intra-class

variability, making it difficult for classifiers to maintain consistent performance across sessions

or over extended use. In addition, electrode placement sensitivity is a critical factor. Small

changes in sensor positioning due to contact inconsistencies, slippage during movement, or

individual anatomical differences, can significantly alter the amplitude and pattern of the signal

morphology. Even when placed over the same muscle group, slight positional deviations may

cause crosstalk from adjacent muscles or hinder the capture of the desired activation patterns

altogether. This results in inter-session and inter-subject variability, which complicates the

training of generalized models suitable for user-independent operations. Motion artifacts and

environmental noise are further sources of degradation. Movement of the skin or cable relative

to the electrode can generate low-frequency artifacts that overlap with the signal of interest,

especially during dynamic arm or hand motions [56]. Additionally, interference from nearby

electronic devices or improper grounding can introduce electromagnetic noise, particularly

in unsupervised or mobile settings. Sometimes, the myoresponse itself is characterized by

low signal strengths, especially during subtle or fine motor actions where muscle contraction

is weak. This necessitates sophisticated preprocessing and filtering strategies, which, if not

properly tuned, can suppress informative components of the signal along with the noise.

Beyond hardware-level concerns, there are algorithmic and modeling challenges as well.

sEMG signal features tend to exhibit high intra-class variation and inter-class similarity,

particularly for gestures involving similar muscle groups or overlapping motor synergies. This

places a significant burden on feature extraction and dimensionality reduction techniques,

which must balance discriminability with robustness to signal distortion. Standard feature

representations such as root mean square (RMS), zero crossing rate, or waveform length [57],
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though computationally efficient, often lack the descriptive power to distinguish such subtle

activity patterns, particularly under noisy or variable conditions. Additionally, deep learning

approaches which have demonstrated excellent performance in recent years, typically require

large-scale, user-specific datasets to discern effectively. This imposes a practical challenge in

most wearable or assistive robotics environments compared to the classical strategies. The high

variability of sEMG signals often leads to overfitting in data-driven models, unless regularized

carefully or augmented with domain-specific priors.

Altogether, these challenges underscore the need for robust, low-latency, and adaptable

signal processing pipelines that can handle uncertainty, reduce dependence on sensor

configuration, and generalize across users and use cases. The following sections explore

how dimensionality reduction techniques, particularly those that preserve local structure and

minimize sensitivity to outliers, have been adapted to address these issues in sEMG-based

intention recognition systems.

1.4.2 Dimensionality Reduction for sEMG Data

Surface electromyography (sEMG) signals, while rich in neuromuscular information, are

inherently high-dimensional and exhibit significant inter- and intra-subject variability. These

characteristics, coupled with sensor noise, motion artifacts, and anatomical diversity, pose

serious challenges for consistent feature extraction and classification. As such, dimensionality

reduction (DR) is a critical step in sEMG-based hand activity recognition systems. It enables

the transformation of raw or high-dimensional features into a compact, discriminative subspace

that enhances computational efficiency and improves class separability, particularly in real-time

or embedded robotic applications.

Traditional approaches in sEMG analysis employed classical DR techniques such as

principal component analysis (PCA) [55], linear discriminant analysis (LDA) [55], independent

component analysis (ICA) [58], and empirical mode decomposition (EMD) [58]. PCA

identifies orthogonal directions of maximum variance, whereas LDA seeks linear projections

that maximize between-class variance while minimizing within-class spread. ICA has been

used to extract statistically independent components from surface EMG signals, particularly

in tasks involving source separation or artifact removal. Likewise, EMD has been applied

as a data-driven approach for decomposing non-stationary sEMG signals into intrinsic mode
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functions (IMFs), often as a preprocessing step for feature extraction. However, both PCA

and LDA are limited in their capacity to preserve local structural relationships in the data,

especially when gestures involve subtle neuromuscular variations or when signals are distorted

by noise or non-stationarity. While ICA and EMD offer advantages in noise suppression and

signal interpretation, their outputs are not always directly suited for classification tasks and

may require additional dimensionality reduction layers to ensure compact and discriminative

representations. These limitations of traditional methods are particularly pronounced in

wearable sensing environments, where signal characteristics shift due to fatigue, repositioning,

or variability in electrode contact.

To address these limitations, research has been carried out toward manifold

learning-inspired DR techniques, which preserve the intrinsic geometry of high-dimensional

sEMG data. Among them, locality preserving projections (LPP) [7] has been a well-suited

approach due to its ability to maintain neighborhood structures during projection while

offering an explicit linear transformation matrix, especially critical for real-time classification

tasks. In the context of EMG, manifold learning-inspired approaches have shown promise in

retaining discriminative patterns embedded in muscle activation signals, particularly when local

variations among gestures or subjects are subtle. Especially, the LPP-based methodologies and

their augmented variants are thoroughly investigated in this Thesis.

Several refinements to LPP have been reported in the earlier literature to address its core

limitations, particularly its sensitivity to noise and the rigidity of its Euclidean distance-based

similarity graph. For example, orthogonal LPP (OLPP) [9] introduces orthogonality among

projection vectors, ensuring uncorrelated and more interpretable components while improving

numerical stability. It is especially useful in EMG-based hand movement recognition tasks

as it enhances feature decorrelation and improves classifier generalization. Multi-kernel

fusion-based LPP approaches [16] have been adopted to capture the data similarity in various

nonlinear manifolds. To model the similarity graph in a flexible way, more adaptive approaches,

such as adaptive neighborhood graph (ANG) [59] and possibilistic neighborhood graph (PNG)

[60] have been introduced, to improve the fidelity of neighborhood modeling. Unlike

conventional k-NN graphs or Gaussian kernels, PNG adapts to the data’s intrinsic distribution,

reducing sensitivity to outliers. In EMG applications, such adaptive graphs can be used

to improve the projection robustness by better capturing the dynamic local dependencies in

noisy biosignals. Other studies have extended the similarity modeling beyond Euclidean
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geometry. For instance, incorporating cosine similarity [61], Euler-based distances [62], and

Grassmannian manifold representations [63] have led to more resilient graph construction,

particularly for high-dimensional data that exhibit both magnitude and directional variability.

Despite these advancements, practical deployment in wearable systems still demands

dimensionality reduction models that are computationally efficient, adaptable to user variability,

and robust to signal distortion. The ability to extract informative, sparse, and low-dimensional

features from EMG data, without sacrificing classification accuracy, is essential for scaling

these systems in real-world HRI and assistive robotics applications. These considerations

form the basis for the continued exploration of orthogonality-enforced, graph-adaptive, and

manifold-aware LPP variants, which are extremely important in robust sEMG signal analysis.

The next subsection discusses how robust LPP-based frameworks are developed and

tailored for hand activity recognition, offering further improvements in noise resilience and

inter-subject generalization.

1.4.3 Robust Orthogonal LPP Models for Hand Activity Recognition

Accurate recognition of hand activity from surface electromyography (sEMG) signals requires

feature representations that are compact, discriminative, and robust to signal variability. Given

the non-stationary and user-dependent nature of sEMG, traditional global dimensionality

reduction methods often fall short in preserving the subtle intra-class variations while

maintaining class-level discriminability. In this context, locality preserving projection (LPP)

has emerged as a promising tool due to its ability to retain the local geometric structure of

the data in a reduced subspace [7]. Its linear formulation and capacity for out-of-sample

generalization make it particularly suitable for real-time data streams where new data must

be processed efficiently.

However, the standard LPP algorithms have their known limitations. Their reliance

on unconstrained optimization leads to projection vectors that may be highly correlated,

reducing the interpretability and numerical stability of the resulting features. This redundancy

is especially problematic in high-dimensional EMG feature spaces, where noise and signal

overlap between muscle activations are common. To address this, researchers have introduced

orthogonality constraints into the LPP framework, leading to what is broadly known as

orthogonal locality preserving projection (OLPP) [9]. OLPP enhances LPP by ensuring that
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the learned projection directions are mutually orthogonal, thereby eliminating redundancy and

improving feature decorrelation. This property can be particularly beneficial in biosignal

classification tasks where overlapping motor unit activations can result in high feature

correlation. By enforcing orthogonality, the projected subspace becomes more stable and

interpretable, which in turn improves classifier performance; especially in tasks involving a

high number of gesture classes or overlapping activation patterns. Orthogonal enhanced LPP

(OELPP) [44] introduces an additional regularization term to further improve the conditioning

of the projection matrix and enhance robustness against noise, particularly in situations

involving highly variable or corrupted input features. On the other hand, discriminant LPP

(DLPP) [40] incorporates label information into the projection process, aiming to maximize

class separability while preserving local manifold structure. Although DLPP improves

discriminative capability, it can still suffer from redundant projections in high-dimensional

settings. To overcome this, a hybrid approach orthogonal discriminant LPP (ODLPP) [41]

extends DLPP by incorporating orthogonality constraints, thereby combining the strengths of

supervised discriminative modeling with enhanced numerical stability.

Despite these improvements, a key challenge remains in the construction of the similarity

graph that defines neighborhood relationships in LPP, OLPP, and other variants. Traditional

LPP relies on fixed Euclidean distance-based graphs, such as k-nearest neighbors or Gaussian

heat kernels [11]. These approaches assume homogeneous local distributions, which do

not accurately reflect the heterogeneity present in sEMG data, particularly across subjects

or sessions. Misrepresentation in the graph structure can lead to loss of critical inter-class

boundaries or poor preservation of intra-class topology. To mitigate this, recent studies

have investigated adaptive or data-driven graph construction techniques. Graphs constructed

using possibilistic weighting, for instance, allow for greater flexibility in modeling uncertainty

and local density variations in the data [60]. Such methods reduce the undue influence

of outliers and better preserve meaningful relationships in noisy or sparse signal segments.

Additionally, incorporating alternative similarity metrics, such as cosine distance or projections

onto Grassmannian manifolds, has shown promise in capturing directional and structural

patterns that Euclidean distance may overlook [61].

While these directions mark substantial progress, there remains an ongoing need for

robust orthogonal projection frameworks that integrate graph adaptability, sparsity, and

multi-geometry modeling altogether to effectively handle signal degradation, inter-subject
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variability, and class ambiguity. These requirements are particularly demanding in HRI

applications, where reliability and generalization across users and conditions are crucial [64].

The development of such models forms a natural extension of the previous research works and

serves as a motivating foundation for the contributions presented in subsequent chapters.

1.5 Research Gaps

While significant progress has been made in developing perception-driven models for

human-robot collaboration (HRC), several open challenges continue to adversely affect their

robustness and adaptability in real-world deployment. The review of prior work across

vision-based robot guidance and sEMG-based human intention recognition reveals that existing

methods often perform well in controlled environments but exhibit reduced generalizability

under real-world variability; such as sensor noise, illumination changes, signal drift, or

subject-specific differences.

In the context of vision-guided navigation, human gesture, and symbolic cue systems

have demonstrated their practicality, particularly when simple and repeatable markers are used

to coordinate movement commands. However, the effectiveness of these systems declines

significantly under inconsistent lighting, partial occlusion, and cluttered backgrounds [65].

Many existing dimensionality reduction and feature encoding techniques fail to maintain

robustness under such visual disturbances, and models relying on hand-crafted descriptors often

lack the adaptability required for continuous operation across sessions or users.

Similarly, sEMG-based recognition systems, despite their ability to directly capture

neuromuscular intent, face persistent issues related to electrode placement variability, low

signal strengths, inter-subject anatomical differences, etc [66]. Feature extraction techniques,

especially those based on global or linear projection models, frequently fall short in

handling the non-stationarity and redundancy characteristic of EMG signals. Although recent

manifold learning-inspired frameworks have shown promise in preserving local signal structure,

challenges related to outlier sensitivity and generalization still remain an open challenge.

Beyond these sensing-specific concerns, a broader gap persists in the robustness and

adaptability of manifold learning-inspired algorithms when applied to real-world HRC systems

[67]. Although many advanced projection models proposed in the literature demonstrate strong
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performance under controlled or idealized conditions, their effectiveness tends to degrade in the

presence of real-world complexities such as signal corruption, environmental variability, and

heterogeneous input quality. Most existing methods rely on fixed or static graph constructions,

which fail to account for data uncertainty, local distribution shifts, or inconsistencies arising

from sensor noise, occlusion, or user-specific variation. Moreover, these models often lack

mechanisms to handle incomplete, imprecise, or ambiguous data; a common occurrence in

wearable or vision-based sensing environments. The absence of adaptive graph modeling [59],

context-sensitive similarity measures, and robust outlier mitigation limits their generalizability

and makes them less suited for deployment in dynamic, real-world collaborative settings, where

input conditions are rarely uniform or predictable.

These observations suggest the need for more resilient, adaptable, and computationally

efficient solutions that can bridge the divide between theoretical locality-based dimensionality

reduction and practical, sensor-level deployment in collaborative robotics. The subsections

that follow, identify specific gaps in three key domains: vision-based guidance, EMG-based

intention modeling, and the real-world implementation of manifold learning-inspired

techniques.

1.5.1 Gaps in Visual Cue-Based Navigation Systems

Visual cue-based navigation systems have become a widely explored modality in human-robot

interaction (HRI), owing to their intuitive interface and contactless sensing mechanism [68]. In

symbolic navigation frameworks, such as those involving hand-held visual markers, human

users provide directional cues to mobile robots through predefined visual patterns. These

systems are often deployed in assistive robotics and indoor navigation, where cost-effectiveness

and ease of use are prioritized. However, despite their conceptual simplicity, several practical

limitations continue to hinder the robustness and scalability of such systems beyond controlled

environments.

One major limitation arises from sensitivity to photometric variation. As shown in

experimental studies across multiple investigations, changes in ambient lighting, shadows, or

background illumination can significantly distort the appearance and interpretation of visual

cues. Many traditional feature extraction methods, such as local binary patterns (LBP)

or gradient-based descriptors [11], do not generalize well under non-uniform lighting or
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low-contrast conditions. This leads to unreliable classification or misinterpretation of gesture

patterns, especially in environments with reflective surfaces or mixed indoor lighting.

Another challenge is related to visual ambiguity and background interference in dynamic

visual frames. In real-world settings, cues may overlap with background elements of similar

color or texture, making it difficult to isolate the marker from its surroundings [69]. The reliance

on fixed segmentation thresholds or color-based heuristics in many earlier systems, contributes

to classification errors, particularly when the robot’s field of view is not consistently aligned

with the cue, or when partial occlusion occurs due to the user’s hand movement.

Additionally, current systems often depend on low-cost monocular cameras, which, while

accessible, lack depth information and are susceptible to lens distortion, motion blur, and

limited field of view [1]. These limitations reduce the spatial consistency of the captured cues,

especially when users are at varying distances from the sensor or when movement is rapid and

unconstrained. As a result, models trained under one configuration may fail when utilized under

different camera orientations or user positions.

From a modeling standpoint, many visual navigation pipelines still rely on global

or hand-crafted feature representations, which struggle to capture local semantic variations

across different cue configurations. This is particularly problematic when the same visual

structure is used to convey multiple classes under varying conditions, leading to significant

intra-class variation. While dimensionality reduction techniques like PCA or LDA can improve

computational efficiency, they do not retain neighborhood structure or spatial relationships

critical to recognizing structurally similar but semantically distinct cues.

Furthermore, existing manifold learning-inspired approaches, including standard LPP and

its linear extensions, often assume ideal imaging conditions and use Euclidean distance-based

similarity graphs that fail to adapt to the nuanced photometric and spatial distortions present

in real-world scenes [61]. These graph structures do not account for varying feature density,

misalignment, or spatial uncertainty, which limits their effectiveness when visual cues are

partially degraded or presented inconsistently.

Collectively, these gaps highlight the need for more photometrically resilient, spatially

aware, and graph-adaptive models capable of accurately interpreting symbolic visual commands

under varying and unpredictable sensing conditions. The solution space requires subspace

learning techniques that can integrate local visual structure, channel-specific features, and

robust similarity modeling, to generalize effectively across diverse indoor navigation scenarios.
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These motivations provide the basis for the more advanced methods discussed in subsequent

chapters.

1.5.2 Gaps in Robust EMG Feature Modeling

Surface electromyography (sEMG) has emerged as a compelling modality for decoding user

intention in human-robot interaction (HRI), particularly in the context of hand movement

recognition and assistive robotic control [2]. However, the inherently noisy, user-dependent,

and non-stationary nature of sEMG signals presents significant challenges for consistent and

reliable classification. While various feature extraction and dimensionality reduction techniques

have been proposed earlier, achieving robustness across users, sessions, and environmental

conditions remains an open problem.

A major challenge in sEMG-based systems is variability across sessions and subjects.

Differences in electrode placement, skin impedance, and muscle morphology lead to

considerable variation in the statistical properties of EMG signals [54]. Features that perform

well for one individual or session, may degrade rapidly when the sensor is repositioned or when

applied to another subject. Even subtle shifts in the position or orientation of the electrodes can

affect signal quality and introduce crosstalk from neighboring muscles.

Another persistent issue is the presence of signal noise and motion artifacts, which further

complicates feature modeling [56]. Movements of the limb or displacement of the sensor can

introduce low-frequency artifacts that mask the underlying motor unit activity. Traditional

feature representations such as root mean square (RMS) value, zero-crossing rate, or waveform

length are simple to compute but often lack the discriminative power required to distinguish

between gestures that engage overlapping muscle groups [57]. This is especially problematic

in tasks involving fine motor control, where subtle differences in muscle activation must be

preserved despite the background noise.

Dimensionality reduction methods like PCA and LDA have been employed [55] to

compress feature space and improve class separability, but these techniques are sensitive to

outliers and do not preserve the local neighborhood structure inherent in EMG data. Moreover,

their assumptions of linearity and global data structure make them ill-suited for capturing the

complex, non-linear patterns that arise in real-world EMG signals, particularly when data is

collected across different postures, force levels, or fatigue states.
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While locality preserving projection (LPP) and related manifold learning-inspired

approaches offer a promising alternative by capturing local geometric relationships, they too

exhibit limitations. Most notably, LPP relies on fixed graph construction based on Euclidean

distances, which may not accurately represent the similarity structure of high-dimensional EMG

features. This is problematic when signal magnitudes vary due to inter-subject or inter-session

differences, as the graph may fail to reflect true physiological similarity, leading to poor

generalization [70].

Furthermore, many LPP variants do not account for uncertainty, feature noise, or outlier

presence in their graph formulation [60]. As a result, they are vulnerable to even minor

fluctuations in signal quality and cannot dynamically adjust the affinity matrix to accommodate

shifts in the data distribution. Although recent works have explored the use of orthogonal

projection constraints and alternative similarity metrics; such as cosine distance or kernel-based

fusion [16], there remains a lack of unified frameworks that integrate these ideas to address

the full spectrum of such challenges. In addition, current models often overlook the temporal

dynamics of sEMG signals. Feature extraction is typically performed on short, overlapping

windows, with little regard for the sequential structure of the muscle activation pattern. This

limits the system’s ability to capture transitions between gestures or to handle continuous

movement intent, which is critical in naturalistic human-robot interaction.

These limitations underscore the need for robust, generalizable, and physiologically

informed feature modeling frameworks that can handle noisy, non-stationary, and user-variable

sEMG input. Such models should incorporate adaptive graph learning, orthogonality

enforcement [9], and metric diversity to improve ruggedness and ensure interpretability. The

development of these capabilities forms the basis for subsequent chapters, which explore new

directions in subspace learning for EMG-based intention recognition.

1.5.3 Gaps in Real-World Deployment of Locality-based DR Algorithms

Manifold learning-inspired DR techniques, particularly those supported by graph-based

formulations such as locality preserving projection (LPP) and its enhanced variants, have

gained increasing prominence in the domains of vision sensing and signal processing

applications. These methods are designed to uncover the intrinsic low-dimensional structure

of high-dimensional data by preserving local neighborhood relationships. While their
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effectiveness has been demonstrated in controlled experimental settings, their translation to

real-world applications; especially within embedded and wearable human-robot interaction

(HRI) [2] systems, remain limited due to several practical and methodological constraints.

One key limitation arises from the rigidity of graph construction mechanisms. Most

manifold learning approaches rely on static, distance-based graphs, often constructed using

k-nearest neighbors or Gaussian heat kernels that assume smooth local continuity in the

data. However, in real-world sensing environments, data distributions are often irregular

and non-uniform due to noise, user variability, and environmental interference [11]. A fixed

neighborhood structure may misrepresent these underlying relationships, particularly when the

features exhibit nonlinear distortions, dynamic range shifts, or missing values. This undermines

the graph’s ability to capture meaningful locality, reducing the overall quality of the learned

subspace.

Moreover, the majority of existing manifold-inspired models do not account for

uncertainty or data confidence during graph formation. In wearable systems or mobile robotics,

input quality can fluctuate due to motion artifacts, lighting variations, sensor drift, or occlusion

[64]. Algorithms that treat all data points as equally reliable are prone to propagate errors in the

affinity matrix, leading to unstable projections and degraded classification performance. While

some extensions have incorporated alternative similarity measures, such as cosine similarity or

kernel-based metrics, many still lack a principled mechanism to weigh or reconfigure the graph

adaptively based on visual context or signal quality.

Another persistent challenge lies in the lack of scalability and generalization. Many

manifold learning techniques were originally designed for batch-mode operation, where the

full dataset is available upfront. In contrast, real-world HRI systems require online adaptability,

with the ability to project unseen data in real time [67]. Although LPP and its linear variants

do offer an explicit projection matrix, numerous graph construction methods, and non-linear

embeddings do not extend naturally to streaming data or require full recomputation when new

samples are introduced. This restricts their deployment in continuously operating systems or

user-specific adaptation scenarios.

Together, these research gaps suggest that for manifold-inspired methods to become truly

viable in practical HRI deployments, they must evolve beyond fixed-graph, single-kernel, and

offline formulations toward adaptive, uncertainty-aware, efficient, and interpretable models.

The subsequent chapters of this Thesis aim to address these gaps by exploring projection
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frameworks that integrate graph regularization, orthogonality constraints, multi-metric fusion,

and real-time adaptability within a unified learning structure.

1.6 Research Objectives

The review of current literature and methodologies across vision-based robot guidance and

sEMG-based intention recognition, highlights several limitations of existing approaches that

hinder the deployment of perception-driven human-robot collaboration (HRC) systems in

real-world settings [64]. While symbolic cue-based visual systems offer intuitive interfaces

and sEMG enables direct access to neuromuscular intent, both modalities suffer from signal

degradation, inter-user variability, and environmental inconsistency. Existing dimensionality

reduction techniques, particularly those based on classical global models or static graph

learning, often fall short in providing representations that are both discriminative and robust

under such practical constraints.

The primary goal of this Thesis is to develop a unified subspace learning framework

that enhances the reliability, generalizability, and robustness of multimodal human intent

recognition systems under real-world sensing conditions. This includes designing projection

models that not only preserve local neighborhood relationships but are also resilient to

visual and physiological noise, adaptable to changing input distributions, and interpretable for

downstream classification tasks.

The specific research objectives of this Thesis are as follows:

1. To identify the limitations of existing dimensionality reduction techniques, including PCA,

LDA, LPP, and their variants, when applied to vision- and sEMG-based data in HRC tasks,

especially under noisy, occluded, or dynamically varying environments.

2. To examine the effect of spatial and photometric distortion on the recognition performance

of symbolic visual cues, and to evaluate the shortcomings of hand-crafted and global feature

extraction methods in capturing structural consistency and class discriminability.

3. To explore the challenges of robust EMG feature modeling, particularly in signal-specific

irregularities, and to assess how existing subspace learning methods respond to these

non-stationary conditions.
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4. To investigate robust subspace projection strategies with an emphasis on preserving

discriminative structure and mitigating redundancy in high-dimensional feature spaces,

within the context of real-time gesture and hand movement classification.

5. To evaluate the role of adaptive graph construction and metric fusion in improving

manifold-inspired learning, by enabling better neighborhood modeling across heterogeneous

modalities such as RGB image cues and sEMG signal envelopes.

6. To design and validate a set of robust frameworks that integrate more strict regularization,

spatial-feature granulation, and multi-geometry similarity modeling, aimed at improving

recognition accuracy across visual and physiological modalities under uncertain sensing

conditions.

7. To demonstrate the real-world applicability of the proposed methods through extensive

experimental evaluation on datasets acquired under realistic constraints, involving varying

lighting conditions, background clutter, muscle fatigue, and user-specific gesture variations.

By fulfilling these objectives, the Thesis aims to contribute to the development

of scalable, interpretable, and sensor-independent subspace learning models suitable for

next-generation collaborative robotic systems that operate reliably outside of controlled

laboratory environments.

1.7 Key Contributions

This Thesis addresses the core challenges of human intention recognition in multimodal

human-robot collaboration (HRC) systems by proposing a set of novel and robust subspace

learning frameworks. The work spans both vision-based symbolic cue interpretation and

sEMG-based hand activity recognition, targeting issues such as sensor noise, inter-subject

variability, photometric distortion, and structural ambiguity in high-dimensional data. The

contributions are built upon a detailed analysis of the limitations in existing dimensionality

reduction techniques and are validated under diverse real-world constraints. The key

contributions of this research are summarized below:

1. A novel vision-based symbolic cue recognition scheme is conceptualized and implemented,

wherein structured flag-stick gestures are used to guide mobile robotic platforms in indoor
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environments. This system enables intuitive and low-cost interaction, with a focus on cue

interpretability and semantic clarity under variable sensing conditions.

2. A robust feature projection model, Adaptive Locality Preserving Spatial Kernel-Guided

Bilateral LPP (ALPSK-BLPP) is proposed to address moderate illumination variability in

visual sensing environments. By integrating spatial, feature kernels, and adaptive graph

learning, the model enhances locality preservation and class separability under photometric

distortions.

3. A suite of local texture encoding-based models, Local Tetra Pattern-based BLPP

(LTrP-BLPP), Histogram Refined Local Binary Pattern-based BLPP (HRLBP-BLPP), and

Histogram Refined Local Ternary Pattern-based BLPP (HRLTP-BLPP) are introduced

for enhanced feature extraction under regular to moderately challenging illumination

conditions. These models effectively preserve textural consistency while suppressing visual

noises, resulting in improved recognition performance under sensor degradation.

4. A Granular Computing-aided 2DLPP framework (REGF-2DLPP) is developed for robust

visual cue recognition in severely challenging illumination conditions. The model leverages

rough entropy-based granulation and intelligent feature decoding to retain relevant spatial

information even under low-light and distorted conditions. This model is further enhanced

to a Cosine Similarity-based Variant (REGF-c-2DLPP), that works particularly well when

the color and shape variation of the visual marker is more pronounced.

5. A Multichannel Granular and Fuzzy Decoding-based robust model (dNG-2DRLPP)

is proposed by embedding density-based neighborhood granulation and fuzzy feature

encoding within a two-dimensional robust projection space. This scheme is shown to be

highly effective under severe photometric degradation and external noise, making it suitable

for deployment in embedded robotic vision systems.

6. A novel sEMG-based hand activity recognition scheme is conceptualized, and designed to

support real-world human-machine interface and human-robot interaction scenarios. The

framework enables reliable decoding of muscular intent for applications such as robotic

manipulator control, upper-limb prosthetic actuation, and rehabilitation assistance. By

mapping sEMG signal patterns to discrete motor actions, the system facilitates intuitive,

user-driven control in wearable or assistive platforms.
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7. An uncertainty-aware graph learning model, Uncertainty-Aware Bayesian Model

Averaging-based OLPP (UaBMA-OLPP) is presented to handle inherent irregularities in

sEMG signals. The method integrates geometric diversity through multiple similarity

measures and performs adaptive graph fusion for stable low-dimensional representations.

8. A possibilistic and sparse projection model, Robust Possibilistic Neighborhood

Graph-aided OLPP (RPNG-OLPP) is introduced to jointly address signal irregularity and

external noise corruption in sEMG feature modeling. The model employs ℓ2,1-norm-based

sparsity and possibilistic weighting to improve generalization across sessions and users.

These contributions collectively advance the state-of-the-art in subspace learning for

multimodal human intention recognition and lay the foundation for resilient, adaptive, and

deployable HRC systems capable of functioning under practical constraints.

1.8 Thesis Outline

The core contributions of this Thesis, as outlined in the previous section, form the basis for the

subsequent chapters. The following section provides an overview of the Thesis structure and

describes how each chapter is interconnected.

✓ Chapter 2 presents the conceptualization and implementation of a novel vision-based robot

navigation guidance scheme using symbolic human-supervised, semantic cues. The chapter

discusses the design of a flag-stick visual marker system for intuitive robot guidance, along

with the visual protocol definition and rule-based framing. It also details the data acquisition

framework, including the imaging setup, participant instructions, cue placement strategies,

and environmental settings used for building a custom visual marker/gesture dataset under

varied illumination conditions.

✓ Chapter 3 elaborates on the development and evaluation of the Adaptive Locality

Preserving Spatial Kernel-Guided Bilateral LPP (ALPSK-BLPP) model, a projection

framework designed to strengthen visual cue recognition under moderately challenging

illumination conditions. This chapter introduces a joint spatial-feature guided learning

strategy, where the spatial affinity between image regions is combined with local

feature similarity to construct a more reliable similarity graph. The model adaptively
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tunes the neighborhood graph using a learned kernel weighting mechanism, allowing

it to dynamically emphasize more discriminative spatial relationships and de-emphasize

unreliable or noisy connections.

✓ Chapter 4 focuses on the development of a class of local texture encoding-based feature

projection models, specifically Local Tetra Pattern-based BLPP (LTrP-BLPP), Histogram-

Refined Local Binary Pattern-based BLPP (HRLBP-BLPP), and Histogram-Refined Local

Ternary Pattern-based BLPP (HRLTP-BLPP). These models are designed to address the

limitations of global feature representations under regular to moderately distorted visual

sensing conditions, such as mild illumination changes, background clutter, and sensor noise.

The core motivation stems from the observation that local texture patterns, when extracted

and encoded effectively, carry discriminative structural information that remains relatively

invariant to photometric noise and background inconsistencies.

✓ Chapter 5 presents two granular computing-based dimensionality reduction frameworks,

Rough Entropy-based Granular Fusion-aided 2DLPP (REGF-2DLPP) and its Cosine

Similarity-augmented variant REGF-c-2DLPP, specially designed for visual cue

recognition under severely degraded illumination conditions and marker variability. The

granular computing framework allows the system to isolate structurally stable regions from

noisy or low-informative areas of the images. These methods address the limitations of

conventional LPP variants in retaining relevant structural information when visual data is

corrupted by poor lighting, background ambiguity, or visual distortion in the shape and

color of symbolic cues.

✓ Chapter 6 introduces the Density-based Neighborhood Granulation-aided 2D robust

LPP (dNG-2DRLPP) model; a density-based neighborhood granulation approach inside

the framework of 2D robust locality preserving projection, designed to address extreme

photometric degradation, structural noise, and visual ambiguity in vision-based HRI

systems. This chapter builds upon the limitations observed in earlier LPP variants by

proposing a novel granular computing strategy that tightly integrates spatial structure with

local feature saliency under uncertainty. The model dNG is especially highlighted in

this study as unlike conventional granulation models which assume uniform or regular

granule formation, the dNG strategy allows the model to adaptively prioritize stable,

texture-rich regions of the visual cue while suppressing less informative, noisy, or
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background-dominated areas.

✓ Chapter 7 explores the alternate interaction vertical i.e., wearable physiological sensing,

introducing a novel sEMG-based hand activity recognition framework tailored for

real-world human-machine interface and human-robot interaction (HMI/HRI) applications.

Unlike traditional gesture recognition approaches that rely on camera-based inputs or

surface-level features, this framework is built on the premise of directly decoding

neuromuscular activation patterns from surface electromyography (sEMG) signals to

infer motor intent with high temporal precision and robustness. The proposed scheme is

conceptualized to facilitate naturalistic and intuitive interaction in practical scenarios such

as robotic manipulator control, prosthetic actuation, and rehabilitation feedback systems.

✓ Chapter 8 presents the Uncertainty-Aware Bayesian Model Averaging-based OLPP

(UaBMA-OLPP) framework, developed to improve the robustness and generalizability of

sEMG-based hand activity recognition in the presence of inter-subject variability and signal

irregularity. This model addresses a core challenge in wearable physiological sensing,

that the same hand activity can yield substantially different signal patterns across users

and sessions due to anatomical differences, muscle fatigue, electrode placement shifts,

or varying force levels. The key innovation in UaBMA-OLPP lies in its integration of

multi-geometry similarity modeling through a novel Bayesian model averaging (BMA)

approach.

✓ Chapter 9 illustrates the Robust Possibilistic Neighborhood Graph-aided OLPP

(RPNG-OLPP) framework, designed to improve the resilience of sEMG-based subspace

learning against both internal signal irregularities and external noise contamination. While

conventional locality preserving projection (LPP) models are effective in preserving

neighborhood structure under ideal conditions, their performance tends to degrade when

the input signal is corrupted by sensor noise, muscle crosstalk, or varying contraction effort

levels; a common occurrence in real-world wearable settings. The core contribution of

RPNG-OLPP lies in its possibilistic graph construction strategy, by introducing possibilistic

degrees that reflect the confidence with which two samples are considered neighbors.

Additionally, RPNG-OLPP employs an ℓ2,1-norm regularized OLPP formulation, which

enhances projection sparsity and robustness.

✓ Chapter 10 concludes the Thesis by summarizing the key findings, synthesizing
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cross-domain insights, and evaluating the effectiveness of the proposed subspace learning

models across both vision-based and sEMG-based human-robot interaction (HRI) systems.

The chapter reflects on the robustness, adaptability, and interpretability of the developed

frameworks under real-world sensing constraints. The chapter concludes by outlining

promising directions for future research, emphasizing the potential for extending LPP-based

techniques toward dynamic, scalable, and context-aware applications in next-generation

wearable and robotic systems.
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Chapter 2

Visual Symbolic Cue-based System for

Robot Guidance Applications

2.1 Introduction

I n recent years, vision-based systems have gained significant prominence in human-robot

interaction (HRI) due to their ability to support intuitive, contactless communication.

These systems are particularly useful in indoor, semi-structured environments where physical

constraints and user convenience must be considered with higher priority [51]. In the

earlier days, traditional industrial applications e.g., assembly tasks, used to rely on fixed

and pre-defined instructions. With the evolution of assistive and collaborative robotics, HRI

applications now demand dynamic interaction schemes that adapt to human inputs in real time.

A critical consideration of such interaction frameworks is, which sensor modalities

are involved in capturing the human intent. Wearable sensing modalities such as inertial

measurement units (IMUs), haptic gloves, surface electromyography (sEMG), magnetic

trackers, or pressure-sensitive sensors have been widely explored for their ability to provide

detailed motion and physiological information [22]. However, these contact-based systems

often pose practical constraints. Their reliance on direct attachment to the human body

introduces discomfort, restricts natural movement, and may reduce user compliance over

extended periods. Moreover, the cost, maintenance requirements, and operational hazards of

such sensors can limit their feasibility in scalable or resource-constrained deployments.

To address these limitations, vision sensors offer a non-contact alternative that is both

cost-effective and user-friendly. A wide range of visual strategies has been explored for

human-robot interaction, including natural hand gestures, full-body postures, and facial

expressions, as well as artificial visual markers [71]. While gesture and posture-based systems
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provide intuitive interaction, they often suffer from variability in human appearance, articulation

speed, and viewpoint alteration, which can significantly affect recognition accuracy and system

reliability. In contrast, artificial visual markers such as symbolic patterns or structured objects

offer a controlled and repeatable alternative. These markers can be designed with well-defined

geometries, colors, and orientations, which help to reduce ambiguity and enhance the robustness

of recognition under varied environmental conditions. In this context, this Thesis proposes a

vision-based symbolic cue framework, wherein human participants use hand-guided flag-stick

combinations to communicate navigational guidance commands. Each marker configuration

corresponds to a distinct directional instruction, enabling the robot to interpret spatial intent in

a structured, non-verbal, and contactless manner.

The experimental setup consists of a low-cost, differentially driven mobile robot equipped

with a Raspberry Pi 3 Model B+ processing unit and an RPi Camera Module v2, incorporating

an 8-megapixel Sony IMX219 vision sensor [72]. The system has been developed and deployed

in the Instrumentation & Cyber Physical System Laboratory, Electrical Engineering Department

at Jadavpur University, Kolkata, India [1], [49]. Visual cue data are collected through supervised

sessions in which participants present various flag-stick markers within the field of view

of the robot’s onboard camera. The visual markers present seven discrete cues: Top-left

(TL), Middle-left (ML), Bottom-left (BL), Neutral (N), Top-right (TR), Middle-right (MR),

and Bottom-right (BR), which are designed to represent corresponding directional commands,

spanning a 180◦ angular range.

To reflect real-world photometric challenges in the acquired dataset, experiments are

conducted under varied photometric conditions by systematically changing the ambient

illumination. Additionally, multiple volunteers of different ages and genders contribute to

the dataset, introducing natural variations in hand position, orientation, and cue presentation.

These considerations help create a comprehensive and diverse visual database that covers the

real-world variability in human-robot interaction scenarios.

This chapter details the design of the symbolic visual cue system, the development of

the robot guidance protocol, and the environmental and procedural considerations involved in

acquiring the visual dataset. The resulting data serve as the foundation for subsequent analysis,

including the development of robust cue recognition strategies under several environmental

constraints, explored in subsequent chapters.
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(a) (b)

Figure 2.1: (a) A schematic design illustrating the prototype structure of the flag-stick marker.

(b) Real-world implementation of the marker held by a participant during robot guidance tasks.

2.2 Design of the Flag-Stick Visual Marker System

The flag-stick visual marker system is developed as a symbolic interface for facilitating

human-to-robot interpretable communication in an indoor environment. The core idea is to

utilize a simple, low-cost physical object; a vertical stick mounted with a flag, as a visual

marker, which can be easily manipulated by human users to indicate directional cues. Each

marker consists of a rigid stick approximately 30–40 cm in length, with a planar flag affixed at

one end. A schematic prototype of the flag-stick marker and its practical deployment are shown

in Figs. 2.1a and 2.1b, respectively. The marker is handheld and freely maneuvered by the user

to generate a set of distinguishable spatial configurations. These configurations are designed

to occupy different relative positions within the robot’s field of view and are interpreted by the

robotic system as distinct cue categories.

The use of a stick-and-flag combination offers several practical advantages. It ensures

consistent visual geometry, and maintains a clear separation between the hand and the marker,

thereby improving the segmentation. It also reduces the likelihood of misclassification due

to hand posture variability which is quite common in human-body gesture-based systems.

Furthermore, the simplicity of the hardware design supports ease of replication across users

without specialized training or instrumentation.

43



Chapter 2. Visual Cue-based Robot Guidance System

Figure 2.2: Sample visual cue templates corresponding to the TL, ML, BL, N, BR, MR, and TR

classes.

Seven discrete orientations of the marker are defined here as valid cues. These spatial

arrangements correspond to relative placements of the flag-stick within the left, center, and

right zones of the camera frame, across top, middle, and bottom vertical regions. This

spatial discretization forms the basis of the symbolic cue vocabulary used for subsequent robot

guidance.

2.3 Robot Guidance Protocol and Cue Semantics

To translate and operationalize the flag-stick cues into actionable robot movements, a semantic

protocol was developed that links each visual marker orientation with a corresponding

directional command. The symbolic cue system comprises seven unique spatial classes: top-left

(TL), middle-left (ML), bottom-left (BL), neutral (N), bottom-right (BR), middle-right (MR),

and top-right (TR). These cues are interpreted as direction indicators, enabling the robot to

align its trajectory accordingly. To illustrate the cue design more clearly, Fig. 2.2 presents the

prototype templates for all seven flag-stick orientations, where PA denotes the principal axis of

the camera’s field of view.
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Figure 2.3: A lookup table linking human-guided visual cues to their respective robot navigation

commands.

Figure 2.4: Prototype navigation map showing the robot’s predefined movement directions

based on visual cues.

The neutral (N) position represents a forward movement along the robot’s principal axis

(PA) of the camera. The other cues are mapped symmetrically about this central direction,

forming a span of ±90◦ in angular displacement. Specifically: TL, ML, and BL correspond to
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Figure 2.5: The differentially driven wheeled mobile robot utilized in the experiments and its

associated Sony IMX219 vision sensor module.

angular deviations of +30◦, +60◦, and +90◦, respectively, to the left of the neutral direction.

Similarly, TR, MR, and BR respectively correspond to −30◦, −60◦, and −90◦ deviations to the

right. Fig. 2.3 depicts the corresponding navigation guidance instructions associated with these

visual cues, in the form of a lookup table.

This mapping allows the robot to execute seven distinct motion directions in response to

the observed cue. During runtime, the robot classifies the incoming visual cue and accesses

a lookup table that translates the class into a pre-defined angular displacement command.

This semantic mapping ensures that the robot can react deterministically to user-intended

navigational triggers. A prototype trajectory map depicting all feasible regulated directions

for robot navigation is shown in Fig. 2.4.

2.4 Data Acquisition Framework and Environmental

Settings

The entire system was deployed and tested in an indoor semi-structured environment within

the Instrumentation & Cyber Physical System Laboratory of the Electrical Engineering

Department, Jadavpur University. A mobile robot platform was used, comprising a Raspberry

Pi 3 Model B+ as the onboard processing unit, paired with an RPi Camera Module v2 containing

an 8-megapixel Sony IMX219 sensor [72]. The differentially driven wheeled mobile robot with

the vision sensor system is shown in Fig. 2.5. The camera provided a forward-facing view
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Table 2.1: AVERAGE ILLUMINATION INTENSITY RECORDED ACROSS DIFFERENT

LIGHTING SCENARIOS

Illumination Condition Average Illuminance (Lux)

NIL 14.910

DIL-1 13.405

DIL-2 11.880

DIL-3 8.500

DIL-4 4.710

aligned with the robot’s principal axis and captured all human-supervised cues within its field

of vision.

Human participants from various age groups were invited to perform the visual cues. They

held and presented the flag-stick structure in front of the robot, either in a standing or seated

posture. No constraints were imposed on the users regarding their position, orientation, or

distance from the camera, as long as the cue remained fully visible in the camera’s frame. This

ensured the dataset captured a range of naturalistic variations in spatial arrangement and hand

articulation.

To evaluate the performance of the system under different environmental conditions, data

were recorded across five illumination levels: one standard condition (Normal Illumination

Level or NIL) and four progressively darker setups (Dark Illumination Level, DIL-1 through

DIL-4). An initial set of data has been obtained under the normal illumination conditions

inside the laboratory room which encompasses four sets of artificial illumination sources.

Furthermore, dark level-1, dark level-2, dark level-3, and dark level-4 photometric conditions

are generated in the presence of three, two, one, and no artificial light sources, respectively.

Illumination levels were quantitatively measured using a Metravi 1310 digital illuminance

meter. The variation of natural and artificial photometric levels over a certain period of the

day is shown in 2.6, recorded with the illuminance meter. The average illuminance levels

recorded during data acquisition under each photometric condition are listed in Table 2.1. These

conditions closely resemble real-world photometric variations commonly observed in indoor

environments.

47



Chapter 2. Visual Cue-based Robot Guidance System

Figure 2.6: Variation of daylight illuminance and artificial illuminance at photometric levels

NIL, DIL-1, DIL-2, DIL-3, and DIL-4.

2.5 Description of Acquired Visual Dataset

The visual dataset collected in this study forms the empirical foundation for the recognition and

analysis modules developed in subsequent chapters. The primary dataset comprises seven visual

cue classes, each represented by flag-stick orientations performed by human users. Each cue

class consists of 150 unique images, captured under regular lighting condition NIL, resulting

in a total of 1050 images for the total 7 categories. In a similar manner, testing images have

been acquired under four different conditions DIL-1, DIL-2, DIL-3, and DIL-4, from the same

participants, keeping other environmental settings unchanged. The camera resolution was fixed,

and minimal preprocessing was applied to preserve the authenticity of the raw data. The class

labels were cyclically assigned as TL, ML, BL, N, BR, MR, and TR. The visual variabilities

in the dataset are inherent from factors such as hand positioning, camera distance, and lighting

changes, reflecting real-world HRI environments. One set of sample visual cues from all seven

classes captured under five distinct lighting conditions is presented in Fig. 2.7.

The inclusion of artificial marker variations addresses human-induced inconsistencies in

gesture-based interfaces. Unlike hand gestures, which may vary in scale, articulation, and

orientation, between users, fixed-shaped and consistently colored visual markers provide a more

stable and repeatable recognition target. This design choice enhances inter-user consistency,

particularly in uncontrolled environments or applications involving non-expert users.
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Figure 2.7: Representative real-world visual cues at normal illumination conditions (top row),

dark level-1, dark level-2, dark level-3, and dark level-4 (bottom row) from the classes (a) TL.

(b) ML. (c) BL. (d) N. (e) TR. (f) MR. (g) BR.

2.6 Summary

This chapter presented the design, implementation, and deployment of a vision-based symbolic

cue system for mobile robot guidance in human-robot interaction contexts. A flag-stick

marker interface was developed to translate spatial hand gestures into discrete navigational

commands. The system design included a clear mapping between cue semantics and robot

trajectory, realized through a structured seven-class orientation model. Here, data acquisition

was performed using a Raspberry Pi-based mobile robot setup across five controlled lighting

conditions, resulting in a comprehensive dataset comprising 1050 labeled images at NIL and

test images at DILs. This dataset serves as the empirical basis for the recognition and projection

techniques discussed in subsequent chapters.
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Chapter 3

Adaptive Spatial Kernel-Guided LPP for

Illumination-Robust Cue Recognition

3.1 Introduction

A s human-robot collaboration (HRC) becomes increasingly embedded in real-world

applications, the need for intuitive, reliable, and context-aware interaction frameworks

has grown significantly. Among various sensing modalities, vision-based systems have gained

prominence due to their non-contact nature and ease of utilization in indoor and semi-structured

environments. Symbolic visual cue systems, such as those based on structured markers, offer a

practical interface for communicating spatial commands to robots. However, their performance

is often hindered by real-world challenges [73] such as illumination variability, background

clutter, and visual ambiguity.

While the previous chapter established the empirical foundation and dataset description,

the current chapter focuses on the algorithmic advancement required for robust cue recognition.

Traditional global dimensionality reduction techniques are often inadequate in preserving

the intrinsic local structures of high-dimensional visual data, particularly under photometric

degradation. Locality preserving projections (LPP), a graph-based approach for dimensionality

reduction with the linear approximation of a nonlinear manifold, addresses this limitation by

retaining local neighborhood information during projection. Hence, this chapter first introduces

an LPP-based visual cue detection framework, highlighting its advantages over global methods

in terms of classification performance and subspace preservation [74].

However, as observed, standard LPP suffers from certain drawbacks when applied to

real-world HRI scenarios. Its similarity graph relies solely on fixed spatial proximity based on

Euclidean distance, which can be highly sensitive to noise, illumination shifts, and geometric
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distortions. Moreover, it does not incorporate the range-domain (feature intensity) information

[11] that often carries meaningful semantic cues under deteriorated lighting. To overcome

these limitations, this chapter introduces a more robust spatial similarity measure; namely, the

Adaptive Locality Preserving Spatial Kernel (ALPSK) and its corresponding dimensionality

reduction algorithm ALPSK-BLPP, which jointly optimizes spatial similarity using adaptive

graph learning and incorporates feature-based photometric similarity through bilateral filtering.

The ALPSK model learns a class-discriminative projection by dynamically adjusting

spatial weights and enforcing margin-based constraints, while also selecting informative

features via row-sparsity regularization. It is further extended to ALPSK-BLPP, a bilateral

LPP scheme where both adaptive spatial and feature-domain similarities are fused into a unified

kernel-guided projection framework. This progression from the baseline LPP to a more resilient

ALPSK-BLPP, forms the core of this chapter, both conceptually and experimentally.

Through extensive evaluations under varying illumination conditions, the proposed

schemes demonstrate significant improvements in classification accuracy and robustness. This

chapter thus establishes the efficacy of adaptive kernel modeling in symbolic visual cue

recognition, laying the groundwork for more generalizable perception modules in HRI systems.

3.2 LPP-Guided Baseline Visual Cue Detection Scheme

In the context of real-life vision-sensor-enabled human-robot interaction systems, the

robust extraction of semantically meaningful visual cues becomes critical, especially under

dynamically changing, unstructured, and photometrically adverse environments. The proposed

visual cue detection scheme addresses these challenges by employing locality preserving

projections (LPP) as the core of its feature extraction strategy, enabling the system to

encode intrinsic local structures of the input data into a lower-dimensional manifold. To

the best of available knowledge from the literature, the application of LPP in the context

of human-supervised artificial visual marker-based robot navigation guidance has not been

previously reported. This Thesis presents a novel flag-stick-based supervision strategy for

collaborative robot navigation, employing an LPP-driven feature extraction and dimensionality

reduction framework. The proposed approach is designed to operate effectively under

real-world conditions and can be generalized to other vision-guided human-robot interaction
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(HRI) systems [51].

3.2.1 Problem Formulation

In real-world human-robot interaction systems, vision-sensor-based approaches offer a

non-intrusive and cost-effective alternative to wearable sensor technologies for capturing human

intent. However, such systems often operate under dynamically changing and unstructured

surroundings, where visual data is frequently affected by hindrances, such as poor illumination,

background clutter, and low image clarity. These adversities significantly impede the

extraction of reliable and discriminative features from the acquired images. Conventional

feature extraction techniques that rely on global geometric information, such as principal

component analysis (PCA), often fail to capture the local structural characteristics essential

for distinguishing between similar visual patterns under such degraded conditions [13]. This

necessitates the use of feature extraction methods that are sensitive to the intrinsic local manifold

structures of the image data.

To address this issue, the problem is formulated as a vision-sensor-based real-life visual

cue recognition task for human-supervised robot navigation. The objective is to extract compact

and discriminative representations from visual inputs that encode different orientations of a

flag-stick marker held by the human supervisor. Each orientation corresponds to a specific

navigational command for the mobile robot. The challenge lies in developing a robust

and efficient dimensionality reduction scheme that preserves critical local information while

enabling high classification accuracy under real-world constraints.

Locality preserving projections (LPP) is adopted in this context as a graph-based

embedding technique that preserves local neighborhood structures within the data. The

proposed solution aims to construct a reliable mapping from the high-dimensional image space

to a low-dimensional feature space, where class separability is retained. This enables effective

classification of visual cues into discrete navigation commands using a suitable classifier,

thereby facilitating accurate robot guidance in collaborative human-robot interaction scenarios.

The complete system architecture is illustrated in the form of a block diagram in Fig. 3.1.
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Figure 3.1: A block diagram illustrating the architecture of the proposed LPP-based visual cue

detection and robot navigation guidance system.

3.2.2 Preprocessing and Lower-Dimensional Projection

The acquired dataset used in this study consists of practical images capturing distinct

orientations of a flag-stick combination, each corresponding to a specific navigation command

for the robot. These visual cues were recorded under varying environmental conditions

throughout the day and other ambient irregularities. A detailed description of the dataset

acquisition, environmental settings, and class distribution has already been provided in Chapter

2. To prepare the images for feature extraction, a minimal preprocessing step is applied.

Each RGB image is resized to a lower resolution to reduce computational overhead and then

converted to grayscale to simplify the visual information while retaining the essential structural

patterns. It ensures that the feature extraction algorithm operates on a compact and consistent

representation of the data, thereby improving efficiency without compromising performance.

After preprocessing, each two-dimensional grayscale image matrix is reshaped into a

one-dimensional vector ai ∈ RD and subsequently projected into a lower-dimensional space

yi ∈ Rd using the LPP projection matrix W ∈ RD×d . LPP is a graph-based embedding

technique that constructs an affinity graph from the original high-dimensional space RD and

preserves its structure in the lower-dimensional manifold Rd . This method ensures that the

local neighborhood relationships among data points are maintained after projection. As a

result, the key geometric characteristics of the visual features are retained even in the reduced

space, allowing for a significant decrease in dimensionality, while preserving the intrinsic

properties of the data. Thus, the computational burden of subsequent classification tasks is
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substantially reduced, and the development of efficient human-supervised robot navigation

systems is facilitated.

Once the lower-dimensional features are extracted using the LPP projection, the next step

involves classifying the visual cues into one of the predefined navigation classes. Various

machine learning-based classification algorithms such as k-nearest neighbors (KNN) [75],

artificial neural network (ANN) [76], and support vector machine (SVM) [77] can be employed

for this purpose. In this work, a multiclass support vector machine (MSVM) has been chosen,

owing to its robustness and effectiveness in handling high-dimensional data. While a standard

SVM is inherently suitable for binary classification, it can be extended to multiclass scenarios by

decomposing the original problem into multiple binary sub-problems. Several decomposition

strategies are available, such as one-vs-one (OVO) [78], one-vs-all (OVA) [79], and directed

acyclic graph (DAG) [80] schemes. In the present work, the OVO approach is adopted, where a

separate binary classifier is trained for every possible pair of classes, and the final prediction is

made through a majority voting mechanism.

3.2.3 Mathematical Formulation of LPP

Locality preserving projections (LPP) is a linear, unsupervised dimensionality reduction

technique that aims to preserve the intrinsic local geometric structure of the data during the

transformation from a high-dimensional to a low-dimensional space [7].

Let the training dataset be represented as A = [a1,a2, . . . ,aN ] ∈ RD×N , where each ai is a

D-dimensional vectorized image sample. The objective of LPP is to find a transformation matrix

W = [w1,w2, . . . ,wd] ∈ RD×d that maps the input data into a d-dimensional space (d ≪ D),

yielding the projected data as follows:

yi = W⊤ai (3.1)

To preserve the local similarity between samples, LPP constructs a similarity matrix S, whose

elements are defined as:

si j =


exp

(
−
∥ai−a j∥2

F
τ

)
if a j ∈Nk(ai)

0 otherwise
(3.2)

where || · ||F denotes the Frobenius norm, τ is a regulating parameter, and Nk(ai) denotes the

k-nearest neighbors of data point ai. Subsequently, the objective function to be minimized by
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LPP is defined as:

min
W ∑

i, j

∥∥∥W⊤ai−W⊤a j

∥∥∥2
si j (3.3)

Introducing matrix notation, let the diagonal matrix D be defined with entries Dii = ∑ j si j and

the corresponding Laplacian matrix is L = D−S. The minimization problem in Equation (3.3)

can then be reformulated as:

min
W

tr(W⊤ALA⊤W) subject to W⊤ALA⊤W = 1 (3.4)

Solving this optimization leads to the generalized eigenvalue problem:

ALA⊤W = λADA⊤W (3.5)

If ADA⊤ is non-singular, Equation (3.5) can be equivalently expressed as:

(ADA⊤)−1ALA⊤W = λW (3.6)

The solution to this eigenvalue problem yields the transformation matrix W, which is used to

project the original high-dimensional data into a lower-dimensional LPP feature space while

preserving local neighborhood information. The algorithm of the entire LPP-based projection

scheme is given in Algorithm 3.1.

3.2.4 Experimental Results and Discussion

To evaluate the effectiveness of the proposed LPP-based visual cue detection framework,

experiments have been undertaken on the acquired dataset comprising seven distinct visual

classes corresponding to different flag-stick orientations. The entire dataset has been split

randomly into training and testing sets in a ratio of 7 : 3. The performance has been analyzed in

terms of classification accuracy and the corresponding degree of dimensionality reduction.

In the case of LPP, the parameters have been chosen empirically. The number of nearest

neighbors k has been set to 6 as per the general guideline given in the earlier literature [11],

and the regulating parameter τ used in the construction of the similarity matrix has been chosen

from the empirical range [150,200]. The target dimensionality d for the LPP projection has

been determined such that the projected subspace retains the maximum possible energy from the

original input vectors. The proposed scheme has achieved significant dimensionality reduction

without compromising classification performance. A mean accuracy of 99.69% has been

attained while reducing the input dimensionality by approximately 97.62%. Table 3.1 presents
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Algorithm 3.1 Locality Preserving Projection (LPP)
Input: Training image set A = [a1,a2, . . . ,aN ] ∈ RD×N , regulating parameter τ , number of

nearest neighbors k, number of LPP basis vectors d

Output: Transformed feature matrix in the LPP subspace Y
STEP-1 Construct the similarity matrix S using the k-nearest neighbors. Compute si j as:

si j =


exp

(
−
∥ai−a j∥2

F
τ

)
, if a j ∈Nk(ai)

0, otherwise

STEP-2 Compute the diagonal weight matrix D with entries:

Dii = ∑
j

si j

STEP-3 Compute the graph Laplacian matrix:

L = D−S

STEP-4 Solve the generalized eigenvalue problem:

ALA⊤W = λADA⊤W

STEP-5 Select the d eigenvectors corresponding to the smallest non-zero eigenvalues to form

the projection matrix W.

STEP-6 Project the input data to the LPP subspace:

Y = W⊤A

STEP-7 Return Y.

the detailed classification accuracy across various levels of dimensionality reduction using LPP.

It is observed that even with a dimensionality reduction of over 98%, the accuracy has remained

consistently above 99%, demonstrating the robustness and efficacy of the approach.

For comparison, principal component analysis (PCA) [3] has also been tested on the same

dataset. As shown in Table 3.2, PCA has achieved a maximum classification accuracy of

99.05% with a dimensionality reduction of 98.50%. However, with an increase in the reduction

level beyond 99% (e.g., 99.18%), its performance has dropped to 86.67%, in contrast to LPP

which maintains high accuracy even under significant reduction. This illustrates that LPP better
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Table 3.1: CLASSIFICATION PERFORMANCE OF LPP IN TERMS OF ACCURACY (MEAN ±

STANDARD DEVIATION) AT VARYING LEVELS OF DIMENSIONALITY REDUCTION

Dimensional Reduction (%) Classification Accuracy (%)

99.92 17.46 ± 0.644

99.84 27.30 ± 0.615

99.60 76.83 ± 0.432

99.44 94.60 ± 0.321

99.21 98.09 ± 0.319

98.81 99.05 ± 0.276

98.41 99.05 ± 0.287

98.02 99.37 ± 0.198

97.62 99.69 ± 0.109

97.22 99.69 ± 0.112

96.83 99.37 ± 0.184

96.43 99.37 ± 0.213

96.03 99.05 ± 0.251

Table 3.2: CLASSIFICATION PERFORMANCE OF PCA IN TERMS OF ACCURACY (MEAN ±

STANDARD DEVIATION) AT VARYING LEVELS OF DIMENSIONALITY REDUCTION

Dimensional Reduction (%) Classification Accuracy (%)

99.73 28.25 ± 0.598

99.59 55.24 ± 0.511

99.46 71.43 ± 0.419

99.32 80.95 ± 0.377

99.18 86.67 ± 0.382

99.05 92.69 ± 0.316

98.91 96.83 ± 0.295

98.78 98.09 ± 0.270

98.64 98.09 ± 0.254

98.50 99.05 ± 0.184

98.37 98.73 ± 0.219

98.23 98.41 ± 0.232

98.10 98.09 ± 0.260

preserves discriminative features essential for classification under reduced dimensions as well.

This performance comparison is depicted in Fig. 3.2, in a graphical manner. While PCA shows
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Table 3.3: COMPARISON OF CLASSIFICATION ACCURACY AMONG DIFFERENT

DIMENSIONALITY REDUCTION TECHNIQUES

Method Accuracy (%)

PCA 99.05

Randomized PCA 99.05

Incremental PCA 98.41

Kernel PCA 99.05

Sparse PCA 99.37

LDA 99.37

LPP 99.69

Figure 3.2: Comparison of classification performance between LPP and PCA as a function of

increasing dimensionality reduction, highlighting tolerance to dimensional loss.

a rapid decline in accuracy beyond a certain threshold, LPP maintains performance stability,

demonstrating better tolerance to dimensionality reduction.

A comparative study with other state-of-the-art dimensionality reduction techniques has

also been undertaken. Table 3.3 presents the classification accuracy obtained using LPP [7],

PCA [3], randomized PCA [81], incremental PCA [82], kernel PCA [83], sparse PCA [84],

and LDA [4]. Among all these methods, LPP has achieved the highest classification accuracy,

reinforcing its suitability for the task. Additionally, the feature distributions in the reduced

subspace are visualized in Fig. 3.3, where the LPP-transformed features are plotted in both

2D and 3D spaces. The separation between classes is visibly clearer in 3D, contributing to

higher classification performance. This further affirms that LPP offers a good trade-off between
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(a)

(b)

Figure 3.3: Projection of high-dimensional input data using LPP onto a (a) 2D subspace and a

(b) 3D subspace.

dimensionality reduction and feature separability.

3.2.5 Key Insights

In this section, a locality preserving projection (LPP)-based framework was presented for visual

cue detection in a human-supervised robot navigation system. The proposed method effectively

reduces the dimensionality of high-resolution visual data while preserving the local geometric

structure, thereby enabling efficient and accurate classification of flag-stick orientation cues in

real-world scenarios. Experimental results demonstrated that the LPP-based scheme achieves

high classification accuracy even with substantial dimensionality reduction, outperforming
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conventional methods such as PCA and LDA in terms of both robustness and tolerance to

information loss. This confirms the suitability of LPP for vision-sensor-based human-robot

interaction tasks involving structured and moderately varying visual environments.

However, while the proposed framework performs well on the controlled dataset, its

robustness may be reduced in practical scenarios, involving severe photometric alterations

e.g., diminished illumination. In such tough conditions, the preservation of local structures

alone may not be sufficient. Hence, more advanced techniques, such as adaptive spatial

kernel construction and the incorporation of discriminative feature information are necessary

to escalate the performance. The performance of LPP under such challenging conditions and

consequently the extensions of these advanced LPP techniques and their integration into the

proposed pipeline, are discussed in the following sections. The current work thus provides a

strong baseline for vision-based cue detection using LPP, while also highlighting the need for

further robustness improvements to handle more complex real-world environments.

3.3 Adaptive Spatial Kernel Modeling

As discussed in the preceding section, LPP can be viewed as a linear approximation of

Laplacian eigenmaps and has demonstrated superior performance in various recognition tasks

under demanding conditions, by preserving the local geometric structure of high-dimensional

data. However, there are two fundamental limitations in the traditional formulation of LPP

which restrict its performance in photometrically complex environments. First, LPP encodes

only spatial proximity using Euclidean distance to construct the graph Laplacian. While

sufficient in ideal scenarios, this approach is highly susceptible to distortions caused by spatial

transformations, such as translation, rotation, and scaling, as well as the presence of noise and

outliers [11]. Consequently, the resulting similarity weights may not accurately reflect the true

relationships between samples. Second, the standard LPP framework does not incorporate any

information from the feature (or range) domain. In illumination-compromised environments,

intensity variations carry crucial semantic information that should be integrated into the feature

extraction process to improve robustness.

To address these limitations, this Thesis proposes an improved locality preserving

approach that integrates two key components. Firstly, an adaptive weight learning method
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Figure 3.4: A block diagram illustrating the complete flag-stick visual cue-based robot

navigation guidance system under human supervision, implemented using the ALPSK-BLPP

framework.

based on retargeted least squares regression (ReLSR) [85] is introduced to refine the spatial

similarity graph, making it less sensitive to outliers and more representative of the true

neighborhood structure [70]. Secondly, the concept of bilateral filtering is incorporated to

construct a combined similarity kernel that takes into account both spatial proximity and

photometric similarity [11]. The resulting approach, termed Adaptive Locality Preserving

Spatial Kernel-Guided Bilateral LPP (ALPSK-BLPP), leverages this dual-domain similarity to

construct a more robust weight matrix. The adaptive spatial kernel mitigates spatial distortions,

while the feature-domain kernel captures illumination-based intensity variations.

This enhanced modeling scheme is implemented and evaluated in a vision-sensor-based

robot navigation system guided by human-provided flag-stick cues under changing photometric

conditions. The formulation and effectiveness of the proposed ALPSK-BLPP approach are

discussed in the subsequent sections. The block diagram of the overall ALPSK-BLPP scheme

is presented in Fig. 3.4.
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3.4 Mathematical Formulation of Adaptive Spatial Kernel

Let the input training dataset be denoted by A ∈ RD×N , where each column vector represents

a visual cue sample of dimensionality D, and N is the total number of training samples.

Suppose the jth sample from the ith class is denoted as ai
j, and the total number of distinct

classes is c. It is generally expected that samples which are close neighbors in the original

high-dimensional space, are likely to belong to the same class. Therefore, the goal is to preserve

these neighborhood relationships in the low-dimensional subspace as well [86]. Now, there are

various linear regression-based methods that can be used for encoding the nearest neighbor

information in LPP formulations [87]. Traditional linear regression techniques offer mostly

pre-constructed similarity graphs for performing the projection learning in LPP. However, such

methods apply uniform weighting to all neighbor pairs, ignoring the subtle differences in

similarity levels among them. This uniformity often leads to suboptimal projections, especially

in the presence of overlapping or noisy data. To address this limitation, an adaptive strategy

is incorporated for constructing the similarity graph here. In this approach, the graph weights

are not fixed but are learned adaptively using a retargeted regularized optimization framework.

Specifically, a graph regularization problem is formulated that jointly learns the projection

matrix ΩΩΩ and the weight coefficients si
j,k between neighboring sample pairs ai

j and ai
k. The

corresponding optimization problem is given by:

min
ΩΩΩ,S

λ1

c

∑
i=1

Ni

Ni

∑
j,k=1,k ̸= j

(
si

j,k

)2∥∥∥ΩΩΩ
⊤ai

j−ΩΩΩ
⊤ai

k

∥∥∥2

2
+
∥∥∥Y−A⊤ΩΩΩ

∥∥∥2

F
(3.7)

s.t.
Ni

∑
k=1,k ̸= j

si
j,k = 1, si

j,k ≥ 0

where s.t. stands for subject to, indicating the set of constraints applied to the optimization

problem. Here, Y ∈ RN×c refers to the label matrix corresponding to the training set A,

ΩΩΩ ∈ RD×c is the transformation matrix, and si
j,k is the required weight value for regularization

of the distance between samples ai
j and ai

k in the discriminant subspace. The multiplier λ1

works as the penalty parameter, which controls the strength of graph regularization, preserving

local neighborhood relationships during adaptive spatial similarity learning. The introduction

of the constraint in (3.7) ensures that all the classes are treated equally in preserving their
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nearest neighbor structures. All the graph weights si
j,k are calculated adaptively from the

latent discriminative subspace instead of the complex original space. This helps the model in

capturing intrinsic local nearest-neighbor relationships between the input samples. To improve

the discriminability in the projection plane, retargeted learning approach can be incorporated

[85]. With this, the graph regularization model can be re-written as:

min
ΩΩΩ,S,Z

λ1

c

∑
i=1

Ni

Ni

∑
j,k=1,k ̸= j

(
si

j,k

)2∥∥∥ΩΩΩ
⊤ai

j−ΩΩΩ
⊤ai

k

∥∥∥2

2
+
∥∥∥Z−A⊤ΩΩΩ

∥∥∥2

F

s.t.
Ni

∑
k=1,k ̸= j

si
j,k = 1, si

j,k ≥ 0, Zi,li−max
j ̸=li

Zi, j ≥ 1

(3.8)

Here, Z ∈RN×c represents the target matrix with li ∈ {1,2, . . . ,c} being the true label index for

the ith sample. In this way, margins between the true and false classes are maximized beyond

the value of 1, which indeed increases the separability of the data in the target space [85].

Consequently, the discriminative projection could be learned by the adaptively computed target

matrix Z in a more flexible manner. In real-world HRI applications like this, especially when the

data is acquired under unstructured and dynamically challenging environments, it possesses a

much higher dimension with several noise-like redundant features. To alleviate this redundancy,

an ℓ2,1 row-sparsity norm term with a penalty parameter λ2 can be introduced as [70]:

min
ΩΩΩ,S,Z

λ1

c

∑
i=1

Ni

Ni

∑
j,k=1,k ̸= j

(
si

j,k

)2∥∥∥ΩΩΩ
⊤ai

j−ΩΩΩ
⊤ai

k

∥∥∥2

2
+λ2∥ΩΩΩ∥2,1 +

∥∥∥Z−A⊤ΩΩΩ

∥∥∥2

F

s.t.
Ni

∑
k=1,k ̸= j

si
j,k = 1, si

j,k ≥ 0, Zi,li−max
j ̸=li

Zi, j ≥ 1

(3.9)

Here, λ2 regulates the ℓ2,1-norm-based sparsity term, enforcing feature selection and

suppressing redundant or noisy components. The use of ℓ2,1-norm is quite prominent in

discriminative feature selection and feature extraction problems [88]. In the case of an

ℓ1-norm constraint, the solution of the corresponding optimization problem forces some

elements of the vector to be zero. Whereas, in the case of the ℓ2,1-norm, all the elements

corresponding to the ith row of ΩΩΩ will be zero as the row-sparsity constraint will be ∥ΩΩΩi,:∥2 =√
Ω2

i,1 +Ω2
i,2 + · · ·+Ω2

i,c = 0. As the ith row of the projection matrix becomes zero, the

corresponding feature of the original input sample also gets eliminated and is not selected during

the feature extraction process.

As the row-sparsity constrained graph regularization problem formulated above contains

three unknowns ΩΩΩ, S, and Z, it cannot be solved with analytical approaches [70]. However,

this can be effectively solved in an iterative manner, obtaining the local optimal solution of the
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variables. To solve Equation (3.9) iteratively, the corresponding cost function can be defined as:

C(ΩΩΩ) = λ1

c

∑
i=1

Ni

Ni

∑
j,k=1,k ̸= j

(
si

j,k

)2∥∥∥ΩΩΩ
⊤ai

j−ΩΩΩ
⊤ai

k

∥∥∥2

2
+λ2∥ΩΩΩ∥2,1 +

∥∥∥Z−A⊤ΩΩΩ

∥∥∥2

F
(3.10)

This can be further simplified as:

C(ΩΩΩ) = λ1 tr(ΩΩΩ⊤ΦΦΦ ΩΩΩ)+λ2∥ΩΩΩ∥2,1 +
∥∥∥Z−A⊤ΩΩΩ

∥∥∥2

F
(3.11)

where tr(·) denotes the matrix trace operator, and the matrix ΦΦΦ is defined as:

ΦΦΦ =
c

∑
i=1

Ni

Ni

∑
j,k=1,k ̸= j

(
si

j,k

)2
(ai

j−ai
k)(a

i
j−ai

k)
⊤ (3.12)

The optimal solution of ΩΩΩ is obtained by setting d C(ΩΩΩ)/dΩΩΩ = 0, assuming S and Z are fixed.

This leads to:

A(A⊤ΩΩΩ−Z)+λ1ΦΦΦ ΩΩΩ+
λ2

2
∆∆∆ΩΩΩ = 0 (3.13)

which results in:

ΩΩΩ =

(
AA⊤+λ1ΦΦΦ+

λ2

2
∆∆∆

)−1

AZ (3.14)

Here, ∆∆∆ ∈ RD×D is a diagonal matrix with its elements defined as:

∆i,i =
1√

∑
c
j=1ΩΩΩ2

i, j

(3.15)

With ΩΩΩ and Z fixed, the weight coefficients S are updated by solving the following constrained

quadratic minimization:

min
S

c

∑
i=1

Ni

Ni

∑
j,k=1,k ̸= j

(
si

j,k

)2∥∥∥ΩΩΩ
⊤ai

j−ΩΩΩ
⊤ai

k

∥∥∥2

2
s.t.

Ni

∑
k=1,k ̸= j

si
j,k = 1, si

j,k ≥ 0 (3.16)

The optimal closed-form solution for si
j,k is obtained as [70], [89]:

si
j,k =

1∥∥∥ΩΩΩ⊤ai
j−ΩΩΩ⊤ai

k

∥∥∥2

2

 Ni

∑
p=1,p̸= j

1∥∥∥ΩΩΩ⊤ai
j−ΩΩΩ⊤ai

p

∥∥∥2

2


−1

(3.17)

Similarly, with ΩΩΩ and S fixed, the target matrix Z is computed by solving the following

constrained optimization problem:

min
{Zi,li−max

j ̸=li
Zi, j≥1}

∥∥∥Z−A⊤ΩΩΩ

∥∥∥2

F
(3.18)

This is a specific form of a constrained quadratic programming problem, which is solved using

the ReLSR algorithm [85]. Fig. 3.5 illustrates the complete flowchart of the optimization

algorithm used to solve the graph minimization problem in Equation (3.9) for computing the

adaptive similarity matrix.
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Figure 3.5: Flowchart illustrating the procedure for computing the adaptive spatial weight

matrix Sa through the graph-based optimization framework.

3.5 Feature Learning and Multi-Kernel Fusion

In the case of conventional LPP [7], the similarity matrix in the Euclidean space is computed

as:

si j =


exp

(
−
∥ai−a j∥2

F
τ

)
, if a j ∈Nk(ai)

0, otherwise
(3.19)
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where Nk(a) is the set of k-nearest neighbors of a. Here, the spatial weight si j is calculated

entirely based on the Euclidean distance between samples ai and a j. τ controls the size of the

spatial neighborhood. Similar to this, the feature i.e., range weight between samples on the

intensity axis in the feature domain can be computed as [11]:

ri j =


exp

(
−
∥ f (ai)− f (a j)∥2

F
σ

)
, if a j ∈Nk(ai)

1, otherwise
(3.20)

σ is the parameter for regulating the weight between two pixels produced by the intensity

difference. Any standard feature descriptor can be utilized to extract the feature f (ai) from

the image ai; e.g., local binary patterns (LBP) has been considered here. This photometric

similarity or range weight ri j between the pixel values in the feature domain can effectively

capture the illumination variation in the original dataset. Instead of simple image intensities, an

advanced set of features has been selected here to construct the ri j kernel, which makes it more

appropriate to be addressed as a feature kernel rather than a range kernel.

Now, in bilateral filtering, the output intensity Io(ai) corresponding to an image ai and its

intensity I(ai) can be computed around its spatial neighborhood Nk(ai) as:

Io(ai) =
1

ωp
∑

a j∈Nk(ai)

I(a j) fr(∥I(ai)− I(a j)∥)gs(∥ai−a j∥) (3.21)

Here, fr is the feature kernel for smoothing intensity differences and gs is the spatial (domain)

kernel for smoothing the spatial differences in coordinates. ωp is the normalized weight

parameter, defined using the spatial closeness and intensity difference as:

ωp = ∑
a j∈Nk(ai)

fr(∥I(ai)− I(a j)∥)gs(∥ai−a j∥) (3.22)

Employing a similar idea from bilateral filtering, where the combined weight si j = gs× fr is

the product of spatial weight and feature weight, the combined weight prior to LPP can be

computed. In the proposed method, the adaptive spatial weight is obtained from the algorithm

mentioned in Fig. 3.5 instead of simple Euclidean weights as given in Equation (4.21). Let the

adaptive spatial weight obtained be defined as (sa)i j, as discussed in Section 3.4. Consequently,

the modified adaptive spatial-feature weight is computed as:

ti j = (sa)i j · ri j (3.23)

67



Chapter 3. Adaptive Spatial-Feature Kernel-Guided Bilateral LPP

3.6 LPP-Based Low-Dimensional Projection Scheme

With the input training data A∈RD×N comprising flag-stick visual cues, the objective of LPP is

to find a suitable projection matrix W= [w1,w2, . . . ,wd]∈RD×d which can map each input data

ai ∈ RD from the higher-dimensional space D to a lower-dimensional space d. The individual

transformed images are obtained as xi = W⊤ai ∈ Rd [7]. Owing to the concept of LPP, the

optimization problem for ALPSK-BLPP can be formulated as:

min
W

N

∑
i=1

N

∑
j=1

∥∥ai−a j
∥∥2 ti j =

N

∑
i=1

∑
a j∈Nk(ai)

∥∥∥W⊤ai−W⊤a j

∥∥∥2
ti j (3.24)

Following some standard derivations, the minimization problem in (3.24) can be reformulated

in the matrix form as [7]:

min
W

tr(W⊤ALA⊤W) s.t. W⊤ADA⊤W = 1 (3.25)

where L = D−T is the Laplacian matrix and T is the weight matrix with its entries ti j. D is a

diagonal matrix with its elements defined as:

Dii =
m

∑
j=1

ti j (3.26)

Equation (3.25) can be equivalently represented in the form of a generalized eigenvalue

decomposition problem such as [11]:

ALA⊤w = λADA⊤w (3.27)

Given the non-singularity of ADA⊤, the eigenvalue decomposition problem in (3.27) can be

expressed as: (
ADA⊤

)−1
ALA⊤w = λw (3.28)

The solution to the above eigenvector problem derives the required ALPSK-BLPP

transformation matrix WALPSK-BLPP, by which the data can be projected from the original

higher-dimensional domain to the ALPSK-BLPP reduced domain. The entire algorithm of

ALPSK-BLPP is shown in the form of a flowchart in Fig. 3.6. To deal with the singularity in

ADA⊤, PCA is introduced in the form of a preprocessing step before conducting ALPSK-BLPP,

as shown in the algorithm.

The experimental evaluation using the flag-stick visual cue dataset has been organized into

five distinct phases. In the first phase, only the images captured under normal lighting conditions

were used for both training and testing purposes. In the subsequent four phases, while the
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Figure 3.6: Flowchart depicting the proposed ALPSK-BLPP algorithm for deriving the

projection matrix WALPSK-BLPP.

training set has remained unchanged, the testing data has been replaced with samples collected

under reduced illumination settings; specifically dark level-1, dark level-2, dark level-3, and

dark level-4 conditions. A visual depiction of the dataset distribution under each lighting

scenario was provided earlier in Fig. 2.7 in Section 2.4 of Chapter 2. The dataset acquired

under normal photometric settings comprises 1050 images, with 150 samples from each of the

seven visual cue classes. Throughout all experiments, a fixed training-to-testing ratio of 7 : 3

has been maintained. The number of nearest neighbors k for calculating the feature weights
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has been set to 6. The dimension d of the reduced subspace has been selected in such a way

that the energy content of the input vector has been maximally preserved within the chosen

principal components. Local binary patterns (LBP) has been employed as the default feature

descriptor to extract feature values f (ai) and compute the corresponding range weights ri j in

the feature domain. Classification of test samples has been performed using a support vector

machine (SVM) classifier.

3.7 Experimental Results and Discussion

A comparative analysis of different popular dimensionality reduction methods, including their

augmented forms using the proposed ALPSK-BLPP approach, under varying photometric

conditions, is presented in Table 3.4. Initially, both the training and testing samples have been

taken from data captured under regular lighting conditions. Under this setting, the majority of

the state-of-the-art algorithms have produced satisfactory classification accuracy. Comparable

results have been obtained for PCA, LDA, and LPP, while the remaining augmented methods

have achieved accuracy exceeding 99.90%. This strongly validates the reliability and

effectiveness of the proposed robot navigation guidance framework using flag-stick cues, which

can be implemented cost-effectively with a straightforward user interface and integrated with

state-of-the-art algorithms. To assess the robustness of the system under more challenging

real-world conditions, the testing dataset has progressively been altered to include samples

with degraded illumination. Four additional phases of experimentation were performed using

images captured under these darkened conditions, which naturally introduce noise, outliers,

and non-linear distribution of data points. This setup enables a more comprehensive evaluation

of the robustness of locality-preserving dimensionality reduction strategies, particularly in the

context of adaptive weighting mechanisms.

Consistent with this, the performance of each algorithm has been assessed under

these low-light settings. Traditional dimensionality reduction methods such as PCA and

LDA exhibited noticeable performance deterioration. However, significant improvements in

recognition rates were evident when locality-preserving methods were employed. For instance,

under dark level-2 lighting, standard LPP [7] achieved an accuracy of 84.127%, reflecting

the influence of outliers and the non-linear nature of the sample distribution in vision-based
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Table 3.4: CLASSIFICATION ACCURACY (% ± STD. DEV.) OF VARIOUS DIMENSIONALITY

REDUCTION METHODS ACROSS DIFFERENT PHOTOMETRIC CONDITIONS

Method Normal Illum. Dark-1 Dark-2 Dark-3 Dark-4

PCA 99.048 ± 0.184 70.253 ± 0.352 46.349 ± 0.478 39.885 ± 0.512 32.012 ± 0.586

LDA 99.365 ± 0.165 81.296 ± 0.296 73.333 ± 0.368 65.320 ± 0.483 49.678 ± 0.504

LPP 99.683 ± 0.105 92.362 ± 0.255 84.127 ± 0.349 70.773 ± 0.392 55.710 ± 0.454

ALPR 99.939 ± 0.020 94.667 ± 0.211 88.571 ± 0.293 73.654 ± 0.322 61.175 ± 0.413

BLPP 99.965 ± 0.011 96.329 ± 0.159 94.603 ± 0.196 75.221 ± 0.250 62.394 ± 0.386

ALPR + LPP 99.965 ± 0.009 97.112 ± 0.107 95.556 ± 0.188 76.058 ± 0.198 65.943 ± 0.365

ALPSK-BLPP 99.971 ± 0.009 98.875 ± 0.091 97.778 ± 0.165 81.269 ± 0.175 71.778 ± 0.310

(a) (b) (c)

Figure 3.7: Comparison of feature weights and adaptive spatial weights generated by

ALPSK-BLPP and BLPP across varying illumination conditions: (a) Normal, (b) Dark level-2,

and (c) Dark level-4.

data collected in dark environments. By comparison, methods utilizing adaptive spatial kernel

regression [70] and spatial-feature kernel-based LPP [11] have attained improved recognition

rates of 88.571% and 94.603%, respectively. When adaptive locality preserving regression

(ALPR) [70] was applied prior to LPP, the recognition accuracy further increased to 95.556%.

Ultimately, the proposed ALPSK-BLPP framework outperformed all other approaches in both

accuracy and resilience, reaching a maximum recognition accuracy of 97.778%.
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Table 3.5: VARIATION IN FEATURE AND SPATIAL WEIGHT VALUES FOR ALPSK-BLPP

AND BLPP UNDER DIFFERENT ILLUMINATION CONDITIONS

Method Illum. Cond.

Feature Weights Spatial Weights

Range Mean SD Range Mean SD

(wmax
f −wmin

f ) w̄ f σw f (wmax
s −wmin

s ) w̄s σws

ALPSK-BLPP

Normal 0.9447 0.2977 0.0809 1 0.0014 0.0076

Dark-1 0.9433 0.2961 0.0810 1 0.0012 0.0078

Dark-2 0.9488 0.2979 0.0812 1 0.0015 0.0079

Dark-3 0.9472 0.2965 0.0815 1 0.0013 0.0079

Dark-4 0.9455 0.2986 0.0817 1 0.0014 0.0078

BLPP

Normal 0.9368 0.2954 0.0804 0.178 0.0126 0.0579

Dark-1 0.9411 0.2972 0.0807 0.213 0.0155 0.0587

Dark-2 0.9395 0.2962 0.0811 0.267 0.0171 0.0688

Dark-3 0.9464 0.2968 0.0812 0.324 0.0271 0.0880

Dark-4 0.9483 0.2978 0.0816 0.389 0.0382 0.1053

In the ALPSK-BLPP method, the joint influence of both spatial and feature weight

components contributes meaningfully to the overall performance. In contrast, in the case of

BLPP, the spatial weights are fixed as per Equation (4.21). With an increasing number of

outliers, the spatial distance between pixels tends to increase, thereby reducing the spatial

weight values. ALPSK-BLPP, however, computes adaptive spatial weights that remain effective

with substantial values, even under photometric distortions. Fig. 3.7 compares the spatial and

feature weights produced by BLPP and ALPSK-BLPP under three lighting conditions. The

variations of feature and spatial weights for both these methods under different illumination

conditions are summarized in Table 3.5. Here, Range indicates the difference between the

maximum and minimum weight values (wmax −wmin), Mean denotes the average value w̄,

and SD represents the corresponding standard deviation σw. The subscripts f and s refer

to feature and spatial weights, respectively. While feature weights remain relatively stable,

spatial weights show considerable variation in the case of BLPP. In contrast, ALPSK-BLPP

exhibits less fluctuation in spatial weights under changing illumination, as reflected by the

respective ranges, means, and standard deviations (SDs). This substantiates ALPSK-BLPP

to be a more reliable method for computing spatial weights in the LPP framework, especially
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Figure 3.8: Classification accuracy (in %) of ALPSK-BLPP across varying values of

regularization parameters λ1 and λ2 within the range [0.1, 1].

for photometrically degraded input images.
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Figure 3.9: Surface plot illustrating the variation in classification accuracy (in %) with respect

to changes in λ1 and λ2.

(a) (b)

(c) (d)

Figure 3.10: Confusion matrices illustrating the performance of the proposed ALPSK-BLPP

algorithm under different illumination conditions: (a) Dark-1, (b) Dark-2, (c) Dark-3, and (d)

Dark-4.
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Table 3.6: CLASSIFICATION METRICS OF ALPSK-BLPP UNDER DIFFERENT

ILLUMINATION CONDITIONS

Parameter Normal Dark-1 Dark-2 Dark-3 Dark-4

Sensitivity 99.68 98.73 97.46 81.27 71.75

Specificity 99.95 99.79 99.58 96.88 95.29

Precision 99.69 98.78 97.56 85.60 80.03

NPV 99.95 99.79 99.58 96.92 95.37

FPR 0.05 0.21 0.42 3.12 4.71

F1-Score 99.68 98.74 97.46 82.00 73.08

While implementing ALPSK-BLPP, the performance of the model is also influenced

by the proper choice of its regularization parameters. In the objective function described

by Equation (3.9), two penalty terms, λ1 and λ2, play a crucial role. These parameters are

responsible for preserving nearest neighbor structures and for performing feature selection,

respectively, within the graph-based regularization model [70]. To evaluate the sensitivity of

the algorithm with respect to these parameters, each of them has been initially varied across a

wide range of values, from 10−3 to 103. Based on this, a finer range of [0.1, 1] was identified for

both λ1 and λ2. A grid search was then performed in this refined interval to determine optimal

parameter values [70]. The effect of varying these parameters on classification accuracy at dark

level-2 is depicted in Fig. 3.8. A graphical surface view of how ALPSK-BLPP’s accuracy

changes with λ1 and λ2 is shown in Fig. 3.9.

The classification performance of ALPSK-BLPP under each of the four darkened lighting

conditions is shown using confusion matrices in Fig. 3.10. The detailed classification

metrics—sensitivity, specificity, precision, negative predictive value (NPV), false positive rate

(FPR), and F1-score, for all photometric levels are provided in Table 3.6. These experimental

findings reinforce the theoretical motivation for ALPSK-BLPP as a resilient algorithm suitable

for deployment in real-world HRI environments with photometric challenges. In settings

where image data suffers from illumination degradation, the results highlight the importance

of: (i) incorporating adaptive measures in spatial weight computation within LPP to handle

non-linearity and noise, and (ii) integrating intensity similarity information from the feature

domain.
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3.8 Summary

This chapter presented a comprehensive methodology for robust visual cue recognition in

human-supervised robot navigation systems. Beginning with a baseline approach based on

locality preserving projections (LPP), the work addressed the limitations of conventional

low-dimensional projection methods under variable and challenging photometric conditions.

The LPP-guided scheme demonstrated improved neighborhood preservation compared to global

information-based techniques, validating its effectiveness in semi-structured environments with

moderate variation. Notably, the normal LPP method performed well under standard lighting

conditions, but showed a marked decline in recognition accuracy across increasingly darkened

environments, starting from dark-1 through dark-4 scenarios.

To extend this robustness to more adverse real-world scenarios, an adaptive spatial

kernel modeling framework was developed. The proposed ALPSK method introduced an

adaptively learned similarity structure that replaced the fixed Euclidean-based weighting with an

optimized, data-driven graph. By incorporating class-wise margin constraints and row-sparsity

regularization, ALPSK enabled both enhanced discriminability and feature selection within the

projected space. The inclusion of range-domain feature weights, guided by bilateral filtering

principles, further refined the locality encoding to accommodate photometric inconsistencies in

the image data.

The chapter culminated in the formulation of ALPSK-BLPP, a unified framework

combining adaptive spatial and feature-based similarities into a joint projection model. This

scheme demonstrated a clear improvement over standard LPP, especially under dark-1 and

dark-2 conditions, where it maintained high classification accuracy. However, its performance

under dark-3 and dark-4 conditions, though improved, was still suboptimal. These results point

to the limitations of current methods under extreme photometric degradation and highlight the

need for more resilient algorithmic strategies. Furthermore, evaluating the robustness of these

methods under externally induced noise conditions remains an open avenue. These aspects

present meaningful opportunities for further improvement and are explored in subsequent

chapters. Taken together, the techniques presented in this chapter form a scalable and effective

solution for visual perception in collaborative robotic systems. They also serve as a foundational

component for subsequent work on multimodal and context-aware interaction strategies, which
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are explored in the following chapters.
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Chapter 4

Local Pattern Encoding-based Kernel

Adoption Strategies in LPP

4.1 Introduction

V isual recognition systems operating in real-world human-robot interaction (HRI)

scenarios often encounter input data, degenerated due to illumination fluctuations,

sensor-induced noise, and structural ambiguities [65]. Conventional global projection

techniques, while working effectively under ideal imaging conditions, tend to falter when

confronted with such distortions. To address the issue, this chapter presents a comprehensive

investigation into local pattern encoding-based kernel adoption strategies designed to augment

the performance of locality preserving projections (LPP) [7] under adverse visual conditions.

The central idea is to employ robust local feature descriptors that can effectively

encode spatial microstructures, edge orientations, and statistical properties of the local image

neighborhoods. These descriptors are then utilized to build photometric-aware kernel matrices

that enhance the LPP framework. This chapter explores various local pattern-based descriptors,

such as local binary patterns (LBP) [30], local derivative patterns (LDP) [90], local ternary

patterns (LTP) [31], and local tetra patterns (LTrP) [91], to investigate their effectiveness under

illumination degradation and in noise corrupted scenarios. In particular, LTrP, a four-directional

encoding scheme, is found to work well in environments involving impulsive and multiplicative

noise. Furthermore, a detailed discussion is carried out on histogram refinement schemes that

further improve descriptor granularity, using local structural and statistical properties such as

skewness (local skew pattern or LSP) and structural variation (binarized eigenvalue map or

BEM) [92].

The chapter then introduces histogram refined local binary pattern (HRLBP) and
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histogram refined local ternary pattern (HRLTP)-based encoding strategies. These two

frameworks are built upon classical LBP and LTP descriptors and incorporate histogram

refinement to enhance their robustness under varying photometric and noise conditions. In

particular, the HRLBP approach demonstrates strong performance under moderate lighting

shifts, while HRLTP is shown to be resilient in hybrid degradation cases, involving both

noise and dim illumination. All local pattern descriptors are integrated into a bilateral

locality preserving projection (BLPP) framework to ensure spatial-feature preservation during

dimensionality reduction. The resulting schemes are rigorously evaluated across a range of

degraded datasets to validate their resilience and class separability.

4.2 Feature Encoding with Local Tetra Patterns (LTrP)

Robust and meaningful local feature extraction is essential for accurate pattern recognition

in real-world human-robot interaction systems, mainly when input data is affected by visual

ambiguities and sensor inconsistencies. With datasets that are degraded and contaminated with

various noise artifacts, extraction of meaningful and robust features from high-dimensional

input data becomes a challenging task. To address this challenge, this work explores the use of

local tetra patterns (LTrP) [91]; a noise-resilient, four-directional encoding scheme, specially

suited for visual cue recognition under degraded sensor conditions.

4.2.1 Local Feature Descriptors

Under such adverse conditions as mentioned above, traditional subspace projection-based

dimensionality reduction techniques often fail to deliver satisfactory performance. In contrast,

locality-aware dimensionality reduction methods like locality preserving projections (LPP)

provide a more suitable alternative in these scenarios. LPP captures the intrinsic geometrical

relationships present in the original data and projects them into a lower-dimensional subspace

while retaining local structure. This technique effectively embeds the neighborhood pixel

distribution from the input data into the reduced space.

However, standard LPP only incorporates spatial proximity between neighboring data

points using distance metrics, which are then employed to construct the projection kernel. In
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this way, the local variation in pixel intensity due to sensor degradation and noises cannot be

captured. To overcome this limitation, bilateral filtering-inspired LPP (BLPP) leverages the idea

of combining both spatial and feature-based kernels derived from the input data [11]. Various

standard descriptors, such as local binary patterns (LBP) [30], histograms of oriented gradients

(HOG) [47], and local phase quantization (LPQ) [93] can be used to generate the feature kernel

for this purpose. To explore beyond simple intensity-based encodings, Zhang et al. proposed

local derivative patterns (LDP), which extend LBP using first-order directional derivatives [90].

Further building upon it, Tan et al. introduced local ternary patterns (LTP) [31], which improve

discrimination and robustness to noise, making them a generalized, less sensitive form of the

LBP descriptor [30].

Nevertheless, LBP and its variants like LDP and LTP perform feature coding in only two

directions, limiting their ability to encode complex edge distributions. Extending the directional

encoding beyond two axes can potentially improve overall system performance. Murala et al.

proposed local tetra patterns (LTrP), a more discriminative four-directional local descriptor,

initially developed for content-based image retrieval tasks [91]. In the current study, LTrP has

been adopted to extract salient and noise-resilient local features from vision sensor data affected

by impulse and multiplicative noise. The extracted LTrP-based feature representations are then

fused with the spatial information to construct the final projection matrix using the proposed

local tetra pattern-based bilateral LPP scheme (LTrP-BLPP).

4.2.2 Mathematical Foundation of LTrP

Local tetra pattern (LTrP) captures the spatial texture of local neighborhoods by determining

directionality with respect to the central pixel’s intensity. For a given image A, the first-order

derivatives in the horizontal (0◦) and vertical (90◦) directions for a neighborhood pixel gp are

represented as A1
0◦(gp) and A1

90◦(gp), where gp is the gray value of the neighbor pixels around

the central pixel gc. Assuming gh and gv denote the neighboring gray values in the horizontal

and vertical directions of gc, the first-order derivatives are defined as [91]:

A1
0◦(gc) = A(gh)−A(gc) (4.1)

A1
90◦(gc) = A(gv)−A(gc) (4.2)

The directionality of the central pixel gc is then encoded as:
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A1
d(gc) =



1, if A1
0◦(gc)≥ 0 and A1

90◦(gc)≥ 0

2, if A1
0◦(gc)< 0 and A1

90◦(gc)≥ 0

3, if A1
0◦(gc)< 0 and A1

90◦(gc)< 0

4, if A1
0◦(gc)≥ 0 and A1

90◦(gc)< 0

(4.3)

These values 1 to 4 define the four possible orientation directions of encoding that the central

pixel can possess. The second-order tetra pattern for the central pixel, having N neighboring

pixels, is then expressed as [91]:

LTrP2(gc) =
{

φ(A1
d(gc),A1

d(g1)),φ(A1
d(gc),A1

d(g2)), . . . ,φ(A1
d(gc),A1

d(gN))
}

(4.4)

where the function φ(·) is defined as:

φ(A1
d(gc),A1

d(gN)) =

0, if A1
d(gc) = A1

d(gN)

A1
d(gN), otherwise

(4.5)

To compute higher-order tetra patterns, it is necessary to use previously calculated derivative

terms along both horizontal and vertical directions. Thus, the n-th order LTrP for gc is expressed

as [91]:

LTrPn(gc) =
{

φ(An−1
d (gc),An−1

d (g1)),φ(An−1
d (gc),An−1

d (g2)), . . . ,φ(An−1
d (gc),An−1

d (gN))
}

(4.6)

Higher-order LTrPs tend to become more sensitive to noise, which makes the second-order LTrP

more suitable for extracting robust features from noisy images [91]. In contrast to local binary

pattern (LBP), local derivative pattern (LDP), or local ternary pattern (LTP), which encode

pixels into two (0 or 1) or three (-1, 0, 1) states, LTrP can represent them in four directional

classes, enabling richer local feature encoding.

4.2.3 LTrP-Encoded Low-Dimensional Projection Scheme LTrP-BLPP

Once the LTrP-coded local features are extracted from each input image, the next step involves

embedding this high-dimensional data into a lower-dimensional subspace using the framework

of bilateral filtering-aided locality preserving projections (BLPP) [11], as discussed earlier in

Sections 3.5-3.6 in Chapter 3. This hybrid scheme, known as LTrP-BLPP, seeks to retain both

the spatial coherence and local photometric similarity of the data during the projection process.
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Let the input set of images be represented as A = [A1,A2, . . . ,AN ] ∈ RD×N , where each

Ai ∈ RD is a vectorized representation of the grayscale image, and N is the number of training

samples. The goal is to compute a transformation matrix W = [w1,w2, . . . ,wd] ∈ RD×d that

projects each high-dimensional vector Ai into a lower-dimensional representation xi = W⊤Ai ∈

Rd , with d≪ D.

In traditional LPP, the similarity between two samples Ai and A j is evaluated based on

Euclidean distance in the original space. In contrast, the LTrP-BLPP formulation enriches

this by incorporating photometric feature similarity into the weight computation. The spatial

similarity weight is defined as [7]:

si j =


exp

(
−
∥Ai−A j∥2

F
τ

)
, if A j ∈Nk(Ai)

0, otherwise
(4.7)

In parallel, the feature similarity is derived from the LTrP-coded descriptors, which effectively

encode textural information with robustness to noise perturbations and outliers. Denoting f (Ai)

as the LTrP feature representation of Ai, the corresponding feature-based weight is given by:

ri j =

exp
(
−∥ f (Ai)− f (A j)∥2

2
σ

)
, if A j ∈Nk(Ai)

0, otherwise
(4.8)

Here, τ and σ are tuning parameters that control the influence of spatial and feature domain

proximity, respectively. These two components are combined multiplicatively to yield the final

joint similarity weight as [11]:

ti j = si j · ri j (4.9)

This combined weight forms the bilateral similarity matrix T, whose entries ti j reflect both

spatial and feature domain affinities between neighboring samples. The diagonal degree matrix

D is constructed with entries Dii = ∑ j ti j, and the corresponding Laplacian matrix is obtained

as L = D−T. Correspondingly, the optimization objective of LTrP-BLPP becomes:

min
W

tr(W⊤ALA⊤W) subject to W⊤ADA⊤W = I (4.10)

Equation (4.10) is equivalent to the following generalized eigenvalue problem:

ALA⊤w = λADA⊤w (4.11)

Equation (4.11) yields the projection vectors {w1, . . . ,wd} corresponding to the d smallest

non-zero eigenvalues. These eigenvectors constitute the columns of the transformation matrix
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(a) (b)

(c) (d)

Figure 4.1: Sample flag-stick visual cue images corrupted with different levels of

salt-and-pepper noise: (a) δ = 0.05, (b) δ = 0.15, (c) δ = 0.25, and (d) δ = 0.35.

W. The final low-dimensional representation xi = W⊤Ai encapsulates both the spatial

arrangement and LTrP-coded local textures, making the proposed scheme particularly effective

in handling noise and illumination-induced outliers. This projection, when followed by a

suitable classifier (such as multiclass SVM), enables robust recognition of symbolic visual cues

embedded in vision-sensor-acquired data, as investigated through empirical evaluations in the

subsequent sections.

4.2.4 Noise-Corrupted Visual Cues for Evaluation

Noise generated in vision sensors represents a distinct type of electronic distortion that causes

irregular variations in image brightness and color fidelity. These distortions may stem from

inconsistencies within the image sensor or faults in the camera’s internal processing circuitry.

Such anomalies are often the result of sensor aging or prolonged wear and tear in hardware

components.

To emulate realistic sensor degradation, this study includes two prominent types of noise

disturbances: impulse noise and multiplicative noise [94]. Impulse noise, commonly referred
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(a) (b)

(c) (d)

Figure 4.2: Sample flag-stick visual cue images corrupted with different levels of speckle noise:

(a) S2 = 0.05, (b) S2 = 0.15, (c) S2 = 0.25, and (d) S2 = 0.35.

to as salt-and-pepper noise, arises due to abrupt disturbances in image signals [95], and

manifests as random bright and dark spots in an image. This type of corruption introduces

sparsely distributed white pixels in the dark regions and black pixels in the bright areas,

producing a granular distortion pattern [96]. To mimic real-world distortions often encountered

in sensor data due to issues like analog-to-digital converter (ADC) faults and transmission

bit inconsistencies, salt-and-pepper noise with varying intensity levels has been introduced

into the flag-stick image samples. Fig. 4.1 displays representative visual cues affected by

salt-and-pepper noise across multiple intensity levels. For a noise density of δ%, nearly δ%

of the total pixel values in the corresponding input image become corrupted as a result of this

simulated degradation.

Multiplicative noise, on the other hand, is typically caused by spurious signals that become

amplified during image acquisition or processing stages. Speckle noise, a specific category of

multiplicative noise, is frequently observed in radar and medical imaging contexts. Potential

sources of speckles in vision systems include particle accumulation on the camera sensor

surface and abrupt variation in the gain of the sensor array [97]. To emulate the grainy noise

patterns that typically arise due to interference in coherent imaging setups, as well as from
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Table 4.1: EVALUATION OF CLASSIFICATION ACCURACY FOR VARIOUS DIMENSIONALITY

REDUCTION METHODS ON THE ORIGINAL VISUAL CUE DATASET

Algorithm Classification Accuracy (%)

PCA 99.048

LDA 99.365

LPP 99.683

LBP-BLPP 99.965

LDP-BLPP 99.965

LTP-BLPP 99.965

LTrP-BLPP 99.965

effects like diffuse surface reflections and scattering particles, speckle noise with varying levels

of variance has been incorporated into the system. Fig. 4.2 illustrates several visual cue

samples that have been artificially degraded using speckle noise at varying variance levels. The

parameter S2 represents the variance of the multiplicative noise, which is uniformly distributed

with mean 0 and variance S2, where higher values of S2 induce more severe speckle distortion

in the image.

These controlled noise conditions help simulate real-world degradation scenarios and are

employed in this work to rigorously assess the noise resilience of the proposed LTrP-BLPP

algorithm.

4.2.5 Experimental Results and Discussion

As mentioned earlier in the preceding Section 4.2.4, the experimental evaluation has been

conducted using the flag-stick visual cue dataset. Three distinct sets of experiments were

designed: one using the original, noise-free dataset; another with images degraded by

salt-and-pepper noise; and a third set containing speckle noise-infiltrated samples. For each

of these experimentations, a 70-30 train-test partitioning strategy was considered.

To realistically mimic the real-life working environment with sensor noises, the

corresponding noise artifacts were intentionally added into both the training and testing image

sets. This is motivated by practical scenarios where vision sensors undergo deterioration due to

aging, mechanical wear, or environmental stress, leading to noise contamination in all captured
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Table 4.2: CLASSIFICATION ACCURACIES (%) OF DIFFERENT DIMENSIONALITY

REDUCTION METHODS UNDER VARYING SALT-AND-PEPPER NOISE DENSITIES

Algorithm δ = 0.05 δ = 0.10 δ = 0.15 δ = 0.20 δ = 0.25 δ = 0.30 δ = 0.35

PCA 68.254 64.127 61.270 55.556 53.651 49.841 48.889

LDA 57.143 55.238 52.063 48.254 40.635 36.190 33.333

LPP 87.302 83.810 80.952 77.143 76.508 73.333 70.794

LBP-BLPP 98.095 94.921 92.063 90.159 88.254 85.714 84.762

LDP-BLPP 98.095 95.238 92.063 90.476 89.206 86.032 84.762

LTP-BLPP 98.413 95.556 93.333 91.111 89.524 86.667 85.079

LTrP-BLPP 98.413 97.460 94.286 91.111 89.841 87.302 85.397

Table 4.3: CLASSIFICATION ACCURACIES (%) OF DIFFERENT DIMENSIONALITY

REDUCTION METHODS UNDER VARYING SPECKLE NOISE VARIANCES

Algorithm S2 = 0.05 S2 = 0.10 S2 = 0.15 S2 = 0.20 S2 = 0.25 S2 = 0.30 S2 = 0.35

PCA 66.984 63.809 62.222 61.269 55.873 52.064 48.889

LDA 56.190 51.429 49.841 47.619 43.175 40.952 38.413

LPP 90.476 89.206 87.302 85.714 81.905 78.730 77.778

LBP-BLPP 99.365 97.460 95.873 95.238 90.476 89.841 87.302

LDP-BLPP 99.365 97.460 95.873 95.556 91.429 90.159 87.302

LTP-BLPP 99.365 97.778 96.190 95.873 91.111 90.476 87.619

LTrP-BLPP 99.365 98.730 98.730 98.413 94.603 92.381 89.206

data. Consequently, both training and testing samples would inherently carry such distortions,

making it essential to embed noise during both phases for faithful algorithm evaluation.

For the original clean dataset, Table 4.1 reports the classification performance of several

widely-used dimensionality reduction methods, evaluated in terms of recognition accuracy.

While most standard techniques achieved over 99% accuracy, the BLPP-based methods that

incorporated feature descriptors surpassed even 99.90% in performance. To mimic common

sensor anomalies such as those arising from analog-to-digital conversion errors or transmission

bit faults, salt-and-pepper noise of varying densities was artificially introduced, as shown earlier

in Fig. 4.1. Table 4.2 presents the performance of the evaluated methods under increasing levels

of salt-and-pepper noise, with δ% being the noise density. To simulate textured noise patterns

typical of coherent imaging systems; caused by interference, scattering particles, or diffuse

reflections, speckle noise with different variances was added, as shown earlier in Fig. 4.2.
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(a) (b)

(c) (d)

Figure 4.3: Polar plots illustrating the classification accuracy of various local descriptor-based

algorithms across increasing levels of salt-and-pepper and speckle noise: (a) LTrP-BLPP, (b)

LTP-BLPP, (c) LDP-BLPP, and (d) LBP-BLPP.

The corresponding results are detailed in Table 4.3, where S2 denotes the variance level of the

introduced noise profile.

Both comparative tables clearly demonstrate the robustness of BLPP algorithms

augmented with texture descriptors. As noise levels increase, traditional methods like PCA

and LDA exhibit notable drops in recognition accuracy, particularly at higher corruption levels.

Although LPP initially outperforms PCA and LDA in terms of classification robustness, its

performance also declines significantly with increasing noise intensity. In contrast, the BLPP

variants with local descriptors such as LBP, LDP, LTP, and LTrP maintain much higher accuracy
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across noise densities. Notably, for salt-and-pepper noise with a density of δ = 0.20, these

methods have still achieved over 90% classification accuracy. Among all these methods,

LTrP-BLPP has consistently outperformed others at every noise level evaluated, demonstrating

superior resilience to sensor-induced distortions. When tested with speckle noise, the robustness

of the proposed method becomes even more evident. All competing local pattern-based BLPP

approaches retained over 90% accuracy up to a noise variance of S2 = 0.30.

The classification trends of the four BLPP-based methods—LTrP-BLPP, LTP-BLPP,

LDP-BLPP, and LBP-BLPP, across various noise levels are illustrated in Fig. 4.3. In these

polar graphs, noise intensity levels within the range [0,0.35] are mapped angularly over a 360◦

circular span. These experimental findings establish that the proposed LTrP-BLPP framework

exhibits an escalation in robustness and consistent performance in the presence of substantial

sensor noise, affirming its effectiveness for real-world visual recognition tasks.

4.3 Histogram Refinement Scheme for Feature Enhancement

To improve the discriminative capacity of histogram-based feature descriptors, a histogram

refinement scheme has been introduced in the work of Tiwari et al. [92]. This approach aims to

subdivide the global histogram features by categorizing image pixels based on local statistical

or structural properties, thereby enhancing the retrieval and recognition performance in the

presence of visually similar textures. The entire scheme of histogram refinement is developed

based on two components: local skew pattern (LSP) and binarized eigenvalue map (BEM),

utilizing their neighborhood-based local properties. These two components are discussed in the

following sections.

4.3.1 Histogram Refinement via Local Skew Pattern (LSP)

The local skew pattern (LSP) aims to enrich the discriminative capacity of feature descriptors

by incorporating statistical information regarding the asymmetry of local intensity distributions.

For traditional descriptors like LBP, even with similar encodings, the neighborhood distributions

can differ notably, suggesting that standard descriptors may miss subtle structural distinctions

there [92]. To address this, the LSP framework introduces a statistical analysis of local
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neighborhoods by focusing on a specific measure i.e., skewness, which captures the asymmetry

of pixel value distributions relative to their mean.

The objective is to enhance the separability of texture features by classifying each pixel

based on the nature of skewness in its surrounding region. Skewness, as defined in statistical

terms, measures how much a distribution deviates from symmetry. A positively skewed

distribution is characterized by a longer tail extending towards higher intensity values, whereas

a negatively skewed distribution displays a tail that stretches toward lower intensity values. This

classification strategy yields a binary map across the image, which is termed the Local Skew

Pattern. Let Pg,h denotes the set of gray-level intensities centered at pixel (g,h) and including its

8-connected neighborhood. The LSP at (g,h) is then defined using a median-mean comparison

rule as follows:

LSP(g,h) =

0, if Median(Pg,h)≥Mean(Pg,h)

1, otherwise
(4.12)

Pixels assigned with values 1 and 0 in Equation (4.12) approximately represent the

neighborhoods with positively and negatively skewed intensity distributions, respectively.

Accordingly, partitioning of the global texture descriptor histogram into two segments based

on LSP classification is anticipated to enhance inter-image separability, thereby improving the

performance of content-based image encoding. However, upon applying histogram refinement,

two of those pixels now contribute to a sub-histogram derived from regions where LSP

equals 1, while the remaining two are associated with the sub-histogram corresponding to

LSP value 0. In essence, the LSP-based refinement divides the original local descriptor

histogram into two distinct subsets; one representing positively skewed regions and the other

representing negatively skewed neighborhoods. This classification and subdivision of pixel

patterns introduce a new degree of granularity into the overall descriptor. The final descriptor is

then constructed by concatenating the two refined histograms into a single histogram vector.

During the matching phase, the histogram refinement ensures that comparisons are made

between patterns derived from neighborhoods of similar skewness, thereby embedding vital

information about local distribution characteristics into the similarity computation.
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(a) (b)

Figure 4.4: Kernels used for computing the covariance matrix over a 5×5 local neighborhood:

(a) Kernel Kg_cent for estimating the g-coordinate of the centroid, and (b) Kernel Kh_cent for

estimating the h-coordinate of the centroid.

4.3.2 Histogram Refinement via Binarized Eigenvalue Map (BEM)

This section describes the methodology for generating the binarized eigenvalue map (BEM)

using principal component analysis (PCA), applied over the local neighborhood of each pixel.

The main goal of the proposed histogram refinement approach using BEM is to incorporate

structural characteristics present in the local region of the image. To achieve this, PCA is

performed within the neighborhood around every pixel, a process referred to as local PCA.

In the current approach, the covariance matrix required for local PCA is derived using a set

of second-order image moments [98]. Image moments are statistical measures that represent

the intensity-weighted distribution of pixel values within a given local neighborhood. The

kernels employed to compute the elements of the covariance matrix within a 5×5 pixel window

centered at each pixel, are depicted in Fig. 4.4.

Assuming Ag,h to be the grayscale image under consideration, the second-order moments

that contribute to the construction of the covariance matrix, need to be calculated. Variance

along the g-direction, h-direction, and covariance between g- and h-directions are obtained as

follows:

Gvar
g,h =

m

∑
p=1

m

∑
q=1

(Kg_cent
p,q −Gcent

g,h )2 ·A(g+p−m−1
2 ,h+q−m−1

2 ) (4.13)

Hvar
g,h =

m

∑
p=1

m

∑
q=1

(Kh_cent
p,q −Hcent

g,h )2 ·A(g+p−m−1
2 ,h+q−m−1

2 ) (4.14)
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Covg,h =
m

∑
p=1

m

∑
q=1

(Kg_cent
p,q −Gcent

g,h )(Khcent
p,q −Hcent

g,h ) ·A(g+p−m−1
2 ,h+q−m−1

2 ) (4.15)

where

Gcent
g,h =

m
∑

p=1

m
∑

q=1
K

g_cent
p,q ·A(g+p−m−1

2 ,h+q−m−1
2 )

m
∑

p=1

m
∑

q=1
A(g+p−m−1

2 ,h+q−m−1
2 )

(4.16)

Hcent
g,h =

m
∑

p=1

m
∑

q=1
Kh_cent

p,q ·A(g+p−m−1
2 ,h+q−m−1

2 )

m
∑

p=1

m
∑

q=1
A(g+p−m−1

2 ,h+q−m−1
2 )

(4.17)

Equations (4.16) and (4.17) define the G and H coordinates of the centroid, calculated for the

local neighborhood centered at the pixel location (g,h). While formulating the Equations (4.13)

to (4.17), a square neighborhood of dimensions m×m pixels has been assumed for computation.

Using these centroid and moment values, the local covariance matrix is subsequently formulated

as follows:

Cov(Ag,h) =

 Gvar
g,h Covg,h

Covg,h Hvar
g,h

 (4.18)

Performing eigenvalue decomposition on the covariance matrix defined above results in two

distinct eigenvalues. This decomposition is carried out at each pixel location in the image,

and the principal eigenvalue obtained from each pixel’s neighborhood is used to construct an

eigenvalue map. Thus, the eigenvalue map generated is of the same spatial dimensions as the

original grayscale image. To normalize the values in this map, each principal eigenvalue is

divided by the intensity of the center pixel around which the corresponding local neighborhood

has been considered. It can be analytically demonstrated that, in regions of uniform intensity,

this normalization yields a constant principal eigenvalue. In fact, for such constant-intensity

regions, the resulting normalized value is dependent solely on the size of the neighborhood

window used for local PCA.

4.3.3 Hybrid Frameworks for Histogram Refinement

This section outlines the hybrid frameworks for the effective integration of local skew pattern

(LSP) and binarized eigenvalue map (BEM) in the histogram refinement process [92]. Three
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such frameworks have been investigated, each differing in how LSP and BEM are combined

with the local texture descriptors to enhance feature representation. The first framework adopts a

parallel refinement strategy. In this design, the input image is processed independently through

both LSP and BEM-based refinement pipelines. Specifically, the original histogram of local

descriptors is refined separately using LSP and BEM, resulting in two refined histograms from

each path. These four histograms, two from LSP and two from BEM are then concatenated to

form the final histogram feature vector.

The second and third frameworks implement serial refinement mechanisms, wherein the

output of one refinement stage is used as input to the next. In both of these serial frameworks,

either the LSP or the BEM is first encoded at the pixel level, creating a binary pattern for each

pixel based on its eight nearest neighbors. This binarization enables histogram computation

using uniform binary patterns, similar to the technique employed for local descriptors like LBP

or LTP. In the second framework, the histogram of the coded BEM is first concatenated with

the original local descriptor histogram. This concatenated feature vector is then subjected to

histogram refinement using the LSP-based classification of pixels.

In contrast, the third framework reverses the order. Here, the LSP is initially encoded and

its histogram is combined with that of the original local descriptors. The resulting concatenated

histogram feature is subsequently refined using the BEM-driven binarization strategy. Both

serial frameworks aim to inject complementary information from LSP and BEM into the final

representation, but do so, through differing order and processing paths.

Among these, framework 3 offers the most significant improvement in performance, as the

LSP captures fine details while BEM provides stronger structural differentiation, in sequential

order.

4.4 Feature Encoding with Histogram Refined Local Binary

Patterns (HRLBP)

Accurate feature representation under varying illumination and sensor-induced distortions is

essential for visual cue recognition in real-world human-robot interaction situations. While

traditional texture descriptors such as local binary pattern (LBP) offer a compact and efficient

encoding of micro-structures, their performance can deteriorate in the presence of illumination
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variations and fine structural distortions. As a redressal, the present work incorporates

the histogram refinement strategy, as discussed earlier, into the LBP framework, thereby

yielding histogram refined local binary pattern (HRLBP) features with enhanced discriminative

capability. The refinement process involves the classification of pixels based on local statistical

or structural characteristics, such as skewness or eigenvalue variation, which allows the original

LBP histogram to be subdivided into more semantically coherent segments. This subdivision

enables finer discrimination between visually similar texture regions and introduces resilience

to localized noise and illumination shifts.

The effectiveness of the HRLBP descriptor is evaluated under three distinct and

moderately challenging lighting conditions: normal illumination, dark condition level-1,

and dark condition level-2. These dark-level conditions are deliberately introduced to

simulate practical conditions, where vision sensors operate under insufficient ambient light

or dynamic exposure settings. The goal is to assess whether the HRLBP encoding, with

its histogram-aware enhancement, can maintain robust performance where conventional LBP

features may struggle due to underexposure or signal degradation. The following subsections

present the mathematical formulation of LBP, followed by the proposed histogram refinement

scheme applied to LBP, and its subsequent BLPP-based projection scheme, culminating in

experimental evaluation under the aforementioned illumination conditions.

4.4.1 Mathematical Background of LBP

The local binary pattern (LBP) is one of the most widely adopted and computationally efficient

texture descriptors for local feature extraction in grayscale images. Originally introduced by

Ojala et al. [30], the LBP operator captures the micro-texture structure around each pixel by

thresholding its neighboring pixel values with respect to the intensity of the center pixel. Given

a central pixel Ac and its P surrounding neighbors located on a neighborhood of radius R, the

LBP code is mathematically defined as:

LBPP,R =
P−1

∑
p=0

s(Ap−Ac) ·2p, (4.19)
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where Ap represents the gray-level intensity of the pth neighbor, and s(x) is a sign function

defined as:

s(x) =

1, if x≥ 0,

0, otherwise.
(4.20)

The resulting binary string is then converted into a decimal number, which uniquely represents

the local texture pattern at that pixel location. Typically, the operator is applied in a 3× 3

window resulting in 8-bit binary codes (i.e., P = 8,R = 1), allowing up to 256 possible patterns.

To achieve robustness against rotation and noise, the LBP descriptor is often further improved

using variants such as rotation-invariant LBP, uniform LBP, and completed LBP. A common

practice is to encode only those binary patterns with at most two transitions (uniform patterns),

thus significantly reducing the histogram dimensionality while preserving discriminative power.

This compact and effective representation has found wide utility in various image processing

applications including texture classification, face recognition, gesture detection, and biomedical

image analysis due to its simplicity and effectiveness in capturing local spatial variations.

4.4.2 HRLBP-Encoded Low-Dimensional Projection Scheme

HRLBP-BLPP

Following the extraction of histogram refined LBP (HRLBP) features from each image

sample using framework 3 of the proposed histogram refinement pipeline, the resulting

high-dimensional feature representation is projected into a lower-dimensional subspace through

the bilateral locality preserving projection (BLPP) [11] scheme, as described earlier in

Section 3.5 and Section 3.6 of Chapter 3. The hybrid method developed here, referred to as

HRLBP-BLPP, aims to retain both the spatial continuity and feature-level similarity present in

the original data during dimensionality reduction.

Let the collection of all input images in vectorized form, be represented by A =

[A1,A2, . . . ,AN ] ∈RD×N , where each column vector Ai ∈RD corresponds to a vectorized form

of the input image, and N denotes the number of training instances. The objective is to compute

a projection matrix W = [w1,w2, . . . ,wd] ∈RD×d that transforms each high-dimensional image

vector Ai into a lower-dimensional representation xi = W⊤Ai ∈ Rd , where d≪ D.

Unlike conventional LPP, where neighborhood similarity is determined using Euclidean
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distance in the spatial domain alone, the HRLBP-BLPP model incorporates both spatial and

HRLBP feature similarities for computing local affinities. The spatial weight between two

samples Ai and A j is computed as:

si j =


exp

(
−
∥Ai−A j∥2

F
τ

)
, if A j ∈Nk(Ai)

0, otherwise
(4.21)

Simultaneously, the feature-level similarity is derived from the histogram refined HRLBP

descriptor. Let h(Ai) denote the HRLBP feature vector associated with image Ai. The feature

similarity weight is then defined as:

ri j =


exp

(
−
∥h(Ai)−h(A j)∥2

2
σ

)
, if A j ∈Nk(Ai)

0, otherwise
(4.22)

Here, τ and σ are scalar parameters that regulate the decay of similarity in the spatial and feature

domains, respectively. These two weight values are multiplicatively combined to form the final

bilateral affinity:

ti j = si j · ri j (4.23)

The resulting joint affinity matrix T = [ti j] reflects the mutual similarity of neighboring samples

with respect to both spatial configuration and histogram-refined LBP features. The diagonal

matrix D is computed with diagonal entries Dii = ∑ j ti j, and the corresponding graph Laplacian

is defined as L = D−T. The optimization problem for HRLBP-BLPP becomes:

min
W

tr(W⊤ALA⊤W) subject to W⊤ADA⊤W = I (4.24)

Solving this leads to the generalized eigenvalue problem:

ALA⊤w = λADA⊤w (4.25)

The solution yields the projection directions {w1,w2, . . . ,wd} corresponding to the d smallest

non-zero eigenvalues. These form the columns of the optimal transformation matrix

W. The final low-dimensional representation xi = W⊤Ai encodes both spatial layout and

HRLBP-enhanced local texture statistics. This fusion enables the HRLBP-BLPP framework

to preserve class-discriminative structural patterns while reducing the sensitivity to lighting and

sensor noise variations, thereby contributing to more robust visual cue recognition.
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Table 4.4: CLASSIFICATION ACCURACY OF COMPETING METHODS UNDER NORMAL

ILLUMINATION

Method Accuracy (%)

PCA 99.048 ± 0.184

LDA 99.365 ± 0.165

LPP 99.683 ± 0.105

HOG-BLPP 99.690 ± 0.102

Gabor-BLPP 99.745 ± 0.080

LBP-BLPP 99.965 ± 0.011

HRLBP-BLPP 99.969 ± 0.009

4.4.3 Experimental Results Under Moderately Challenging Illumination

Conditions

For the purpose of experimentation, the full image dataset was randomly split into training and

testing subsets, maintaining a consistent 70 : 30 ratio. The testing phase employed a set of

images under more adverse photometric conditions, as previously illustrated. To compute both

spatial and range-based similarity weights, the number of nearest neighbors was fixed at k = 6.

The target dimensionality d of the projected subspace was determined such that it retains the

most significant principal components carrying maximum energy from the input vectors.

Table 4.4 presents a comparative analysis of multiple algorithms tested using the image

database collected under well-lit, normal lighting conditions. Under this standard illumination,

all benchmark algorithms demonstrated notably high classification accuracy. Specifically,

classical dimensionality reduction techniques such as PCA [3], LDA [4], and LPP [7] each

achieved over 99% accuracy. The BLPP [11] variants using LBP, and histogram refined

LBP, further improved upon this, with classification accuracies exceeding 99.90%. These

experimental findings emphasize the practical applicability and effectiveness of the proposed

approach in flag-stick cue-based robot navigation guidance framework in regular working

environments.

In environments where lighting is compromised, the effectiveness of traditional feature

extraction and dimensionality reduction strategies significantly declines. To evaluate the
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Table 4.5: CLASSIFICATION ACCURACY OF COMPETING METHODS ON

PHOTOMETRICALLY CHALLENGED DATASET

Method Accuracy (%) at DIL-1 Accuracy (%) at DIL-2

PCA 70.253 ± 0.352 46.349 ± 0.478

LDA 81.296 ± 0.296 73.333 ± 0.368

LPP 92.362 ± 0.255 84.127 ± 0.349

HOG-BLPP 94.426 ± 0.241 88.889 ± 0.234

Gabor-BLPP 95.217 ± 0.270 90.476 ± 0.215

LBP-BLPP 96.329 ± 0.159 94.603 ± 0.196

HRLBP-BLPP 97.235 ± 0.136 95.238 ± 0.193

robustness of the proposed approach under such adverse conditions, another round of testing

was performed. Table 4.5 shows the comparative results of the same set of methods applied

to the photometrically deteriorated dataset DIL-1 and DIL-2, previously described in Section

2.4 and Section 2.5, in Chapter 2. In these challenging conditions, the HRLBP-BLPP

model surpassed all other evaluated algorithms in terms of classification accuracy and

robustness. The histogram refinement technique within HRLBP-BLPP effectively captures

local patterns even under disrupted pixel distributions caused by poor lighting. By incorporating

both Euclidean-based spatial weights and feature-driven locality weights, the method shows

considerable robustness with degraded visual inputs.

A confusion matrix, generated for HRLBP-BLPP under the condition DIL-2 is shown

in Fig. 4.5, which illustrates the classification results in terms of true positives (TP), false

positives (FP), false negatives (FN), and true negatives (TN). Several classification performance

indicators based on these values were also calculated, as detailed in Table 4.6. The following
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Figure 4.5: Confusion matrix illustrating the classification performance of the HRLBP-BLPP

method.

equations were used to compute various classification metrics:

Accuracy =
T P+T N

T P+FP+T N +FN
(4.26)

Precision =
T P

T P+FP
(4.27)

Sensitivity (Recall) =
T P

T P+FN
(4.28)

Specificity =
T N

T N +FP
(4.29)

Negative Predictive Value (NPV) =
T N

T N +FN
(4.30)

False Positive Rate (FPR) = 1−Specificity (4.31)

F1-score =
2×Precision×Sensitivity

Precision+Sensitivity
(4.32)

Matthews Correlation Coefficient (MCC) =
T P ·T N−FP ·FN√

(T P+FP)(T N +FP)(T P+FN)(T N +FN)

(4.33)

Cohen’s Kappa (κ) =
2(T P ·T N−FP ·FN)

(T P+FP)(FP+T N)+(T P+FN)(FN +T N)

(4.34)

Table 4.6 summarizes the values of these indices attained for HRLBP-BLPP and its competing

counterparts. Notably, the HRLBP-BLPP method consistently achieved superior scores across

all measures, underscoring its resilience and suitability for real-world scenarios with moderately

challenging illumination.
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Table 4.6: A STUDY OF VARIOUS CLASSIFICATION METRICS OBTAINED WITH

HRLBP-BLPP WITH THE DATASET ACQUIRED AT DIL-2

Metric (%) HRLBP-BLPP LBP-BLPP Gabor-BLPP HOG-BLPP LPP

Precision 96.43 96.08 91.74 90.18 92.20

Recall 95.24 94.60 90.48 88.89 84.13

Specificity 99.21 99.10 98.41 98.15 97.35

NPV 99.22 99.12 98.42 98.15 97.46

FPR 0.79 0.90 1.59 1.85 2.65

F1-score 95.47 94.88 90.75 89.18 85.67

MCC 94.93 94.30 89.41 87.57 84.81

κ-score 80.56 77.96 61.11 54.63 35.19

4.5 Feature Encoding with Histogram Refined Local Ternary

Patterns (HRLTP)

The development of noise-resilient and illumination-aware feature encoders is vital for ensuring

consistent recognition accuracy in real-world situations, where visual data often suffers from

degradation. The previously discussed schemes, LTrP-BLPP and HRLBP-BLPP, have shown

promising results, especially LTrP-BLPP demonstrating robustness against sensor-induced

noise artifacts, and HRLBP-BLPP performing effectively under moderate lighting deficiencies.

However, real-life image acquisition conditions are rarely affected by a single source of

degradation. More commonly, a combination of low-light environments and signal distortions

co-occur due to the aging of sensors, analog-to-digital (ADC) conversion errors, and ambient

interference.

To address such combined distortions, the present study proposes a histogram refined local

ternary pattern (HRLTP)-based bilateral locality preserving projection (BLPP) framework. The

HRLTP descriptor enhances the original LTP encoding [31], which itself is a generalization

of LBP designed to be less sensitive to random noise while preserving edge structures. By

integrating the histogram refinement [92] strategy into the LTP computation, the HRLTP

descriptor improves its capacity to distinguish between subtle variations in texture caused by

simultaneous illumination drops and additive or multiplicative noise.
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The proposed HRLTP-BLPP scheme is specifically tailored to handle image sets captured

under hybrid dilapidating conditions i.e., those affected both by reduced ambient light

and by salt-and-pepper or speckle noise. The experimental evaluation conducted in this

study incorporates visual cue data acquired under such conditions, combining the effects

of photometric challenges and sensor noise. The integration of histogram-based local

neighborhood characterization with ternary pattern encoding, aims to yield an enriched feature

space with improved class separability. The following subsections provide the mathematical

modeling of LTP, and the full HRLTP-BLPP framework, followed by a detailed performance

analysis.

4.5.1 Mathematical Modeling of LTP

Local ternary pattern (LTP) is a noise-tolerant variant of the local binary pattern (LBP) and is

particularly successful in representing image textures under uncertain or degraded conditions.

Introduced by Tan and Triggs [31], the LTP encoding scheme is built upon a simple yet

robust pixel-thresholding rule, offering better resilience against small intensity fluctuations that

typically arise from noise.

For a given central pixel Ac in a grayscale image A and its neighborhood pixels Ap, where

p ∈ {0,1, . . . ,P−1}, the ternary pattern is generated using the following decision rule:

LTP(Ap,Ac) =


+1, if Ap ≥ Ac + τ

0, if |Ap−Ac|< τ

−1, if Ap ≤ Ac− τ

(4.35)

Here, τ is a user-defined threshold that determines the dead zone for pixel comparison. The

pixel pairs where the difference is within the interval [−τ,+τ] are mapped to a neutral ternary

state, making the descriptor less sensitive to minor changes in illumination or sensor noise.

The full ternary pattern thus consists of three possible states: +1, 0, and −1. To make this

pattern computationally feasible and compatible with standard histogram-based frameworks, it

is commonly split into two separate binary patterns. One binary pattern captures the positive

transitions (+1 vs. others), while the second binary map encodes the negative transitions (−1 vs.

others). These two binary patterns are then individually processed to obtain two corresponding

histograms [92], which are concatenated to produce the final LTP histogram descriptor. This
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decomposition not only preserves the edge information in both gradient directions but also

enhances robustness against outlier pixel intensities.

The LTP operator is generally applied over a local 3×3 window, though it can be extended

to larger or circular neighborhoods for rotation invariance and scale adaptability. The resulting

descriptor offers a richer representation of texture by capturing fine directional patterns while

ignoring insignificant pixel variations [31]. This formulation of LTP provides a solid foundation

for developing more robust texture encoders such as the histogram-refined LTP (HRLTP), which

combines ternary encoding with structural refinement for handling hybrid distortions.

4.5.2 HRLTP-Encoded Low-Dimensional Projection Scheme

HRLTP-BLPP

Following the extraction and refinement of LTP features, HRLTP features are obtained using the

framework described earlier in Section 4.4.2, a compact and discriminative low-dimensional

representation is obtained by applying the bilateral locality preserving projection (BLPP)

technique [11]. This step ensures that both spatial proximity and feature-level similarity of

the HRLTP descriptors are retained during dimensionality reduction.

Similar to HRLBP, the feature-level similarity information is obtained from the histogram

refined HRLTP descriptor. With g(Ai) defining the HRLTP feature vector for the image Ai, the

feature similarity kernel is constructed as:

ri j =


exp

(
−
∥g(Ai)−g(A j)∥2

2
σ

)
, if A j ∈Nk(Ai)

0, otherwise
(4.36)

In line with earlier formulations, the bilateral weights are computed by combining the spatial

similarity of image instances and the closeness of their HRLTP-based histograms. The

feature similarity weight ri j is multiplied with the spatial similarity weight si j to obtain

the combined spatial-feature similarity weight ti j = si j × ri j. These affinities are used to

construct a graph-preserving projection matrix that maps high-dimensional HRLTP features

to a lower-dimensional subspace, thereby improving classification performance under jointly

degraded visual conditions such as noise and low illumination.

Following this, a similar projection strategy as discussed earlier in Section 4.4.2 is

employed to obtain the transformation matrix W ∈ RD×d and the corresponding projected
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(a) (b)

(c)

Figure 4.6: Flag-stick visual cue samples contaminated by salt-and-pepper noise with density

δ = 0.35 at illumination levels: (a) NIL, (b) DIL-1, and (c) DIL-2.

features as xi = W⊤Ai. This HRLTP-BLPP pipeline facilitates the learning of compact features

that are not only structure-aware and noise-tolerant but also photometrically robust, making it

well-suited for real-world HRI tasks involving hybrid data distortions.

4.5.3 Visual Cues with Moderate Illumination Degradation and Noise

Corruption

To thoroughly evaluate the robustness of the proposed HRLTP-BLPP framework, a challenging

visual cue dataset has been prepared, encompassing both moderate photometric deterioration

and sensor-induced noise corruption. Initially, visual data acquisition has been carried out

under standard lighting conditions inside the laboratory environment, referred to as the normal

illumination level (NIL). The complete dataset at NIL comprises a total of 1050 image frames

distributed across seven distinct classes. Following this, experimentation with the same setup

has been repeated under systematically reduced lighting conditions.

Specifically, two levels of darkened lighting have been considered in this work. Dark

illumination level-1 (DIL-1) is achieved by switching off one of the primary light sources, and
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(a) (b)

(c)

Figure 4.7: Flag-stick visual cue samples contaminated by speckle noise with variance σ2 =

0.35 at illumination levels: (a) NIL, (b) DIL-1, and (c) DIL-2.

dark illumination level-2 (DIL-2) is created by switching off two light sources. To quantitatively

assess the lighting variations, an illuminance meter (Metravi 1310) has been used to measure the

ambient brightness in Lux. The recorded average illuminance values were 14.910 Lx at NIL,

13.405 Lx at DIL-1, and 11.880 Lx at DIL-2, respectively, indicating controlled yet realistic

degradation in lighting.

To emulate real-world distortions commonly encountered due to aging sensors, ADC

quantization errors, or external interferences, two categories of noise have been artificially

introduced into the dataset. These include impulse noise, simulated using salt-and-pepper noise

with varying noise density δ , and multiplicative noise modeled as speckle noise with variance

σ2. Fig. 4.6 illustrates representative samples of flag-stick visual cues captured under NIL,

DIL-1, and DIL-2 conditions, each degraded with salt-and-pepper noise at a fixed noise density

of δ = 0.35. In a similar fashion, Fig. 4.7 depicts the same set of illumination-conditioned

images, this time affected by speckle noise characterized by a variance of σ2 = 0.35.

This augmented dataset allows for a rigorous evaluation of the HRLTP-BLPP pipeline,

highlighting its capability to preserve local structural features and maintain class separability in
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Table 4.7: RECOGNITION ACCURACY (%) OF DIFFERENT DIMENSIONALITY REDUCTION

APPROACHES UNDER VARYING LIGHTING CONDITIONS

Method NIL DIL-1 DIL-2

PCA 99.048 70.253 46.349

LDA 99.365 81.296 73.333

LPP 99.683 92.362 84.127

LBP-BLPP 99.965 96.329 94.603

LDP-BLPP 99.965 97.112 95.732

LTP-BLPP 99.965 97.798 96.334

HRLBP-BLPP 99.969 97.235 95.238

HRLDP-BLPP 99.970 97.554 95.995

HRLTP-BLPP 99.972 98.107 96.887

visual cues, even under concurrent photometric degradation and stochastic noise contamination.

The investigation showcases the algorithm’s potential for deployment in real-world robot

guidance tasks where environmental reliability cannot be guaranteed.

4.5.4 Experimental Results and Discussion

To comprehensively evaluate the efficacy of the proposed HRLTP-BLPP framework, a series

of experiments has been conducted under realistic environmental conditions. The dataset has

been divided randomly with a consistent train-test split ratio of 70%-30% for each visual cue

class considered in the study. Initially, the system’s recognition capabilities have been tested

across varying illumination levels; namely normal illumination level (NIL), dark illumination

level-1 (DIL-1), and dark illumination level-2 (DIL-2). The training set included only samples

captured under NIL, while testing was extended to all three illumination settings. Recognition

results yielded by multiple techniques, including standard dimensionality reduction methods

like PCA, LDA, and LPP, as well as several bilateral LPP variants with and without histogram

refinement, are summarized in Table 4.7. Among these, the HRLTP-BLPP consistently yielded

superior accuracy across conditions.

As illumination worsened, a noticeable drop in performance has been observed for the

105



Chapter 4. Local Pattern Encoding-based LPP

Table 4.8: RECOGNITION ACCURACY (%) OF DIMENSIONALITY REDUCTION TECHNIQUES

WITH SALT-AND-PEPPER NOISE DENSITY δ = 0.20 UNDER VARYING LIGHTING

CONDITIONS

Method NIL DIL-1 DIL-2

PCA 55.556 47.332 40.766

LDA 48.254 41.088 37.642

LPP 77.143 70.841 62.089

LBP-BLPP 90.159 87.502 84.805

LDP-BLPP 90.476 87.959 85.313

LTP-BLPP 91.111 88.222 85.775

HRLBP-BLPP 90.627 88.641 86.304

HRLDP-BLPP 90.925 89.965 87.538

HRLTP-BLPP 92.353 90.447 88.295

other competing models. However, the proposed HRLTP-BLPP framework demonstrated better

stability with minimal performance degradation, showcasing its robustness to adverse lighting.

Furthermore, Tables 4.8 and 4.9 display performance results when the test data is corrupted

by additional sensor noise at a certain level. Specifically, these include scenarios with added

salt-and-pepper and speckle noise, simulating more complex real-world conditions involving

both photometric variation and sensory distortion. As expected, the presence of noise has

resulted in a decline in accuracy across all methods. Nevertheless, HRLTP-BLPP has managed

to preserve better recognition capability than its peers.

To further assess the sensitivity of the model to noise severity, experiments have been

carried out under a range of salt-and-pepper noise densities and speckle noise variances, as

presented in Tables 4.10 and 4.11, respectively. For salt-and-pepper noise with a density δ%,

approximately δ% of the pixel intensities in the image were randomly corrupted, mimicking

hardware-induced faults such as ADC errors and transmission issues. The evaluations

considered noise densities from 5% up to 35%. In the case of speckle noise, characterized

by a variance parameter σ2, the disturbances represent granular texture patterns typically

originating from factors like coherent interference, reflective diffusion, or particulate scattering.

Speckle variances were tested up to σ2 = 0.35 to observe the degradation trend. As anticipated,

recognition accuracy deteriorated progressively with increasing noise intensity.
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Table 4.9: RECOGNITION ACCURACY (%) OF DIMENSIONALITY REDUCTION METHODS

WITH SPECKLE NOISE VARIANCE σ2 = 0.20 UNDER DIFFERENT LIGHTING CONDITIONS

Method NIL DIL-1 DIL-2

PCA 61.269 55.814 42.905

LDA 47.619 40.127 36.913

LPP 85.714 78.632 71.097

LBP-BLPP 95.238 92.157 89.970

LDP-BLPP 95.556 92.934 90.485

LTP-BLPP 95.873 93.255 90.699

HRLBP-BLPP 96.047 93.823 90.765

HRLDP-BLPP 96.461 93.917 90.890

HRLTP-BLPP 96.910 94.075 91.149

Table 4.10: RECOGNITION ACCURACY (%) OF HRLTP-BLPP UNDER VARIOUS DENSITIES

OF SALT-AND-PEPPER NOISE AT DIFFERENT ILLUMINATION LEVELS

Noise Density (δ ) NIL DIL-1 DIL-2

0.05 98.632 96.162 94.794

0.10 95.751 93.311 91.528

0.15 93.445 91.165 89.602

0.20 92.353 90.447 88.295

0.25 90.196 87.825 84.654

0.30 87.823 85.263 82.689

0.35 86.206 83.498 80.350

Despite these challenges, HRLTP-BLPP consistently outperformed other algorithms in all

test scenarios. Even in the most adverse conditions involving simultaneous heavy noise and dim

lighting, the method maintained recognition accuracy exceeding 80% and 84%, respectively

for salt-and-pepper and speckle noise. This underscores its practical applicability in complex

real-world environments as considered here.
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Table 4.11: RECOGNITION ACCURACY (%) OF HRLTP-BLPP UNDER DIFFERENT SPECKLE

NOISE VARIANCE LEVELS AT VARIOUS ILLUMINATION CONDITIONS

Noise Variance (σ2) NIL DIL-1 DIL-2

0.05 99.365 97.885 95.644

0.10 98.257 96.272 94.136

0.15 97.709 95.338 93.435

0.20 96.910 94.075 91.149

0.25 92.823 90.471 88.195

0.30 90.903 88.356 86.168

0.35 88.142 86.111 84.595

4.6 Summary

This chapter introduced a set of local pattern encoding-based projection frameworks designed

to enhance the robustness of feature extraction in visual cue recognition tasks under noisy and

photometrically degraded environments. Starting with the LTrP descriptor, a direction-aware

local texture encoder, the study explored how such encodings can be fused with spatial affinity

in the bilateral LPP framework to build noise-resilient subspace projections.

To further improve descriptor granularity, histogram refinement strategies using LSP

and BEM were incorporated, allowing better discrimination of image regions based on local

statistical and structural variations. These refinements were then applied to classical descriptors

like LBP and LTP, yielding HRLBP and HRLTP schemes, respectively. The HRLBP-BLPP

method exhibited high classification accuracy under moderately challenging illumination

conditions, while HRLTP-BLPP proved to be particularly effective under simultaneous

low-light and noise interference.

Comprehensive experiments across various states of degradation, have demonstrated that

the proposed hybrid schemes outperform standard projection and descriptor combinations,

establishing their utility in real-world robotic vision systems where input distortions are

commonplace. However, the development of even more resilient techniques remains an

open challenge, especially for recognition under severely impaired lighting conditions and

high-variance additive noise such as Gaussian noise, which tends to obscure subtle visual
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features across the entire image. These advanced strategies are explored in the following

chapters.
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Chapter 5

Rough Entropy-based Fused Granular

Feature Extraction Strategies in

Two-dimensional LPP

5.1 Introduction

H igh-dimensional visual data originating from real-world human-robot interaction (HRI)

scenarios often suffer from challenges such as illumination variability, sensor-induced

distortions, and structural ambiguities [49]. Most commonly, dimensionality reduction (DR)

methods are employed to simplify these complex data representations by mapping them

onto lower-dimensional manifolds that retain essential information for downstream tasks like

recognition and classification. Classical linear DR techniques, such as principal component

analysis (PCA) [3], factor analysis (FA) [99], and linear discriminant analysis (LDA) [4],

are widely utilized. Nonetheless, in situations where the data exhibits complex geometric

structures, linear models often fail to uncover the true underlying relationships. To address this

shortcoming, kernel-based variants such as kernel PCA (KPCA) [83] and kernel LDA (KLDA)

[100] have been introduced to facilitate nonlinear feature learning. Alternatively, manifold

learning-inspired techniques have shown effectiveness in extracting nonlinear low-dimensional

embeddings of data. Examples include isometric feature mapping (Isomap) [5], locally linear

embedding (LLE) [36], Laplacian eigenmaps (LE) [6], and local tangent space alignment

(LTSA) [101]. However, most of these manifold-inspired methods lack an explicit mapping

function, which restricts their ability to process unseen data (known as the out-of-sample

problem). To circumvent this, linear approximations of manifold learning like neighborhood

preserving projection (NPP) [38], neighborhood preserving embedding (NPE) [37], and locality
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preserving projections (LPP) [7], have been proposed. LPP tackles the aforementioned

challenge by linearly approximating Laplacian eigenmaps and allowing the projection of

high-dimensional samples into a lower-dimensional ambient space. LPP preserves local

neighborhood structures and has shown success in pattern and face recognition applications.

Over time, several enhancements to LPP have emerged, such as discriminant LPP (DLPP)

[40], orthogonal DLPP (ODLPP) [41], and supervised kernel LPP (SKLPP) [42], each aiming

to improve discrimination or incorporate class information. Despite its merits, conventional

LPP requires flattening two-dimensional data into one-dimensional vectors, which can obscure

inherent spatial structures and cause a drop in performance, particularly in image-based

datasets. This transformation also aggravates the small-sample-size problem, leading to

optimization difficulties.

To mitigate these issues, 2D extensions such as 2DPCA [34] and 2DLDA [35] were

proposed, enabling feature extraction directly from image matrices. Similarly, 2DLPP

[13] preserves the Euclidean spatial structure of images while simplifying Laplacian matrix

computation. Nevertheless, 2DLPP presents two limitations: (1) it relies exclusively on spatial

similarity for constructing the kernel, which may not reflect true relationships in cases of

intensity variations; and (2) high-dimensional real-world data often involve uncertainties and

imprecise elements that impair local similarity computations. In particular, as discussed in

the previous chapter, severely challenging illumination conditions can amplify such image

uncertainties to a great extent.

To address these limitations, this work introduces a rough entropy-based granular

fusion (REGF) framework, for extracting robust visual features within the framework

of 2DLPP. This method incorporates additional feature-driven similarity, alongside spatial

information. To tackle indiscernibility and uncertainty in the image space, the proposed

framework leverages granular computing (GrC) [102], which encapsulates complex data traits

as collections of semantically similar granules. The REGF model utilizes rough entropy

(RE)-based granulation, combining the strengths of both homogeneous (crisp granulation, CG)

[102] and non-homogeneous (quad-tree decomposition, QTD) [103] techniques to describe

vague boundary regions in RGB images. The granular fusion strategy retains channel-wise

color distinctions that grayscale conversions often discard. The combined spatial and

feature-based approach improves Laplacian graph construction by incorporating both spatial

and feature-driven similarity measures.
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5.2 Traditional Approaches in Granular Computing

Granular computing (GrC) offers a robust theoretical framework for processing information

by organizing it into granules i.e., clumps of data elements grouped based on similarity,

functionality, or indistinguishability [102]. Over the years, traditional GrC techniques have

been effectively applied in domains such as image processing, pattern recognition, and decision

analysis [104], [105]. These classical approaches primarily rely on structured mechanisms like

crisp granulation and hierarchical partitioning to model and interpret uncertain or imprecise

information. Such strategies aim to simplify complex data by decomposing it into manageable

subsets, allowing for more interpretable and computationally efficient analysis. This section

outlines the foundational methodologies in granular computing, highlighting their operational

principles, benefits, and inherent limitations in the context of visual data representation. Based

on these, a novel granular fusion scheme is proposed here which can be suitably used as a robust

feature descriptor inside the framework of 2DLPP [13].

5.2.1 Crisp Granulation (CG)

In the domain of granular computing (GrC), rough set theory is extensively employed to manage

ambiguous data in images, particularly when it comes to challenges related to distinguishing

objects [102]. According to this theory, a primary set is approximated using two definite sets

called the lower and upper approximations [106]. Such rough set-based techniques have seen

various applications spanning image analysis, pattern classification, and tracking of humans

or objects [107], [104]. To address the uncertainty that exists between the background and

foreground regions of an image, Pal et al. introduced a measure known as rough entropy (RE),

which estimates the degree of ambiguity in segmentation [102]. Instead of treating individual

pixels, the image is divided into a set of non-overlapping granules [108]. By maximizing

this entropy, the discernibility between foreground and background is enhanced, leading to

an effective threshold for segmentation.

Let X ⊆U represent the target set to be approximated using attribute set P. If X belongs to

a single class, rough sets allow expressing X using equivalence classes defined by P. However,

in general, X can contain information that cannot be distinguished based on the set of attributes
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Figure 5.1: Demonstration of equal-sized granule formation using crisp granulation for a sample

flag-stick visual cue.

(a)

(b)

Figure 5.2: Upper approximation (lighter tone) and lower approximation (darker tone) using

crisp granulation for the (a) Foreground region (in yellow) and (b) Background region (in cyan)

in a sample flag-stick image.
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P. This challenge originates the idea of P-lower and P-upper approximations for describing the

entire target set, as defined below.

P(X) = {x | [x]P ⊆ X} (5.1)

P(X) = {x | [x]P∩X ̸= /0} (5.2)

The uncertainty in approximating X is quantified by the roughness index [106]:

R = 1− |P(X)|
|P(X)|

(5.3)

If the set X is perfectly distinguishable by attributes in P, then R = 0. The more indistinct X

becomes, the higher this measure rises. For some particular images, based on some predefined

properties, such as the gray-level bands τ , the outer and inner approximations are denoted as Fτ ,

Fτ , Bτ , and Bτ , for the foreground (F) and background (B) regions, respectively. The associated

rough entropy (RE) is then calculated as [102]:

REτ =−
e
2
[RFτ

loge(RFτ
)+RBτ

loge(RBτ
)] (5.4)

Maximizing this entropy helps determine the optimal threshold τ∗ for foreground–background

segmentation:

τ
∗ = argmax

τ
REτ (5.5)

The effectiveness of this threshold is also influenced by the size of the granules chosen.

While smaller granules offer more accurate approximations, they also increase computational

overhead. Further implementation details regarding threshold estimation can be found in [102].

Fig. 5.1 illustrates a CG-based equal-sized granule formation on a representative flag-stick

marker image in grayscale. Typically, crisp granulation is carried out on the grayscale version

of color images. In Fig. 5.2a and Fig. 5.2b, for a representative visual cue, CG-based

upper and lower approximations for the foreground and background segments are demonstrated,

respectively.

5.2.2 Quad-Tree Decomposition (QTD)

In the context of granular computing, granules may vary in both shape and size [109]. While CG

creates uniform granules across the entire image, such homogeneity may not be ideal in practical

scenarios, where local regions exhibit different levels of separability [103]. To accommodate
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Figure 5.3: Demonstration of unequal-sized granule formation using quad-tree decomposition

for a sample flag-stick visual cue.

this variability, Chakraborty et al. [103] proposed the use of quad-tree decomposition (QTD),

which constructs granules of unequal size by evaluating both gray-level similarity and spatial

proximity [110].

The process begins by selecting a window from the image, within which QTD is applied

based on the gray-level differences of the contained pixels. The decomposition continues

recursively, splitting the selected region into four smaller blocks until the intensity range (i.e.,

the difference between the highest and lowest gray values within a block) falls below a specified

threshold. This recursive partitioning divides the image into quadrants, and the subdivision

continues, based on the local gray-level uniformity. Let q1 and q3 represent the first (25th

percentile) and third (75th percentile) quartiles of the gray-level histogram of the image. Then,

the quad-tree decomposition threshold is computed as:

QTT h =
q3−q1

2
(5.6)

The granule formation, driven by repeated division into quadrants and guided by this threshold,

results in a set of variably sized blocks. Fig. 5.3 illustrates the unequal-sized granules obtained

via QTD for a sample flag-stick image. Using this approach, foreground and background

approximations for the same sample image are derived. These approximations, created through

QTD, are presented in Fig. 5.4a and Fig. 5.4b, where the foreground regions are shown in

yellow and background regions in cyan, with upper and lower approximations marked using

lighter and darker shades, respectively.
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(a)

(b)

Figure 5.4: Upper approximation (lighter tone) and lower approximation (darker tone) using

quad-tree decomposition for the (a) Foreground region (in yellow) and (b) Background region

(in cyan) in a sample flag-stick image.

5.3 Proposed Granular Fusion Scheme REGF

As highlighted earlier, segmentation approaches based on granulation prove to be quite

effective in describing ambiguous image regions, especially for boundary extraction. However,

irrespective of whether granules are of fixed or variable size, it is important that they encapsulate

meaningful groupings of similar content. In the case of homogeneous crisp granulation

(CG), if larger granules are used, they can potentially fail to capture informative segments,

while excessively small granules might introduce irrelevant details and increase computational

complexity. Furthermore, the general guideline provided in [102] for selecting an appropriate

granule size often struggles with images that possess non-normal or multimodal distributions;
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(a) (b)

(c) (d)

Figure 5.5: Histogram distributions exhibiting multimodal characteristics for a sample flag-stick

image in (a) Grayscale, (b) Red, (c) Green, and (d) Blue channels.

such as the real-world flag-stick images acquired in this work, which are illustrated in Fig. 5.5.

This brings forth a key challenge in the granulation scheme CG. The determination of

optimal granule sizes in CG becomes less straightforward when dealing with such complex

histogram profiles. On the contrary, granulation through quad-tree decomposition (QTD), being

non-uniform, adapts more naturally to foreground-background boundary estimation in images

[103]. Here, the size and depth of granules are governed by a threshold which is computed

based on the gray-level distribution’s empirical quartiles, as explained earlier in Equation (5.6).

However, experimental observations suggest that such empirical thresholds are not sufficiently

robust when applied to multimodal flag-stick images, which often exhibit irregular clustering

behavior and locally uneven intensity distributions. This can cause important features to be

missed in certain regions during the decomposition. Moreover, both CG and QTD are typically

applied to grayscale images, where pixel intensity serves as the key feature for granulation.

However, converting RGB images into grayscale often leads to a significant loss of chromatic

information, particularly in areas with distinct color contrasts but similar grayscale intensities
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[32]. This can introduce further inaccuracies during granule formation.

To overcome these limitations, a novel fusion strategy is proposed here, that minimizes

the uncertainty arising from vague boundaries; whether due to spatial inconsistencies or color

ambiguities. This is achieved by integrating the rough set approximations generated separately

from homogeneous (i.e., CG) [102] and non-homogeneous (i.e., QTD) [103] granulation

approaches. Furthermore, to better preserve both local and contextual information across the

image, the proposed method avoids converting the image to grayscale. Instead, granulation

is performed individually on each of the RGB color channels, which often exhibit different

gray-level distributions. To this end, rough set-based granules for each color channel are

separately computed first, and then aggregated together to build the complete color image

approximation. Specifically, for an image A, two sets of spatio-color granules—{UF(·)}

and {LF(·)} are obtained, representing upper and lower approximations of the foreground,

respectively. These are defined as:

{UF(k)}= {UFR
(k)}∪{UF

G
(k)}∪{UF

B
(k)}

{LF(k)}= {LFR
(k)}∪{LF

G
(k)}∪{LF

B
(k)}, k ∈ {CG,QT} (5.7)

Similarly, for background, the corresponding upper and lower approximations are defined as:

{UB(k)}= {UBR
(k)}∪{UB

G
(k)}∪{UB

B
(k)}

{LB(k)}= {LBR
(k)}∪{LB

G
(k)}∪{LB

B
(k)}, k ∈ {CG,QT} (5.8)

In the equations above, i ∈ {R,G,B} denotes the red, green, and blue channels respectively,

and the sets {UFi(·)}, {LFi(·)}, {UBi(·)}, and {LBi(·)} represent the granules corresponding

to the rough approximations (foreground and background) over each channel. Thereafter, the

granules obtained via CG and QTD are combined using an intersection operation to produce

the fused approximations: fF, fF, fB, and fB, which represent the fused upper and lower

approximations of foreground and background, respectively:

fF= {UF(CG)}∩{UF(QT)}

fF= {LF(CG)}∩{LF(QT)}

fB= {UB(CG)}∩{UB(QT)}

fB= {LB(CG)}∩{LB(QT)} (5.9)

This fusion essentially retains only those pixels that are commonly included in both CG and

QTD approximations, thereby integrating the benefits of both granulation strategies. The
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same logic applies to all four fused regions mentioned above. Next, the roughness measures

corresponding to the fused foreground and background models, denoted by R fF and R fB,

respectively, are obtained as follows:

R fF = 1−
| fF|
| fF|

=
| fF|− | fF|
| fF|

(5.10)

R fB = 1−
| fB|
| fB|

=
| fB|− | fB|
| fB|

(5.11)

Here, | · | represents the cardinality of a given set. Using these roughness values, the

granular fusion-based rough entropy (GFRE) is calculated using a formulation similar to that

of traditional RE:

GFRE =−e
2
[
R fF loge(R fF)+R fB loge(R fB)

]
(5.12)

The qualitative assessment and detailed effectiveness of the proposed granular fusion approach

are illustrated and further validated in Section 5.5 .

5.4 Proposed Dimensionality Reduction Framework

REGF-2DLPP

While traditional granular computing techniques have demonstrated effectiveness in reducing

visual ambiguity and managing uncertainty, their standalone application often falls short

when integrated with manifold-inspired learning frameworks. To bridge this gap, the

REGF-2DLPP model was introduced as a hybrid dimensionality reduction approach that

strengthens the two-dimensional locality preserving projection (2DLPP) through granulated

feature augmentation. This method incorporates a rough entropy-based granulation scheme,

termed REGF, which leverages both crisp granulation (CG) [102] and quad-tree decomposition

(QTD) [103] to improve the robustness of feature encoding. By fusing granule-derived

feature similarity with spatial neighborhood information, REGF-2DLPP constructs an enriched

Laplacian graph that preserves local structure while also encoding appearance-level variations.

This section presents the formulation and working mechanism of the REGF-2DLPP-based

projection model, emphasizing its role in improving projection reliability under visually

uncertain and photometrically degenerated conditions. The entire REGF-2DLPP scheme for
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Figure 5.6: Block diagram of REGF-2DLPP: A robust visual cue recognition-based robot

navigation guidance scheme.

visual cue recognition is presented in Fig. 5.6.

5.4.1 Granulated Feature Decoding

Following the granular fusion process, a feature decoding method is essential to derive a

representative feature histogram from the input image. For this purpose, the fused upper

approximation of the foreground, denoted as fF, is utilized to extract the relevant foreground

content. Since the upper granular approximation maximally approximates the region of the

foreground, it provides a comprehensive representation of all related granules, making it highly

suitable for use in feature extraction. Additionally, as fF consolidates the strengths of both

homogeneous (CG) and non-homogeneous (QTD) granulation, it serves as a robust foundation

for constructing image descriptors. To generate a binary map from the granulated image, pixels

corresponding to the granules in fF are set to 1, while all others are set to 0. Next, to extract

local patterns from this binarized image as feature values, a sliding neighborhood of size 3×3

is applied across the entire image. Inspired by the local binary pattern (LBP) method, for any

center pixel pc within a neighborhood, the adjacent pixel immediately to its right is considered

the first neighbor. The pixel located directly above this first neighbor becomes the second

neighbor, and the remaining six are indexed thereafter in a counterclockwise sequence [30].

This configuration produces an 8-bit binary string for each central pixel within the image, as

shown in Fig. 5.7. The corresponding decoded feature for the neighborhood centered at pc is
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Figure 5.7: Positional binary weights assigned to the 3×3 neighborhood centered at pixel pc

for feature decoding.

(a) (b)

Figure 5.8: Example binary patterns for a 3×3 local window: (a) A uniform 8-bit binary string,

and (b) A non-uniform 8-bit binary string.

computed using:

φpc =
8

∑
n=1

2n−1 · pn (5.13)

Here, pn refers to the binary value of the n-th neighbor surrounding pc in the 3 × 3

neighborhood. The uniformity of these binary strings is important for preserving critical local

structures such as corners and edges [30]. A binary string is labeled non-uniform if it contains

more than two transitions between 0 and 1 (or vice versa). Fig. 5.8a and 5.8b present examples

of uniform and non-uniform binary patterns, respectively, where transitions are marked as T−1,

T − 2, and so on. In total, there are 28 = 256 possible binary strings that can be generated.

Among these, only 58 patterns are limited to two transitions, making them uniform patterns as

per definition. Owing to that, the output representation is reduced to a histogram with 59 bins

only; one for each of the 58 uniform patterns and an additional bin that captures all non-uniform

patterns. As a result, the final feature vector for any segmented image contains 59 elements. The

steps for this entire feature decoding process are summarized in Algorithm 5.1.
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Algorithm 5.1 Granulated Binary Feature Decoding
Input: Input image A, fused upper foreground granules fF, local neighborhood size n×n

Output: Normalized binary feature vector φφφ

STEP-1 Identify all pixel positions L in A corresponding to the granules in fF.

STEP-2 Binarize the image by assigning value 1 to all locations in L and 0 elsewhere.

STEP-3 For each center pixel pc in the binarized image:

• Select the n×n local window centered at pc.

• Generate an 8-bit binary string from the neighboring pixels.

• Compute the decimal equivalent using:

φpc =
8

∑
n=1

2n−1 · pn

STEP-4 Build a histogram with (n2−1)(n2−2)+3 number of bins.

STEP-5 Normalize the histogram to obtain the final binary feature vector φφφ .

STEP-6 Return φφφ .

5.4.2 Granulated Feature Induced 2DLPP

Let us consider the training dataset A ∈ RpN×q, which contains N flag-stick visual cue images

denoted by A1,A2, . . . ,AN , where each image Ai ∈ Rp×q. Due to the high dimensionality of

the data, it becomes difficult to achieve effective recognition with latency using conventional

methods. To manage this, a linear mapping is applied to project each p× q image onto a

lower p-dimensional space [13]. Let w ∈ Rq×1 be a unitary column vector which facilitates the

projection. The 2DLPP transformation for the i-th sample is defined as:

zi = Aiw, i = 1,2, . . . ,N (5.14)

Here, zi represents the p-dimensional projected feature vector of the image Ai. 2DLPP is a

two-dimensional counterpart of traditional LPP, which extracts spatial structure directly from

image matrices rather than their flattened 1D versions. The similarity graph is constructed

based on spatial proximity among the image samples. Two nodes i and j are considered

connected if their respective images Ai and A j are close in spatial space and thus are called

neighbors. Conventionally, this similarity is determined using the Euclidean distance between

the vectorized forms of Ai and A j in Rpq. However, in 2DLPP, the Frobenius norm between the
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original matrices is used instead:

δ = ∥Ai−A j∥2
F (5.15)

Based on this metric, the k-nearest neighbors of each sample are selected to establish the

similarity space. Typically, a heat kernel function is employed to populate the similarity matrix:

ri j =


exp

(
−δ

tr

)
, if A j ∈Nk(Ai)

0, otherwise
(5.16)

Here, Nk(Ai) denotes the k nearest neighbors of Ai, and tr is a user-defined kernel parameter.

This matrix R= [ri j] encodes only the spatial closeness between samples. However, such spatial

metrics are susceptible to noise, distortions, and geometric variations, which can affect the

reliability of the learned similarity structure [11]. To mitigate this, feature-based similarity

weights ti j are computed in the feature domain ψ using the granulated binary features obtained

earlier (Equation (5.13)):

ti j =


exp

(
−

δ (ψ(Ai)∼ ψ(A j))

t f

)
, if A j ∈Nk(Ai)

0, otherwise
(5.17)

In this equation, t f is a scaling factor that regulates the sensitivity of the kernel to variations in

feature intensity. The final similarity matrix S is then obtained by element-wise multiplication

of the spatial and feature similarity matrices:

si j = ri j · ti j (5.18)

With the complete similarity matrix S = [si j], the generalized eigenvalue problem for 2DLPP is

formulated as [13]:

A⊤(L⊗ I)Aw = λA⊤(∆∆∆⊗ I)Aw (5.19)

Here, ∆∆∆ is a diagonal matrix with entries ∆ii = ∑ j si j, and the Laplacian matrix is defined as

L = ∆∆∆−S. The training data matrix A stacks all N image matrices as A = [A1;A2; . . . ,AN ] ∈

RpN×q. I denotes the p× p identity matrix and ⊗ represents the Kronecker product. Solving

this eigenvalue problem yields a set of projection vectors w1,w2, . . . ,wq corresponding to

eigenvalues λ1,λ2, . . . ,λq. Among these, d number of eigenvectors associated with the smallest

non-zero eigenvalues are selected to form the projection matrix:

W = [w1,w2, . . . ,wd] (5.20)
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Using W, each input image Ai is projected into a lower-dimensional subspace as:

Zi = AiW, i = 1,2, . . . ,N (5.21)

Once the transformation is applied to both training and test data, the resulting low-dimensional

representations Zi can be used as input to any suitable classifier for recognition tasks.

5.5 Experimental Results and Discussion

To evaluate the proposed REGF approach, a step-by-step illustration is presented using a

representative flag-stick image belonging to the bottom-left (BL) class. Stage 1 starts by

applying both CG and QTD to each individual color channel (R, G, and B). This yields upper

foreground approximations for the R, G, and B channels, denoted as {UFR
(CG),UF

G
(CG),UF

B
(CG)}

and {UFR
(QT),UF

G
(QT),UF

B
(QT)}, Following CG and QTD, respectively. Since the histogram

distribution varies across the three color channels (as shown earlier in Fig. 5.5), the mean of the

minimum base widths from each channel is calculated first. Thereafter, following the guideline

in [102], the CG granule size is set to half of that mean base width to achieve a balanced crisp

granulation strategy. This approach takes into account the channel-wise multimodal distribution

and provides a more data-driven selection of granule size. Foreground and background

approximations derived from both CG and QTD, across all three RGB channels, are visualized

in the first three rows of Fig. 5.9. Next, in Stage 2, unified RGB granules are computed using

Equations (5.7) and (5.8), combining the approximations for all color channels separately for

CG and QTD. These results are shown in the fourth row of Fig. 5.9. Stage 3 is the final step

involved here, which performs granular fusion as per Equation (5.9), integrating both CG- and

QTD-based information. The fused results are displayed in the fifth row of Fig. 5.9. In all these

visualizations, lighter shades indicate upper approximations, while darker shades correspond to

lower approximations.

It can be observed that the fused granules preserve the strengths of both CG and QTD. In

regions with clearer structure, large granules from CG dominate, whereas, in more uncertain

areas, smaller granules from QTD provide finer detail. This fusion reduces ambiguity along

foreground-background boundaries and enhances rough entropy (RE) in the image. Fig. 5.10

presents the average RE values computed over the entire flag-stick dataset, comparing four

granulation schemes: CG, QTD, grayscale fusion, and RGB-based fusion. The results show
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Figure 5.9: Stepwise qualitative representation of the REGF method, where foreground granules

are depicted in yellow and background granules in cyan. Lighter and darker shades indicate the

upper and lower approximations, respectively.

Figure 5.10: Comparison of average rough entropy (RE) values obtained from the flag-stick

image dataset across the four granulation techniques evaluated.

that the proposed RGB-based fusion method achieves the highest RE values, indicating better

granule segmentation performance.

To further evaluate effectiveness of the REGF-2DLPP framework, classification

experiments were conducted using the flag-stick visual cue dataset introduced in Section
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Table 5.1: CLASSIFICATION ACCURACY (%) OF VARIOUS DR TECHNIQUES UNDER

DIFFERENT ILLUMINATION CONDITIONS

DR Technique NIL DIL-1 DIL-2 DIL-3 DIL-4

PCA 99.048 70.253 46.349 39.885 32.012

LDA 99.365 81.296 73.333 65.320 49.678

LPP 99.683 92.362 84.127 70.773 55.710

BLPP 99.965 96.329 94.603 75.221 62.394

2DLPP 99.968 98.223 97.114 83.623 73.521

CG-2DLPP 99.972 98.983 98.189 86.718 77.843

QTD-2DLPP 99.973 99.230 98.777 88.361 79.950

REGF-2DLPP 99.980 99.436 99.167 89.480 81.565

Table 5.2: SPEARMAN’S RANK CORRELATION COEFFICIENTS (SRCC) FOR DIFFERENT DR

TECHNIQUES UNDER VARYING ILLUMINATION CONDITIONS

DR Technique DIL-1 DIL-2 DIL-3 DIL-4

Raw Images 0.9602 0.9577 0.7905 0.7296

LPP 0.9649 0.9583 0.8157 0.7312

BLPP 0.9696 0.9695 0.8460 0.7748

2DLPP 0.9780 0.9752 0.8918 0.8302

CG-2DLPP 0.9854 0.9765 0.9135 0.8662

QTD-2DLPP 0.9872 0.9783 0.9244 0.8815

REGF-2DLPP 0.9885 0.9811 0.9319 0.9081

2.5 in Chapter 2. First, the method is evaluated under normal lighting conditions (NIL),

where the dataset is randomly partitioned into 70% training and 30% testing samples. Then

the REGF-2DLPP projection scheme is employed, as discussed in Section 5.4.2 , to extract

features from both sets, followed by classification using a support vector machine (SVM)

classifier. Under NIL, the proposed model achieves over 99% recognition accuracy, confirming

its effectiveness in practical scenarios involving visual marker-based robot guidance. To
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Table 5.3: COMPARISON OF REGF AND OTHER FEATURE DESCRIPTORS WITHIN THE

2DLPP FRAMEWORK UNDER VARYING ILLUMINATION CONDITIONS

Feature Descriptor NIL DIL-1 DIL-2 DIL-3 DIL-4

HOG 99.968 98.345 97.308 83.827 73.934

Gabor 99.968 98.491 97.566 83.960 74.251

LBP 99.968 98.586 97.776 84.256 75.778

FREAK 99.970 98.871 97.932 84.738 76.346

LTrP 99.972 98.985 98.317 86.820 78.140

A-KAZE 99.972 99.046 98.464 87.102 78.728

CG 99.972 98.983 98.189 86.718 77.843

QTD 99.973 99.230 98.777 88.361 79.950

REGF (Proposed) 99.980 99.436 99.167 89.480 81.565

assess robustness in more challenging environments, the model is tested under moderately

to extremely reduced lighting levels (DIL-1 to DIL-4). Table 5.1 reports recognition accuracy

for REGF-2DLPP and several comparative dimensionality reduction (DR) techniques across

different lighting conditions. As the illumination decreases, most baseline methods exhibit

significant performance drops. However, REGF-2DLPP maintains a strong performance even

in poorly lit environments. To quantify how the projection methods handle visual degradation

in low-dimensional subspaces, Spearman’s rank correlation coefficient (SRCC) analysis [111]

is performed in both the image and projected feature spaces. The results are presented in Table

5.2. The SRCC values in the raw image space decline substantially as lighting deteriorates

from DIL-1 to DIL-4. By contrast, projecting data to the low-dimensional subspace enhances

correlation, revealing the benefit of manifold-inspired DR techniques in preserving intrinsic

structure. Among all tested methods, REGF-2DLPP demonstrates the highest SRCC in the

DIL-4 scenario, reflecting its superior resilience to illumination-induced distortion.

Additionally, the REGF-2DLPP model is also benchmarked against various feature

extraction strategies incorporated within the 2DLPP framework. Table 5.3 presents a

comparative study including descriptors like HOG [47], Gabor features [48], LBP [30], FREAK

[112], LTrP [91], and A-KAZE [113]. Among all approaches, the proposed REGF technique

yields the best performance, significantly outperforming not only traditional descriptors but also

the individual CG and QTD methods when used in isolation.
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5.6 Proposed Dimensionality Reduction Framework

REGF-c-2DLPP

Although the REGF-2DLPP model has demonstrated notable improvement in preserving local

structure through the integration of granulated feature similarity, its reliance on Euclidean

distance in neighborhood construction makes it susceptible to magnitude variations and

photometric inconsistencies. In particular, when the dataset encounters appearance-based

variations e.g., object shapes and colors, these issues tend to occur more often. In response

to this observation, the REGF-c-2DLPP framework introduces a cosine similarity-augmented

extension that strengthens the construction of the Laplacian graph by emphasizing directional

coherence between image matrices and their associated features. By incorporating cosine-based

similarity measures in both spatial and granulated feature domains, the proposed model

augments the discriminative capability of subspace projections under complex real-world

conditions, such as illumination variability and appearance diversity. This section introduces

the theoretical formulation and operational pipeline of REGF-c-2DLPP, highlighting its benefits

in addressing high-dimensional ambiguity and structure-preserving projection challenges,

especially for variations in the object appearance.

5.6.1 Motivation

The previously developed REGF-2DLPP scheme demonstrated promising results in visual cue

recognition under photometric variations, as discussed in the previous sections. The original

framework primarily focused on fixed-shape, fixed-color flag-stick cues, relying solely on

Euclidean similarity in the spatial domain for constructing the projection kernel. However,

Euclidean distance becomes increasingly unreliable in high-dimensional spaces, particularly

when the data are affected by noise, illumination inconsistencies, or color distortions. In this

regard, the variability in color and shape of the visual markers are studied in this section, which

are also critical aspects in real-world human-robot collaborative tasks.

Considering the above factors, an improved approach REGF-c-2DLPP is developed here.

This enhanced model integrates a cosine similarity-based distance metric into the 2DLPP

formulation to improve neighborhood encoding in both the spatial and feature domains. Unlike

traditional Euclidean distance, cosine similarity captures directional alignment between data
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matrices, offering improved robustness against magnitude variations and outliers. To handle

diverse color and shape patterns, the previous granular computing-based fusion strategy is

employed, which extends to RGB channels individually. This allows the framework to

effectively extract and preserve local structure from multi-color, multi-shape flag-stick cues.

As a result, REGF-c-2DLPP builds upon the strengths of its predecessor while incorporating a

new cosine similarity-based approach, thereby offering a more generalizable and robust solution

for visual cue recognition in unconstrained, real-world HRC environments.

5.6.2 Projection Scheme of REGF-c-2DLPP

To extract the granulated features from an image and utilize them for subsequent visual cue

recognition, the upper-approximated foreground region, denoted as fF, is considered to contain

the most informative granule structures. This region, fF, encompasses all essential foreground

granules, exploiting the combined advantages of both homogeneous and heterogeneous

granulation, making it ideal for feature representation. A dedicated feature decoding strategy,

previously detailed in Algorithm 5.1, is employed to transform the thresholded granule set fF

into usable feature values. To project these features into a reduced-dimensional space, the

two-dimensional locality preserving projections (2DLPP) technique is used [13].

Let the training dataset comprise image matrices I1,I2, . . . ,Ip, where each sample

Ii ∈ Rm×n represents a distinct flag-stick visual cue and P is the total number of samples.

In standard LPP, spatial similarity between samples is calculated using the Frobenius norm, i.e.,

∥Ii−Ij∥2
F . However, due to the limitations of Euclidean distance in high-dimensional feature

spaces [11], this work proposes the use of cosine similarity for capturing local neighborhood

information more robustly. Cosine similarity focuses on the directional alignment of the feature

vectors rather than their magnitudes, making it less sensitive to intensity scaling and noise.

This approach reduces the impact of inflated magnitude differences between image matrices,

especially under high-dimensional or noisy conditions. Algorithm 5.2 outlines the procedure

for computing cosine similarity between two image matrices. The resulting spatial similarity is

denoted as (di j)sp.

Let ξ (Ii) represent the granulated feature vector extracted from the image Ii using the

REGF scheme described in Section 5.3. The corresponding feature-based similarity is then
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Algorithm 5.2 Cosine Similarity Measure for Image Matrices
Input: High-dimensional image matrices Ii and Ij

Output: Cosine distance di j
STEP-1 Normalize both matrices using their spectral norms:

Ii←Ii/∥Ii∥2, Ij←Ij/∥Ij∥2

STEP-2 Compute the dot product:

doti j = Ii ·I⊤j

STEP-3 Evaluate row-wise cosine similarity:

(di j)all =
doti j

∥Ii∥2 · ∥Ij∥2

STEP-4 Compute the average similarity:

di j = mean
(
mean

(
(di j)all

))
STEP-5 Return di j.

computed using cosine similarity as:

(di j)ft =
ξ (Ii)

T ·ξ (Ij)

∥ξ (Ii)∥2 · ∥ξ (Ij)∥2
(5.22)

Finally, both spatial and feature domain similarities are fused to form a joint similarity kernel:

(di j)tot = (di j)sp× (di j)ft (5.23)

The term (di j)sp serves as the input kernel for the 2DLPP algorithm, as elaborated in [13].

After applying the REGF-c-2DLPP transformation, the feature data is projected into a compact

subspace, which is then fed into a classifier to compute recognition accuracy.

5.6.3 Visual Cue Dataset with Varying Colors and Shapes

The experimental dataset used in this study, has been acquired at the Instrumentation and Cyber

Physical System Laboratory, Department of Electrical Engineering, Jadavpur University, India.

A custom-designed, cost-efficient two-wheel mobile robotic platform has been employed for

data collection, as previously discussed in Section 2.4 of Chapter 2. A Raspberry Pi (Model

B+) as the primary computational unit, has been embedded in the robot, while a Raspberry
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Figure 5.11: Illustrative flowchart of the REGF methodology applied to a sample visual cue

featuring a lemon-lime colored flag. The darker and lighter shades represent the lower and

upper object approximations, respectively.

Pi Camera Module v2, equipped with an 8-Megapixel Sony IMX219 image sensor, has been

mounted on the robot for real-time visual data acquisition.

The visual cues were designed as hand-held flag-stick configurations demonstrated by

human volunteers under a human-robot interaction (HRI) framework. Both male and female

participants, spanning diverse age groups, have been engaged in the cue presentation process.

Each volunteer displayed the visual cues either while sitting or standing, without any fixed

constraint on distance, as long as the flag-stick remained within the camera’s field of view. The

cue set consisted of seven classes based on spatial positioning: top-left (TL), middle-left (ML),
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Figure 5.12: Sample flag-stick visual cues illustrating five different color variations

incorporated in the dataset.

Figure 5.13: Sample flag-stick visual cues illustrating three different shape variations included

in the dataset.

bottom-left (BL), neutral (N), bottom-right (BR), middle-right (MR), and top-right (TR). In

contrast to the earlier dataset described in Section 2.5 of Chapter 2, various color and shape

combinations of flags were used for each cue class to enhance visual diversity. Instead of

only incorporating fixed-shape, fixed-color flag-stick patterns, the current dataset introduces

significant augmentation by incorporating:

• Color variability: Five distinct color shades—rose pink, vermilion, lemon-lime, orange,

and Munsell yellow. Sample flag-stick cues corresponding to each color variation are

shown in Fig. 5.12.

• Shape diversity: Three different flag shapes—rectangle, triangle, and arrow.

Representative flag-stick cues corresponding to each shape variation are shown in Fig.

5.13.

• Lighting variability: Similar to the earlier dataset, visual cues have been captured

under five controlled lighting conditions, starting from standard indoor lighting and

progressively decreasing to dark ambient states, designated as: Normal illumination

level (NIL), Dark illumination level-1 (DIL-1), Dark illumination level-2 (DIL-2), Dark

illumination level-3 (DIL-3), and Dark illumination level-4 (DIL-4).

These variations make the present visual cue database more comprehensive and representative

of real-world environments compared to previous datasets. Furthermore, the introduction of

multi-color and multi-shape stimuli improves the system’s adaptability in diverse HRC contexts.
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(a)

(b)

Figure 5.14: REGF-based processing outcomes for multi-colored flag-stick images: (a) Original

input images, and (b) Corresponding foreground approximations derived using REGF. Darker

and lighter shades indicate lower and upper approximations, respectively.

The cues have been strategically linked to robot navigation instructions to simulate actionable

interaction modules for real-time robotic applications, as discussed earlier in Section 2.3 of

Chapter 2.

5.6.4 Experimental Results and Discussion

This section provides a detailed evaluation of the proposed REGF-c-2DLPP scheme through

classification experiments performed on the enhanced visual cue dataset introduced in Section

5.6.3. For experimental consistency, the dataset was partitioned such that 70% of the total

samples were allocated for training, while the remaining 30% were retained for testing

purposes. The REGF-c-2DLPP technique was used to map both training and test samples into

a lower-dimensional subspace, and a support vector machine (SVM) classifier has then been

applied to assess cue recognition performance. Fig. 5.11 illustrates the complete granulation

pipeline using a representative flag-stick image characterized by an arrow shape and lemon-lime

color, depicting the progressive transformation through CG and QTD-based granulations with

lower and upper foreground approximations. Fig. 5.14 presents the REGF output for flag-stick

images of multiple colors, highlighting the effectiveness of the granulation technique across

chromatic variations. Table 5.4 reports classification accuracies obtained for the proposed

REGF-c-2DLPP scheme in comparison with other state-of-the-art dimensionality reduction

methods under various lighting environments.

As evident from the results, REGF-c-2DLPP consistently surpasses the performance
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Table 5.4: COMPARATIVE PERFORMANCE ANALYSIS OF DIFFERENT DIMENSIONALITY

REDUCTION TECHNIQUES ON THE MULTI-COLORED, MULTI-SHAPED FLAG-STICK CUE

DATASET ACROSS VARYING LIGHTING CONDITIONS

Method NIL DIL-1 DIL-2 DIL-3 DIL-4

PCA 96.24 67.91 42.45 33.18 26.67

LDA 96.92 78.41 69.24 58.10 43.35

LPP 97.35 89.53 79.96 63.29 49.22

BLPP 97.41 93.57 89.89 69.47 56.13

2DLPP 97.58 94.90 91.71 76.88 65.17

c-2DLPP 97.75 95.27 92.80 78.63 67.39

CG-c-2DLPP 97.96 95.33 93.18 80.11 71.16

QTD-c-2DLPP 98.11 96.09 93.52 80.71 73.37

REGF-2DLPP 98.05 96.00 93.80 80.92 74.73

REGF-c-2DLPP (Proposed) 98.20 96.48 94.74 81.19 75.62

Table 5.5: COMPARATIVE PERFORMANCE ANALYSIS OF REGF AND OTHER FEATURE

DESCRIPTORS WITHIN THE FRAMEWORK OF C-2DLPP, ON THE MULTI-COLORED,

MULTI-SHAPED FLAG-STICK CUE DATASET UNDER DIFFERENT ILLUMINATION

CONDITIONS

Feature Descriptor NIL DIL-1 DIL-2 DIL-3 DIL-4

HOG 97.15 94.81 91.07 76.56 67.29

Gabor 97.15 94.72 91.15 76.49 68.44

LBP 97.17 94.88 91.66 77.62 69.52

CG 97.77 95.25 93.49 79.72 71.45

QTD 97.82 95.93 93.75 80.30 73.50

REGF 98.20 96.48 94.74 81.19 75.62

of existing techniques across all lighting conditions. This performance advantage becomes

increasingly prominent under low-illumination scenarios, indicating greater resilience of the

proposed approach to photometric degradation. To further examine the strength of the proposed

REGF-based granulated feature extraction in conjunction with the c-2DLPP framework,

135



Chapter 5. Rough Entropy-based Granular Fusion in 2DLPP

additional comparisons have been carried out with several commonly used feature descriptors,

as summarized in Table 5.5. Once again, the REGF descriptor delivers the most favorable

classification outcomes, even when the lighting environment deteriorates severely. These results

collectively affirm the enhanced robustness of the REGF-c-2DLPP technique, both in terms of

feature encoding and neighborhood structure preservation, particularly under conditions where

visual ambiguity, lighting irregularities, and appearance variability are present.

5.6.5 Key Insights

This study presented a cosine-enhanced variant of the granulated feature-assisted

two-dimensional locality preserving projection, termed REGF-c-2DLPP, designed for visual

cue recognition in dynamic human-robot collaboration (HRC) environments. The proposed

method was specifically developed to investigate the utility and limitations of the prior

REGF-2DLPP technique, particularly in terms of handling complex, multi-appearance visual

cues affected by photometric distortions. In contrast to conventional LPP-based schemes that

rely on Euclidean distance, the REGF-c-2DLPP approach introduces a cosine similarity-based

kernel to better capture neighborhood consistency in both spatial and feature domains. This

design shift allows the method to retain intrinsic relationships among high-dimensional image

matrices, even when those matrices differ in magnitude due to variations in illumination or

object appearance.

To support robust subspace learning, a granulated feature representation was extracted

from RGB image samples using rough entropy-based foreground approximations. This

combination of structure-aware and granule-sensitive representation enabled the model to

effectively manage ambiguous visual patterns and illumination inconsistencies. The method

was validated on a custom-constructed flag-stick marker dataset featuring multiple colors,

shapes, and lighting conditions, where it demonstrated strong classification performance

compared to several baseline and state-of-the-art dimensionality reduction techniques.
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5.7 Summary

Effectively managing high-dimensional data in real-world environments remains a critical

challenge, particularly in human–robot interaction (HRI) tasks. Dimensionality reduction

(DR) techniques are essential in such contexts, as they enable the projection of complex

data onto lower-dimensional manifolds, facilitating tasks such as classification and clustering.

Traditional DR methods, including locality preserving projection (LPP) and its two-dimensional

counterpart (2DLPP), rely predominantly on the spatial distribution of the input data. In

this work, a novel feature fusion and extraction strategy, termed REGF-2DLPP, has been

introduced. This method integrates the principles of granular computing by combining crisp

granulation (CG) and quad-tree decomposition (QTD), thereby reducing the dependence of

2DLPP solely on spatial features. Additionally, to advance the capabilities of REGF-2DLPP,

the REGF-c-2DLPP model has been introduced as a cosine similarity-augmented extension.

By embedding cosine distance within both spatial and granulated feature domains,

REGF-c-2DLPP improves local neighborhood encoding and achieves greater resilience against

illumination-induced distortions and magnitude inconsistencies. This variant further enhances

subspace learning for multi-color, multi-shape visual cues, offering more reliable performance

in dynamic and visually heterogeneous HRI situations.

The principal contribution of both aforementioned techniques stems from the underlying

granular framework, REGF. This addresses the individual limitations associated with both

homogeneous and heterogeneous granulation approaches. In doing so, it enhances the

representation of foreground-background boundaries in an image by capturing both structured

and unstructured uncertainty. The granular fusion strategy developed in this work is based

on the assumption that granules exhibit regular shapes. However, it is acknowledged that

irregular granule shapes are more commonly observed in natural conditions, and extending

the current method to accommodate such irregular formations presents a promising avenue for

future research. Furthermore, the design of neighborhood granules that consider both spatial

proximity and chromatic similarity is also identified as a potential direction for extending the

current work. Such enhancements are expected to improve robustness, particularly in scenarios

where spatio-color outliers may otherwise hinder accurate representation.

Building on these insights, the next chapter aims to explore more robust granular learning
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frameworks that can effectively operate under highly challenging visual conditions, such as

severe illumination degradation and the presence of random noise corruption.
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Density-based Neighborhood

Granulation-aided Feature Extraction

Strategies in Two-dimensional Robust LPP

6.1 Introduction

A s discussed in the concluding section of Chapter 5, the REGF-based granulation

approach, despite its promising performance, exhibits certain limitations under

increasingly adverse environmental conditions. In situations with severe illumination variability

or substantial noise corruption, its effectiveness reduces due to its reliance on regular granule

structures, limited adaptability in handling spatial ambiguity, and simplified membership

modeling. These shortcomings demand the development of more resilient and adaptive schemes

capable of maintaining high recognition performance in unfavorable environmental conditions.

Motivated by these observations, the current chapter presents a novel density-driven granulation

framework, that integrates fuzzy feature decoding and a robust LPP-based dimensionality

reduction approach to improve the reliability and generalizability of visual cue recognition

systems.

The complete computational architecture of the proposed visual cue detection framework,

density-based neighborhood granulation-aided two-dimensional robust LPP (dNG-2DRLPP),

is illustrated as a flowchart in Fig. 6.1. As depicted in the diagram, the proposed

dNG framework systematically extracts granular information from input images as feature

descriptors. This approach integrates the variation in pixel intensities (range information) into

the projection matrix to achieve effective low-dimensional embedding. In contrast to existing

approaches such as 2DLPP [13], 2DLPP-L1 [46], and 2DRLPP [14], which rely solely on
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Figure 6.1: Schematic representation outlining the workflow of the proposed method

dNG-2DRLPP for challenging visual cue detection.

spatial similarity for constructing the projection matrix, this method incorporates both spatial

and range similarity features. This dual similarity modeling becomes particularly useful when

noise and outliers introduce ambiguity between foreground and background regions or when

boundaries become indistinct.

Under such scenarios, decomposing images at the granular level using granular computing

(GrC) methods, followed by decoding the obtained granular features, has shown to be highly

beneficial for capturing essential data characteristics. Previous studies have confirmed the

efficacy of GrC-assisted methods in various vision-based applications such as object detection,

tracking, and other HRI-relevant tasks. For instance, Chakraborty et al. [103] applied GrC for
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detecting moving objects in a spatio-temporal context. Similarly, Chakraborty and Pal [105]

employed GrC along with rough rule-based models to track hand movements in video data.

The integration of GrC with Z-numbers and deep neural networks has also demonstrated its

potential in motion detection and object recognition [104]. In another line of work, Paral et al.

[114] leveraged GrC-based feature extraction techniques for gesture recognition using thermal

imagery. However, most of these prior models rely on the assumption that granules are either

homogeneous [102] or non-homogeneous [103], but are regular in shape; an assumption that

may fail under real-world adversarial conditions [105].

This leads to the motivation to employ an irregular-shaped granule formation mechanism,

namely density-based neighborhood granulation (dNG), which reflects the inherent complexity

and ambiguity of real-world environments more realistically. Moreover, the density-based

thresholding adopted in the proposed dNG scheme is designed to filter out outlier elements from

the data more precisely and efficiently, compared to earlier neighborhood-based granulation

strategies.

6.2 System Framework

This work focuses on building an assistive robotic framework that can execute various

navigation tasks by interpreting vision-based cues provided by human users. A detailed

schematic of the multi-stage robot guidance system, which integrates intelligent hardware and

software modules, is illustrated in Fig. 6.2. The entire setup has been custom-developed at the

Instrumentation and Cyber Physical System Laboratory, Department of Electrical Engineering,

Jadavpur University. In this experimental framework, an 8 MP Sony IMX219 RGB camera is

attached to the mobile robot to capture user-generated visual cues, as previously shown in Fig.

2.5 of Chapter 2. The robot operates using a Raspberry Pi 3 Model B+ as its main processing

unit, which includes a 1.4 GHz 64-bit quad-core processor and supports dual-band WLAN

and Bluetooth 4.2/BLE communication [72]. The camera module (RPi v2) features a depth

of field ranging approximately from 10 cm to infinity, with a horizontal field of view of 62.2◦

and a vertical field of view of 48.8◦. A remote workstation can communicate with the robot’s

hardware in real-time through 2.4 GHz and 5 GHz IEEE 802.11.b/g/n/ac WLAN protocol.

Secure data transmission is ensured using a four-way handshake-based network authentication
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Figure 6.2: A block diagram illustrating the overall framework of the proposed robot navigation

system guided by visual cues.

protocol. The real-time visual data stream is transmitted in half-duplex mode to a remote

PC, which acts as a client terminal of the WLAN server. This communication setup enables

real-time visual recognition tasks, leveraging previously trained models in offline mode. To

carry out the computational tasks, the software is developed in Python IDE utilizing OpenCV,

NumPy, and SciPy libraries.

For cue generation, seven distinct flag-stick patterns have been designed using a plain

rod with an attached flag. These cue patterns correspond to different directional gestures:

top-left (TL), middle-left (ML), bottom-left (BL), neutral (N), top-right (TR), middle-right

(MR), and bottom-right (BR). Interpretations of these visual gestures in the form of navigational

commands are previously outlined in Fig. 2.3 of Chapter 2. Initial data acquisition was

performed under standard indoor lighting, referred to as normal illumination level (NIL).

Subsequently, the lighting was systematically reduced to create more photometrically degraded

conditions, designated as DIL-1 through DIL-4. The average illumination measurements for

NIL, DIL-1, DIL-2, DIL-3, and DIL-4 have been recorded as 14.910 lx, 13.405 lx, 11.880 lx,

8.500 lx, and 4.710 lx, respectively. A comprehensive description and visual depiction of this

image dataset are presented earlier in Section 2.5 of Chapter 2.

Besides poor illumination, other sources of image degradation such as sensor noise

are frequently encountered in real-world applications. Typical causes include sensor

aging, hardware wear-and-tear, random signal disturbances, reflections, scattering particles,

analog-to-digital conversion (ADC) errors, or bit-level transmission errors. To emulate these

effects, zero-mean additive Gaussian noise has been synthetically added to the acquired image

142



Chapter 6. Density-based Neighborhood Granulation in 2DRLPP

data here [94]. Gaussian noise is one of the most common noise types in digital imaging,

arising from thermal effects, electronic interference, and insufficient illumination, factors that

are highly relevant to the current study [115].

6.3 Irregular-Shaped Granulation

Granulation-based data processing frameworks have proven to be highly effective in addressing

a wide range of modern machine learning challenges. Within the domain of granular computing

(GrC) [102], the foundation is built upon rough set theory, which offers a robust way to

represent ambiguity and uncertainty present in image data, particularly when dealing with

object indiscernibility. Granular approximation techniques derived from rough sets have found

successful applications across various fields, including image analysis, pattern classification,

and feature extraction [104]. Specifically, in human-robot interaction (HRI), the GrC framework

has demonstrated practical utility in solving detection and tracking-related problems [104],

[107]. Pal et al. [102] initially introduced the concept of rough entropy (RE), a fundamental

metric for images that facilitates the construction of homogenous, uniformly sized granules.

Maximizing this RE metric leads to minimized uncertainty and vagueness in object boundary

regions, which in turn supports more accurate object extraction.

Over time, the notion of granule construction has evolved from producing uniformly

sized, homogeneous segments to forming non-homogeneous granules of varying sizes that

better reflect the natural complexity of cluttered visual scenes [103]. Chakraborty et al. [103]

applied a quad-tree decomposition strategy to recursively generate such granules, aiding in

the identification of moving objects across spatial and temporal dimensions. Despite their

differences, both homogeneous and non-homogeneous granulation approaches (HmG and

NHmG) are typically built on basic, regular geometric shapes; mainly rectangular granules.

However, in practical environments, the formation of visual granules follows arbitrary and

irregular patterns that depend on local uncertainties and contain no pre-established geometric

structure [105]. To reflect this realistically, the idea of neighborhood-based granulation becomes

a more suitable choice here [116]. Building on this, Chakraborty and Pal [105] proposed a

granular rough rule-based model that forms arbitrarily shaped granules by taking both spatial

and color proximity into account, to reduce the effect of indiscernibility in images. In their
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formulation, the spatio-color granule (SCG) ψSCG(pi) centered around a pixel pi is defined as

follows [105]:

ψSCG(pi) =
⋃

p j∈U

: pi and p j binary connected over |c(p j)− c(pi)|< ρ (6.1)

Here, ψSCG(pi) represents the SCG constructed around the center pixel pi, where the set

includes those neighboring pixels p j that are both spatially connected to pi and have color

intensities within a threshold ρ . The function c(pi) denotes the color intensity of pixel pi and ρ

acts as the color proximity threshold. The underlying principles of neighborhood-based rough

set theory and RE maximization remain consistent with prior works [102]. However, unlike

earlier approaches [103], [102], this model does not rely on fixed granule dimensions or shapes,

allowing for the creation of irregular and more context-adaptive segments [105].

Nonetheless, arbitrarily shaped granules may sometimes be generated from only a few

outlier pixels that satisfy the spatial and color proximity requirements of the center pixel, termed

spatio-color neighbors. These neighbors are spatially close and have similar intensity values

compared to the center pixel. However, it has also been frequently observed that many pixels,

although spatially adjacent via binary connectivity, fail to qualify for inclusion in a granule due

to the violation of the color-distance criterion (CDC), as given in Equation (6.1), imposed by

the color threshold ρ . Even when their color distributions resemble that of the center pixel, they

are excluded.

This issue often leads to the formation of trivial or inconsistent granules. To address such

limitations, this work introduces a new technique—density-based neighborhood granulation

(dNG), that seeks to improve the granule formation process by ensuring greater consistency

and reliability.

6.4 Density-Based Neighborhood Granulation

The primary goal of the proposed dNG framework is to generate arbitrarily shaped spatio-color

granules by jointly considering spatial proximity and color similarity among image pixels.

This technique is especially effective in segmenting intricate, non-uniformly shaped visual

objects while efficiently removing noisy or outlier pixels from the granules. Such characteristics

make it particularly advantageous for segmenting images in real-world conditions where noise,

clutter, and ambiguity are prevalent. Furthermore, the density-based strategy offers scalable
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performance even when applied to high-resolution image data. Let I∈Rm×n represent an image,

where each pixel pi ∈ I. The dNG approach groups those pixels which possess a sufficient

number of similar neighbors in terms of both spatial adjacency and color. Pixels located in

sparse or dissimilar neighborhoods are labeled as outliers.

In addition to the color proximity threshold ρ , a user-defined parameter called the density

threshold δ is introduced in this model. The threshold δ determines the minimum number of

spatio-color similar neighbors required within an α-neighborhood around a center pixel pi ∈ I

for it to be considered a valid seed for granule formation. In this work, α is set to 8, implying

the use of an eight-connected neighborhood. Inspired by [117], all pixels in I can be classified

into three mutually exclusive categories—CorePixel, BorderPixel, and NoisePixel; based on the

chosen values of α , ρ , and δ . These are defined as follows:

• A CorePixel is one that has at least δ spatio-color similar pixels within its

α-neighborhood.

• A BorderPixel lies in the neighborhood of a CorePixel and satisfies spatial proximity, but

does not contain δ number of spatio-color neighbor pixels in its own α-neighborhood.

• A NoisePixel (or outlier) is neither a CorePixel nor a BorderPixel.

Using these definitions, the concept of density-reachability is employed to facilitate granule

expansion [117]. Let us consider two pixels, v (a CorePixel) and u (any other pixel in I). Pixel u

is said to be directly density-reachable from v with respect to parameters ρ and δ if u is located

within the α-neighborhood of v and satisfies the color proximity condition i.e., |c(u)−c(v)|< ρ .

Mathematically, this can be expressed as:

u ∈ Nα(v), and |Nα(v)| ≥ δ (6.2)

Moreover, pixel u can be simply termed as density-reachable from v if there exists a chain of

pixels u1,u2, . . . ,un such that u1 = v, un = u, and each ui+1 is directly density-reachable from

ui for 1 ≤ i < n, where each ui ∈ I. Two pixels u and v are considered density-connected if

there exists a third pixel w such that both u and v are density-reachable from w under the same

neighborhood and threshold constraints. An illustrative example of the density-reachability

concept among image pixels is presented in Fig. 6.3. Suppose the orange pixel acts as the center

pixel (CP) and the density threshold δ is set to 4. This indicates that at least four neighboring

pixels must satisfy the color-distance criterion (CDC) within the CP’s α-neighborhood, for
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Figure 6.3: Visualization of the density-reachability concept applied to image pixels. Pixels

that meet the color-distance condition (CDC) are indicated with colored diamonds, while

non-satisfying pixels are displayed in black. (Here, “Nbh.” refers to neighborhood.)

categorizing it to be a CorePixel. Among the neighborhoods depicted, nbh. 1 contains five

cyan pixels fulfilling the CDC condition, making it eligible for CorePixel status. Similarly,

neighborhoods nbh. 2 and nbh. 4 can be classified as density-reachable from the CP, while nbh.

3 does not meet the criteria. Pixels P1 and P3 are directly density-reachable from the CP via

path segments 1 and 3, respectively. Further, pixels P2 and P4 are density-reachable via chained

paths 1-2 and 3-4, respectively. Though P2 and P4 belong to different neighborhoods, they

are density-connected through their mutual density-reachability from a common central pixel.

A visual demonstration of this expanding granule formation based on the density-reachability

condition is shown in Fig. 6.4.

A parameter sensitivity analysis has been conducted to evaluate the behavior of the

proposed dNG method. The sensitivity of the parameters ρ and δ is assessed based on the

number of generated granular segments and by using two standard evaluation indices—Beta

index [118] and Davies–Bouldin index (DBI) [119]. The average quantitative measures

visualized in Fig. 6.5, indicate that the proximity threshold ρ plays a more dominant role in

determining the total number of granules formed. A higher number of segments corresponds to

finer detail capture within the image, which tends to improve recognition performance but at the
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Figure 6.4: An example showcasing the expansion of granules in a representative flagstick cue

image based on the applied density-reachability principle.

cost of increased computational burden. It was observed that a lower to moderately high value

of δ ∈ [1,α) generally yields the best results. A lower DBI combined with a higher Beta value

indicates better segmentation quality. From the results, it is evident that δ = 5 achieves the

optimal performance, achieving both the highest global Beta value and the lowest DBI within

the chosen parameter range, with ρ fixed at 5. The effect of the two primary parameters of the

proposed dNG model i.e., the color proximity threshold (ρ) and the density threshold (δ ), can

also be illustrated using color-coded heatmaps. Figures 6.6a-6.6c present the average outcomes

in terms of the number of generated granular segments, and the clustering evaluation parameters

Beta and DBI value, respectively. An increased number of segmented granules generally leads

to improved segmentation, enabling more precise and detailed thresholding of the image. From

the heatmap analysis, it is evident that lower values of ρ and δ tend to yield better segmentation

accuracy, although this improvement comes with a higher computational cost. Therefore, a

balance is typically required between these two competing aspects, depending on the intended

goal, whether the focus is on achieving better accuracy or faster processing speed. It is observed

that the optimal Beta index is generally located in regions with smaller values of ρ . A higher

Beta value is indicative of superior performance in terms of granule segmentation quality. On

the contrary, improved results are associated with lower DBI values. However, in practical

applications, the DBI metric often shows irregular behavior with no clear monotonic pattern.

To handle this, specific ranges of ρ and δ are chosen where consistently higher Beta scores are

observed. Within these selected regions, the configurations that correspond to the lowest DBI
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(a) (b)

(c)

Figure 6.5: Evaluation of the proposed dNG model’s parameter sensitivity, depicted through:

(a) The number of segmented granules, (b) Beta index indicating segmentation quality, and (c)

Davies–Bouldin index (DBI) index reflecting clustering compactness and separation.

values are considered optimal for the granulation model’s performance.

In this work, the dNG operation is independently applied to each of the red (R), green

(G), and blue (B) channels of the RGB image. This approach avoids the loss of important

chromatic features that could occur during RGB-to-grayscale conversion, especially in regions

where grayscale intensities are indistinguishable, but color differences are substantial [32].

For each RGB color channel, granules are computed separately and then unified into a single

representation based on rough set approximations. For a given color image A, the outer and

inner approximations of the foreground are denoted by the sets {OF} and {IF} respectively,

and are computed as:

F≡ {OF}= {OFR}∪{OFG}∪{OFB}, F≡ {IF}= {IFR}∪{IFG}∪{IFB} (6.3)
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(a) (b)

(c)

Figure 6.6: Heatmap visualization illustrating the parameter sensitivity of the proposed dNG

model with respect to: (a) Total number of generated granular segments, (b) Beta index, and (c)

Davies–Bouldin index (DBI).

Likewise, the outer and inner approximations for the background region are defined as:

B≡ {OB}= {OBR}∪{OBG}∪{OBB}, B≡ {IB}= {IBR}∪{IBG}∪{IBB} (6.4)

In the equations above, the superscripts R, G, and B denote the red, green, and blue channels,

respectively. The sets {OFi}, {IFi}, {OBi}, and {IBi} represent the outer and inner

approximations for the foreground and background within each color channel. Using these

approximations, the roughness measures of the foreground (RF) and background (RB) regions

are calculated as [102]:

RF = 1− |F|
|F|

=
|F|− |F|
|F|

, RB = 1− |B|
|B|

=
|B|− |B|
|B|

(6.5)

Here, |F|, |F|, |B|, and |B| represent the cardinalities (i.e., the total number of elements) in the

respective sets. The rough entropy (RE) of the image, based on the uncertainty in the foreground
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and background approximations, is computed using the formula [102]:

RE =−e
2
[RF · lnRF+RB · lnRB] (6.6)

To determine optimal foreground–background segmentation, this entropy measure is

maximized with respect to the threshold values. For each color channel, the thresholds yielding

the maximum RE are chosen and denoted as T hR, T hG, and T hB for the R, G, and B channels

respectively.

6.5 Granular Feature Decoding

Once the irregularly shaped granules are formed, a decoding strategy is employed to extract the

corresponding feature histogram from the image samples. As the foreground object in the image

becomes increasingly ambiguous, the boundaries between foreground and background turn

more vague and uncertain, posing challenges for segmentation based on crisp decision rules.

To address this issue, fuzzy membership functions are incorporated here, for distinguishing

between pixels belonging to the foreground and those in the background [114]. As a pixel pi

approaches its respective granulation threshold value T h, its likelihood of being categorized

as a background pixel decreases, while correspondingly its membership in the foreground

class increases. To model this gradual transition and classification between background and

foreground pixels, two types of fuzzy membership functions are utilized: reverse triangular

fuzzy membership (RTFM) and reverse pi fuzzy membership (RPFM). These membership

functions are illustrated in Fig. 6.7. The threshold T h represents the channel-wise granulation

threshold values, namely T hR, T hG, and T hB for the red, green, and blue color channels,

respectively. XL and XH denote the minimum and maximum intensity values for image pixels,

typically set to 0 and 255.

Using these parameters, the foreground and background membership functions µ f (X) and

µb(X) are computed for all three color channels. Based on the aggregated membership values

across the R, G, and B channels, each pixel is classified as either a foreground or background

pixel. This is done by comparing the cumulative foreground and background membership

values. A pixel is marked as foreground if its total µ f (X) is greater than or equal to µb(X),

and as background otherwise. For thresholding the segmented image, foreground pixels are

assigned a binary value of 1, and background pixels are assigned 0. Granular segmentation
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(a) (b)

Figure 6.7: Fuzzy membership functions used for granular foreground–background

segmentation, with (a) Reverse triangular fuzzy function, and (b) Reverse pi fuzzy function.

(a) (b)

Figure 6.8: Granular foreground–background segmentation output for a sample flag-stick

visual cue, using (a) Reverse triangular fuzzy membership (RTFM), and (b) Reverse pi fuzzy

membership (RPFM).
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results for a representative flag-stick image using RTFM and RPFM are illustrated in Fig. 6.8.

After segmentation, a local neighborhood window of size n× n is centered around each pixel

to derive localized feature patterns. A feature descriptor φpc is calculated for each central pixel

pc by aggregating the binary values of its surrounding pixels in a manner similar to the local

binary pattern (LBP) approach [30]. Specifically, the feature value is computed as:

φpc =
n2−1

∑
k=0

2k−1 · pk

where pk represents the kth pixel within the neighborhood. The total number of histogram bins

generated from the image is given by
(
n2−1

)(
n2−2

)
+ 3. Finally, the resulting histogram

is normalized to produce the final feature vector, which captures the local structure of the

granulated image pattern. The entire granular feature decoding (GFD) process is summarized

in Algorithm 6.1.

6.6 Granular Feature-Aided 2DRLPP

Let the training dataset be denoted by A ∈ Rm×n×N , consisting of N training image samples

A1,A2, . . . ,AN , where each Ai ∈ Rm×n. For high-dimensional image data, dimensionality

reduction is essential to project samples into a more compact subspace that facilitates

downstream tasks such as clustering or classification. In a two-dimensional unsupervised

learning context, a projection matrix W = [w1,w2, . . . ,wd] ∈ Rn×d is learned, where each

column vector wk serves as a linear projection direction [13]. Using this projection matrix,

each image is mapped to a lower-dimensional representation via the linear transformation:

Xi = AiW (6.7)

Here, Xi denotes the low-dimensional embedding of the input image Ai. A detailed description

of the LPP formulation, including its mathematical derivation and the underlying graph-based

embedding framework, has been presented earlier in Section 3.2.3 of Chapter 3. Nevertheless,

to maintain notational consistency and facilitate convenient reference, the key mathematical

expressions related to LPP are briefly revisited here. To compute W in the two-dimensional

framework of LPP, the following optimization problem is defined [14]:

min
W

N

∑
i, j=1

∥∥(Ai−A j)W
∥∥2

F Si j, s.t.
N

∑
i=1
∥AiW∥2

F Dii (6.8)
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Algorithm 6.1 Granular Feature Decoding (GFD)
Input: Color image A, R-G-B channel thresholds T hR, T hG, T hB, cutoff intensity bounds XL,

XH , neighborhood size n×n

Output: Normalized granular feature vector φφφ

STEP-1 For each pixel p in A and for each color channel c ∈ {R,G,B}:

• Compute foreground membership µ f (X) using RTFM or RPFM.

• Compute background membership µb(X) using RTFM or RPFM.

STEP-2 Aggregate total foreground membership: µT
f (X) = µR

f (X)+µG
f (X)+µB

f (X).

STEP-3 Aggregate total background membership: µT
b (X) = µR

b (X)+µG
b (X)+µB

b (X).

STEP-4 Assign pixel p as:

• Foreground if µT
f (X)≥ µT

b (X),

• Background otherwise.

STEP-5 Binarize the image: assign value 1 to all foreground pixels and 0 to background pixels.

STEP-6 For each center pixel pc:

• Extract the n×n neighborhood centered at pc.

• Compute the granular binary feature:

φpc =
n2−1

∑
k=0

2k−1 · pk

where pk represents the kth pixel in the local window.

STEP-7 Construct a histogram with
(
n2−1

)(
n2−2

)
+3 bins.

STEP-8 Normalize the histogram to obtain the final feature vector φφφ .

STEP-9 Return φφφ .

where S = {Si j} is the similarity matrix and D is a diagonal matrix with Dii = ∑
N
j=1 Si j. The

matrix S encodes spatial proximity between samples and is constructed as:

Si j =


exp

(
−
∥Ai−A j∥2

F
σs

)
, if A j ∈Nk(Ai)

0, otherwise
(6.9)

Here, σs controls the influence of similarity weights, and Nk(·) denotes the k nearest neighbors.

However, spatial similarity alone may not be reliable under geometric distortions, sensor noise,

or outliers [11], leading to degradation in the performance of manifold-inspired methods like
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2DLPP. To mitigate the sole dependency on spatial structure, a complementary feature similarity

matrix is introduced. It is computed using the dNG-based granular features as follows:

Fi j =


exp

(
−
∥φ(Ai)−φ(A j)∥2

2
σ f

)
, if A j ∈Nk(Ai)

0, otherwise
(6.10)

In the above formulation, φ(Ai) denotes the granular feature vector extracted using the GFD

algorithm, and σ f is a regularization constant that adjusts feature-based weight sensitivity.

Thereafter, the final similarity matrix Si j is obtained by combining spatial and feature weights:

Ri j = Si j ·Fi j (6.11)

After incorporating similarity weights from both spatial and feature domains, and adopting the

robust l1-norm formulation of 2DRLPP [14], the revised optimization problem becomes:

min
W⊤W=I

N

∑
i, j=1

∥∥(Ai−A j)W
∥∥

1 Ri j + τ∥W∥1, s.t.
N

∑
i=1
∥AiW∥1Di = 1 (6.12)

Here, τ serves as the regularization parameter enforcing sparsity in the projection matrix W,

and the constraint W⊤W = I maintains orthonormality among the projection vectors. This

optimization problem is solved iteratively using an l1-norm minimization algorithm to derive

the optimal projection vector w∗. Repeating this process d times yields a set of optimal

vectors {w∗h}d
h=1, which are stacked to form the final transformation matrix W∗ ∈ Rn×d . Once

learned, the transformation matrix W∗ is used to project each training image Ai to a reduced

representation Xi = AiW∗. In the testing phase, the same projection is applied to new input

samples using the precomputed W∗. The resulting low-dimensional feature vectors can then

be passed on to any suitable classifier for evaluating the recognition accuracy of the proposed

dNG-2DRLPP framework. A discussion of the computational complexity associated with the

entire method dNG-2DRLPP is provided next.

• Computational Complexity Analysis

For an input image consisting of p pixels, where each pixel considers an α-connected

neighborhood, the computational complexity of the dNG algorithm is O(α × p). The fuzzy

segmentation stage applied to the color image introduces an additional complexity of O(p).

In the granular feature decoding process, local computations are performed using α-pixel

neighborhoods, which again contributes a complexity of O(α × p). Within the 2DRLPP
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framework, the similarity matrix is built using exhaustive pairwise comparisons between all

input samples. This results in a computational complexity of O(N2), where N denotes the

total number of training images. Once the similarity kernel is computed, generating a single

orthogonal projection direction involves iterative optimization. If T represents the number of

iterations required for convergence, the corresponding complexity is O(N2×T ). To compute

a complete projection matrix consisting of d such projection vectors, the overall complexity

becomes O(N2×T ×d). Therefore, bringing all components together, the total computational

complexity of the proposed dNG-2DRLPP pipeline can be approximated as:

O
(
N(2α p+ p)+N2(1+T +T ·d)

)

6.7 Performance Evaluation and Discussion

To assess the effectiveness of the proposed approach, a comprehensive set of experiments has

been conducted using the previously described flagstick image dataset. Initially, the dNG

algorithm has been applied to the input images. Notably, the RGB color images have been used

in their original form rather than being converted to grayscale. This helps preserve significant

chromatic details that might otherwise be lost during RGB-to-grayscale conversion, especially

in regions where intensity levels are ambiguous, but color variations remain informative [32]. In

this study, the red, green, and blue channels of the images have been processed individually, with

the dNG procedure applied separately to each. As noted earlier, the choice of an appropriate

density threshold δ plays a critical role in successful granule expansion during the dNG

process. Accordingly, a systematic evaluation has been undertaken to determine optimal values

of δ in each RGB channel, guided by the principle of maximizing rough entropy (RE) in

the granulated images [102]. Simultaneously, the corresponding granulation thresholds for

segmenting foreground and background regions have also been derived. Fig. 6.9a and 6.9b

illustrate the variation of RE and threshold (T h) values with respect to different δ values

across the three color channels. For this experimental setting, the optimal values of the density

threshold that yield maximum RE have been found to be 7 for both red and green channels, and

9 for the blue channel. Using these optimal values, dNG produces irregularly shaped granules

for each channel of the input flag-stick images. A sample image with the resulting granules

for red, green, and blue channels is shown in Figs. 6.10a-6.10c, respectively, where different
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(a) (b)

Figure 6.9: Variations in the (a) Rough entropy (RE) measure and (b) Granulation threshold

values with respect to different density threshold (δ ) settings.

(a) (b)

(c)

Figure 6.10: Example of a flag-stick visual cue image with irregularly shaped neighborhood

granules generated in (a) Red channel, (b) Green channel, and (c) Blue channel.

color shades represent distinct granules. The size of the granules varies depending on the local

spatio-color pixel density, while the shapes remain arbitrarily defined and non-uniform.

The recognition performance of the proposed dNG-2DRLPP method has then been

evaluated under five varying lighting conditions, as previously explained in Section 2.5

of Chapter 2. A comparative analysis of recognition accuracy is presented in Table 6.1,

highlighting the performance of dNG-2DRLPP against other state-of-the-art dimensionality
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Table 6.1: CLASSIFICATION ACCURACY (%) OF VARIOUS DR METHODS UNDER

DIFFERENT ILLUMINATION CONDITIONS

DR Method NIL DIL-1 DIL-2 DIL-3 DIL-4

LPP 99.683 92.362 84.127 70.773 55.710

BLPP 99.965 96.329 94.603 75.221 62.394

2DLPP 99.968 98.223 97.114 83.623 73.521

2DRLPP 99.975 98.905 98.455 88.349 80.106

HOG-2DRLPP 99.981 99.121 98.766 89.815 81.278

Gabor-2DRLPP 99.981 99.256 98.908 90.127 82.485

LBP-2DRLPP 99.981 99.483 99.179 90.632 83.792

HmG-2DRLPP 99.981 99.534 99.250 90.813 84.280

NHmG-2DRLPP 99.981 99.534 99.295 91.067 84.941

dNG-2DRLPP 99.990 99.730 99.465 91.234 85.913

reduction methods. Among these techniques, 2DRLPP demonstrates notable resilience

under low-light conditions. When spatial and feature information are jointly incorporated,

the recognition performance is further improved. To offer a comprehensive comparison,

conventional feature descriptors such as histogram of oriented gradients (HOG), Gabor features,

local binary patterns (LBP), and GrC-based descriptors (HmG and NHmG) have been evaluated

alongside 2DRLPP. The proposed dNG feature descriptor outperforms all these methods,

achieving over 85% accuracy even under the most restricted illumination settings.

Following the recent advancements of deep learning (DL) architectures in visual

recognition tasks, a few of the popular DL models have been included for comparative

evaluation in this study. These models deliver satisfactory recognition performance under

normal illumination conditions (NIL), but their accuracy significantly declines when tested

under adverse conditions, particularly at DIL-4. At the most restrictive lighting level (DIL-4),

the recognition accuracies achieved by MobileNet, ShuffleNet, EfficientNetB0, and ResNet50

[120] are 76.569%, 72.220%, 78.796%, and 81.652%, respectively. A plausible reason for this

observed drop in performance could be the limited size of the training dataset used in this study;

a situation that is commonly encountered in practical, real-time data collection practices. Deep

learning models typically demand large-scale datasets to effectively tune their parameters and
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Table 6.2: CLASSIFICATION METRICS FOR dNG-2DRLPP UNDER DIFFERENT

ILLUMINATION CONDITIONS

Metric NIL DIL-1 DIL-2 DIL-3 DIL-4

Accuracy (%) 99.990 99.730 99.465 91.234 85.913

Sensitivity (%) 99.683 99.365 99.048 91.429 86.032

Specificity (%) 99.947 99.894 99.841 98.571 97.672

Precision (%) 99.689 99.379 99.082 91.988 87.598

NPV (%) 99.947 99.895 99.842 98.571 97.673

FAR (%) 0.053 0.106 0.159 1.429 2.328

FRR (%) 0.317 0.635 0.952 8.571 13.968

EER (%) 0.186 0.186 0.186 2.407 3.704

F1-Score (%) 99.683 99.365 99.051 91.572 86.409

MCC (%) 99.632 99.264 98.901 90.234 84.353

Kappa Score (%) 98.704 97.407 96.111 65.000 42.963

Table 6.3: CLASSIFICATION ACCURACY (%) OF VARIOUS DR METHODS UNDER

DIFFERENT GAUSSIAN NOISE VARIANCE LEVELS

DR Method σ2 = 0.05 σ2 = 0.10 σ2 = 0.15 σ2 = 0.20 σ2 = 0.25 σ2 = 0.30 σ2 = 0.35

LPP 85.097 81.824 79.695 76.317 75.950 73.034 70.127

BLPP 97.443 93.438 91.107 86.382 81.765 77.795 73.187

2DLPP 98.064 97.943 94.120 87.325 82.149 78.866 74.737

2DRLPP 98.864 98.640 96.769 90.950 86.678 82.757 78.843

HOG-2DRLPP 98.951 98.869 97.149 91.584 87.224 83.196 79.447

Gabor-2DRLPP 99.055 98.989 97.257 91.925 87.492 83.525 80.352

LBP-2DRLPP 99.206 99.138 97.547 92.381 87.835 84.261 80.783

HmG-2DRLPP 99.553 99.320 97.964 92.571 88.225 85.106 81.232

NHmG-2DRLPP 99.553 99.246 97.757 92.790 88.870 85.661 81.840

dNG-2DRLPP 99.782 99.498 98.276 93.960 89.822 86.367 82.585

generalize well to new data. Moreover, when DL networks are trained on clean, well-lit samples

acquired under controlled settings but deployed on test data affected by adverse conditions like

noise or low illumination, their performance tends to deteriorate significantly [121], [122]. This
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(a) (b)

(c) (d)

Figure 6.11: Confusion matrix representations of the dNG-2DRLPP algorithm under different

illumination environments (a) DIL-1, (b) DIL-2, (c) DIL-3, and (d) DIL-4.

is a widely recognized issue in real-world applications, where unexpected variations in ambient

lighting, sensor hardware, or scene structure can arise abruptly and unpredictably.

Further, a detailed performance evaluation of dNG-2DRLPP has been carried out using

multiple classification metrics, as shown in Table 6.2. Metrics include accuracy, sensitivity,

specificity, precision, negative predictive value (NPV), false acceptance rate (FAR), false

rejection rate (FRR), equal error rate (EER), F1-score, Matthews correlation coefficient (MCC),

and Cohen’s kappa score. Results have been reported across all five lighting levels. Notably,

even under the most difficult lighting condition (DIL-4), the model maintains strong robustness,

yielding a low FAR of approximately 2.3% and an EER close to 3.7%. For more deeper insights

into the class-wise performance, confusion matrices have been generated using the proposed

dNG-2DRLPP method under the photometric conditions DIL-1, DIL-2, DIL-3, and DIL-4, and

are illustrated in Figs. 6.11a-6.11d, respectively.
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To evaluate the model’s resistance to noise, flag-stick images have also been artificially

corrupted with Gaussian noise at varying intensity levels. Experimental results for Gaussian

noise with different variances (σ2) are presented in Table 6.3. Here too, the proposed method

demonstrates superior performance across all noisy conditions. The benefits of 2DRLPP

become more pronounced as the noise intensity increases. The integration of the dNG-based

granular features further enhances robustness. Even at a noise variance of σ2 = 0.35, the model

achieves an accuracy exceeding 82%, surpassing other competing methods.

6.8 Summary

A novel dimensionality reduction (DR) approach, grounded in granular computing (GrC),

has been introduced in this study. To facilitate the extraction of informative features from

challenging image datasets, a new density-driven neighborhood granulation strategy, termed

dNG, has been developed. Unlike traditional granulation methods that assume regular-shaped

granules in both homogeneous and non-homogeneous approaches, the proposed method

performs image granulation using irregularly shaped segments. A density-reachability criterion

has been formulated to more effectively exclude outlier regions during the granulation process.

Subsequent to this granule segmentation, relevant features have been derived using a fuzzy

rule-based local feature decoding technique. The decoded feature information has been

further fused with a spatial similarity kernel, and the resultant kernel has been utilized in

low-dimensional projections. Extensive experiments using a custom flag-stick image dataset

acquired under a variety of real-world visual distortions, such as poor lighting and sensor noise,

demonstrate the robustness of the proposed method. In this work, color proximity threshold

and density threshold values have been obtained through a parameter sensitivity analysis using

quantitative evaluation metrics. As a potential future direction, metaheuristic or other intelligent

optimization algorithms could be employed to automatically determine the optimal values of the

color proximity and density thresholds, thereby enhancing the adaptability and generalization

capability of the proposed granulation framework, across diverse visual environments.

The progression across Chapters 3 to 6 reflects a systematic enhancement in algorithmic

robustness, aimed at addressing increasingly challenging visual recognition scenarios.

Beginning with foundational approaches that performed effectively under normal or moderately
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distorted conditions, each subsequent chapter introduced refinements that targeted specific

limitations, such as vulnerability to illumination changes, spatial ambiguity, and sensor

noise. Among these, the proposed dNG-2DRLPP framework in this chapter, demonstrates

superior resilience in severely degraded environments through its integration of density-driven

granulation, fuzzy decoding, and robust subspace learning. This gradual evolution underscores

the research objective of developing adaptive and reliable vision-based recognition systems

for real-world applications. Looking forward, in the future, the framework can be extended

to handle even more complex operational contexts, such as dynamic background interference,

multi-modal sensory fusion, and abrupt photometric or geometric perturbations.
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Chapter 7

sEMG-based Hand Activity Capturing

System for Robot Guidance Applications

7.1 Introduction

S urface electromyography (sEMG) signals, representing the electrical activity of skeletal

muscles, are being increasingly utilized in diverse applications including prosthetic

rehabilitation, human-machine interface (HMI), and robotic manipulation. In particular,

sEMG-based hand gesture and grasp recognition has gained prominence in assisting individuals

with motor impairments, and in facilitating intuitive control in collaborative robotic systems.

The recognition of muscular patterns through sEMG, enables efficient mapping of human intent

to mechanical action, thereby enhancing task execution in assistive and industrial environments.

The complexity of upper limb movement, involving multiple degrees of freedom across the

elbow, wrist, and fingers, introduces significant intra-subject and inter-subject variability in the

recorded EMG signals. These signals are often non-stationary, susceptible to noise, and affected

by muscle fatigue, crosstalk, and anatomical variations. Consequently, effective preprocessing

and dimensionality reduction (DR) techniques are essential to extract relevant features and

lessen the computational burden associated with real-time classification.

To support experimental research in this domain, a custom laboratory-based sEMG data

acquisition system has been developed, employing low-cost sensors and embedded modules

such as Arduino Uno and ESP32. This setup captures myoelectric activity from key forearm

muscles associated with functional hand movements. The acquired signals have been stored

locally on a microSD card and also transmitted in real-time to an online server for remote

monitoring. A set of ten representative hand movement gestures has been designed to reflect

practical use cases ranging from everyday object manipulation to repetitive physical tasks.
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Figure 7.1: Custom-built sEMG signal acquisition setup developed in laboratory, highlighting

and labeling its individual components.

The laboratory-acquired sEMG dataset along with benchmark datasets such as NinaPro,

enable comprehensive validation of manifold-inspired DR frameworks for these applications.

These methods aim to project the high-dimensional sEMG data into low-dimensional spaces

that preserve local geometric structure while enhancing inter-class separability. Building on

this foundation, the subsequent sections will describe the complete sEMG data acquisition

framework, experimental settings, signal recording protocol, and dataset organization for

subsequent analysis and recognition tasks.

7.2 Data Acquisition Terminal

All experimental activities in this study have been undertaken within the premises of the

Instrumentation & Cyber Physical System Laboratory, Department of Electrical Engineering

at Jadavpur University, India. A custom-designed, in-house sEMG signal recording setup, as

shown in Fig. 7.1, has been employed for collecting the data. This system incorporates an

EMG Muscle Sensor Module v3.0, which is capable of capturing muscle-generated electrical

signals arising from physical movements. The sensor contains a built-in signal conditioning

unit that processes the raw myoelectric signal by amplifying it and transmitting it as an analog

voltage output to a microcontroller [123]. The sensor unit, which weighs approximately 30
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grams and operates on a dual power supply of ±9 volts. Three surface electrodes, connected

through EMG snap leads, have been placed on the subject’s body to record differential muscle

activity. Two of them have been placed on the muscle of interest and one on a reference point.

Specifically, the red lead is connected to an electrode placed centrally over the muscle belly

of interest, while the green lead connects to another electrode located at one end of the same

muscle. The reference electrode, associated with the yellow lead, is attached to a nearby bony

or non-muscular neutral area that remains relatively inactive during the muscle contractions

[123]. Prior to electrode placement, the skin surface has been thoroughly cleaned using alcohol

wipes. For this setup, pre-gelled, single-use Ag/AgCl surface electrodes with integrated skin

abrasives have been used to ensure consistent signal quality. The built-in conductive gel reduces

skin-electrode impedance, enhancing signal transmission.

The complete data acquisition unit comprises the EMG sensor module with electrodes,

an Arduino Uno microcontroller, a Wi-Fi-enabled ESP32 module, a DS3231 real-time clock

(RTC), and a microSD storage interface. The sensor module is equipped with an onboard

signal conditioning circuit that performs filtering and rectification of the acquired muscle

activity signals for suppressing noise and external disturbances, to some extent. The processed

signal is then amplified and converted into an analog voltage output for feeding into the

microcontroller-based acquisition systems. These EMG output signals have then been routed

to an analog input pin of the Arduino Uno via connecting wires. The Arduino’s ATmega328P

microcontroller samples the analog EMG signal using its built-in 10-bit ADC, converting it into

a digital representation. This digitized data has been logged onto a local microSD card along

with corresponding timestamps from the DS3231 RTC module. In parallel, the digital values

have then been transmitted to the ESP32 module via TX-RX serial communication for real-time

streaming. A unidirectional data flow has been established by connecting the Arduino’s TX

(transmit) pin to the RX (receive) pin of the ESP32. The ESP32 uses its built-in Wi-Fi to upload

the data to a cloud server, enabling remote monitoring of real-time sEMG signals. For this study,

the open-source IoT platform ThingSpeak has been employed for live visualization and storage

of the transmitted data [124]. The real-time transmission of EMG data from the Arduino Uno

microcontroller to the ThingSpeak server, facilitated by the ESP32 module, is illustrated in

Fig. 7.2. This approach supports remote access and monitoring of sEMG recordings via any

connected device. Additionally, data can be retrieved either directly from the local microSD

storage or remotely via the ThingSpeak cloud interface for further analysis.
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Figure 7.2: Real-time visualization of EMG signals on the ThingSpeak server, transmitted via

the ESP32 module.

7.3 Anatomical Overview of Targeted Muscles

Understanding the anatomical layout of the forearm muscles and their associated movements is

essential for the accurate placement of surface electrodes in sEMG acquisition. The functional

roles of muscles are commonly described using specific physiological terms such as flexion,

extension, abduction, and adduction. Flexion refers to the action of bending a joint, thereby

decreasing the angle between articulating bones, such as curling the wrist toward the forearm.

Extension is the opposite movement, where the joint angle increases, as in straightening

the wrist. Abduction generally indicates movement away from the body’s midline, while

adduction refers to movement toward the midline. In the context of wrist mechanics, wrist

abduction signifies wrist movement toward the thumb side, which is functionally equivalent to

radial deviation, whereas wrist adduction means movement toward the little finger side, which

corresponds to ulnar deviation. Additionally, anatomical references are made to directional

terms: the anterior (volar) side refers to the front or palm-facing surface of the forearm,

while the posterior (dorsal) side indicates the back or knuckle-facing surface. The radial

(thumb) side corresponds to the lateral aspect of the forearm closer to the thumb, and the ulnar

(pinkie) side refers to the medial aspect aligned with the little finger. These terms provide
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a biomechanical basis for interpreting the muscular contributions of various forearm regions

involved in voluntary hand and wrist movements.

The electrode placements target various upper forearm muscles involved in wrist and

finger movements. These include the flexor carpi radialis (FCR), which lies on the anterior

radial side of the forearm and supports wrist flexion and abduction on the radial side. Electrodes

have been placed around 5-7 cm below the elbow crease, following the orientation of muscle

fibers, longitudinally down the forearm [125]. Similarly, the flexor carpi ulnaris (FCU), located

on the anterior ulnar side of the forearm and responsible for wrist flexion and adduction, has

been targeted with electrodes positioned 4-6 cm distal to the elbow, over the muscle belly [126].

On the dorsal side, the extensor carpi radialis longus (ECRL) and extensor carpi radialis brevis

(ECRB), which facilitate wrist extension and radial deviation, have been monitored by placing

electrodes roughly 6-8 cm below the lateral epicondyle of the humerus [127]. The lateral

epicondyle refers to a bony prominence located on the outer side of a bone, typically serving as

a site for muscle and ligament attachment. The humerus is the long bone in the upper arm or

brachium, located between the shoulder and the elbow. For recording from the extensor carpi

ulnaris (ECU), responsible for wrist extension and ulnar deviation, the electrodes have been

positioned around 8-10 cm distal to the elbow on the posterior ulnar region [128]. Additionally,

the extensor digitorum (ED), situated centrally on the dorsal forearm and involved in finger

extension, is targeted by placing electrodes longitudinally down the middle of the forearm, 6-8

cm below the lateral epicondyle.

7.4 Description of Acquired sEMG Dataset

In the conducted experiments, a total of ten distinct hand movement gestures have been

considered, and the corresponding sEMG signals have been recorded for each class. Prior to

data collection, informed consent has been obtained from all participating volunteers. The

selected gesture classes include: (1) pulling an object, (2) pushing upward on a desk, (3)

pressing downward on a desk, (4) pressing the thumb against a surface, (5) punching using

a stapler, (6) pressing a paper punch, (7) grabbing a paperweight, (8) pressing a plier, (9)

opening a bottle cap, and (10) twisting a towel. A few sample instances depicting the

laboratory-based EMG acquisition process for five of these gestures are provided in Fig. 7.3.
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(a) (b)

(c) (d)

(e)

Figure 7.3: Illustration of the EMG signal recording procedure for five representative hand

activity classes: (a) Pressing a paper punch, (b) Grabbing a paperweight, (c) Punching with a

stapler, (d) Pressing the thumb onto a desk, and (e) Pressing a plier.

Such sEMG-based systems offer practical relevance in rehabilitation by enabling continuous

monitoring of motor-impaired patients and by facilitating focused muscle reconditioning.

Moreover, in human-machine interface (HMI) contexts, accurate classification of these gestures

promotes seamless and intuitive control over assistive robotic platforms, such as robotic

manipulators, thereby improving functionality and enhancing the quality of life for individuals

with disabilities. Beyond clinical applications, these systems can also help general users in

collaborative tasks aided by assistive robots. For example, EMG-based recognition of actions

such as pressing, punching, or twisting can serve as intuitive control signals for robots to

execute corresponding physically demanding tasks. As an illustration, a person firmly grabbing

168



Chapter 7. sEMG-based Robot Guidance System

(a) (b)

(c) (d)

Figure 7.4: Representative EMG signal waveforms corresponding to four distinct hand

movement categories.

an object or pushing something down on a floor may guide a robotic manipulator to carry

out similar functions on heavy industrial machinery. This integration not only improves

productivity and operational safety in shared human-robot workspaces but also unlocks

new possibilities for intention-driven robotic control in complex and precision-demanding

environments. Representative EMG signals from four different gesture categories are depicted

in Fig. 7.4, each shown over a 12 second duration and sampled at a rate of 500 Hz.

In the experimental protocol, surface EMG signals have been collected from a total of

25 individual participants. A set of 10 hand movement gestures as previously mentioned, has

been recorded across two separate recording sessions. For each gesture in every session, signals

have been captured over a duration of 90 seconds, from which the central 80 seconds have

been retained for inclusion in the final dataset, excluding transitional movement phases. The

full 90-second recordings have been divided into three segments of 30 seconds each, with a

10-second resting interval between them, to minimize the onset of muscular fatigue. Initially, a

narrow-band notch filter centered at the power line frequency has been applied to suppress any

interference caused by power line noise. Following this, the mean value of each signal has been

subtracted to eliminate baseline drift and remove any DC offset from the recorded EMG data.
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7.5 Summary

This chapter presented the design and implementation of a surface electromyography

(sEMG)-based data acquisition system tailored for hand activity recognition in robot guidance

applications. A custom-built, low-cost acquisition setup has been developed using Arduino Uno

and ESP32 modules, capable of both local storage and real-time transmission of sEMG data to

a cloud server. Key anatomical muscles responsible for wrist and finger movements have been

identified and selected for electrode placement. Relevant physiological and anatomical terms

have been clarified and discussed in detail in this chapter to support an accurate and consistent

sensor positioning protocol. The recorded gestures were selected to reflect practical, functional

hand movements relevant to assistive and industrial contexts.

A laboratory dataset comprising ten distinct gesture classes was acquired from 25

volunteers, with recordings performed across multiple sessions under a standardized protocol.

Signal preprocessing steps, including notch filtering and baseline correction, were applied to

ensure high-quality data suitable for machine learning-based analysis. The captured sEMG

signals and their corresponding gesture labels form a foundational resource for validating

dimensionality reduction and classification methods, enabling intention-aware robotic systems

that respond to natural muscular cues. Such categorized sEMG signals have direct implications

in real-world HMI environments. In prosthetic control, accurate classification of muscle activity

enables intuitive, proportional actuation of artificial limbs based on user intent. In rehabilitation,

these systems support targeted muscle retraining and progress monitoring for individuals

with neuromuscular impairments. Within collaborative robotics and manipulator-driven tasks,

gesture-based control using sEMG facilitates seamless and hands-free operation of robotic arms

in manufacturing, logistics, or assistive home settings. Thus, the developed system serves as a

versatile platform for advancing sEMG-driven interaction across diverse application domains,

bridging human intention with robotic execution.
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Uncertainty-aware Bayesian Model

Averaging-based Spatial Kernel Modeling

in Orthogonal LPP

8.1 Introduction

S urface electromyography (sEMG) signals, which capture the electrical activity of muscles

during voluntary contractions, are widely used in upper limb activity recognition tasks,

for human-machine interface (HMI), prosthetic control, and rehabilitation. The ability to

decode complex hand gestures from sEMG signals, enables seamless communication between

human intention and assistive robotic systems. However, the inherently stochastic and

subject-dependent nature of sEMG signals, coupled with variations due to sensor placement,

muscle fatigue, and inter-subject anatomical differences, poses significant challenges for

reliable gesture recognition [54]. To overcome these challenges, dimensionality reduction

(DR) techniques are employed to project high-dimensional, redundant, and inconsistent EMG

features into a compact and discriminative subspace that preserves essential gesture-relevant

information [55]. Among various DR approaches, locality preserving projections (LPP) [7]

offer a linear framework that approximates the underlying nonlinear manifold, effectively

retaining the intrinsic geometric structure of the data. LPP preserves local neighborhood

relations of data points during projection, making it highly effective in capturing subtle

variations in biosignal patterns. A further advancement, orthogonal locality preserving

projections (OLPP) [9], introduces orthogonality constraints on the basis vectors, enhancing

the diversity and robustness of the projection space.

Despite these advantages, a key limitation of LPP and OLPP lies in their reliance
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on Euclidean distance-based similarity kernels, which are sensitive to outliers and may

inadequately capture nonlinear spatial or directional relations in the signal space. This

motivates the development of enhanced similarity measures and fusion mechanisms that can

robustly represent spatial affinity across multiple geometrical perspectives. Addressing the

isuue, this chapter presents a novel orthogonal LPP-based framework termed UaBMA-OLPP,

which integrates uncertainty-aware Bayesian model averaging (UaBMA) for fusing similarity

kernels derived from Euclidean [7], Euler (cosine-based) [62], and Grassmannian spaces

[63]. Each of these manifolds captures complementary aspects of signal similarity: spatial

proximity, directional alignment, and subspace-level geometric variation, respectively. UaBMA

adaptively weights the contribution of each kernel by modeling their posterior probability

including uncertainty measures in terms of classification performance, thereby generating a

robust and discriminative similarity matrix for OLPP. Extensive experimental results, both with

laboratory-collected EMG data and benchmark databases, validate the superior performance of

the proposed technique in recognizing diverse hand movement gestures.

Through this contribution, the chapter aims to bridge the gap between traditional

dimensionality reduction and adaptive kernel fusion by incorporating uncertainty modeling and

BMA, thereby advancing the robustness and reliability of sEMG-based activity recognition in

real-world HMI environments.

8.2 Review of Existing Literature

The operational pipeline of EMG-based hand movement recognition frameworks can be

broadly broken down into four sequential phases: (1) acquisition of raw signals, (2) signal

preprocessing, (3) extraction of relevant features, and (4) classification of movements.

Zandigohar et al. introduced a Bayesian evidence-based method to estimate grasp classification

probabilities by integrating sEMG and vision-derived data in prosthetic hand systems [129].

In a related approach, grasp classification outputs from EMG signals were first determined

and subsequently utilized within visual object detection modules [130]. Other researchers

have explored domain adaptation methodologies to enhance EMG-based classification tasks

[131], [132]. Du et al. applied domain adaptation to classify high-density sEMG signals

across different recording sessions, wherein the signals were transformed into grayscale image
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formats and adaptive batch normalization was used to boost the performance of unsupervised

models [132]. Xu et al. developed a spatial sliding window approach aimed at detecting spike

patterns in high-density sEMG data [133]. In another work, Batayneh et al. [134] proposed a

generalized regression neural network (GRNN) to estimate joint angles based on wrist motion

using the NinaPro dataset. Esa et al. incorporated time-domain statistical features such as root

mean square (RMS), zero crossing (ZC), and slope sign change (SSC) into an SVM classifier

to monitor individual finger movements [57]. A new method involving channel selection

and time-domain feature fusion was proposed in [135], where an SVM-based framework was

utilized to classify EMG signal patterns. Approaches based on the frequency domain have also

gained attention in similar contexts. Alazrai et al. [136] utilized discrete wavelet transform

(DWT) for feature extraction and employed support vector regression (SVR) for estimating

finger and wrist joint angles. Taghizadeh et al. [137] used the fractional Fourier transform

(FrFT) as the primary feature extractor and classified finger movements with a k-nearest

neighbor (kNN) algorithm. Zhai et al. [138] applied fast Fourier transform (FFT)-based features

to develop a neuroprosthesis control system.

Ilyas et al. [55] presented an EMG-based study, where statistical features were

extracted and then reduced using techniques like principal component analysis (PCA), linear

discriminant analysis (LDA), and non-negative matrix factorization (NMF) for estimating

finger joint angles. Similarly, Anam et al. [139] utilized PCA to project statistical features

into lower-dimensional spaces before performing finger joint regression. Tapia et al. [58]

adopted independent component analysis (ICA) and empirical mode decomposition (EMD)

to extract motor activation cues from EMG signals. Guo et al. proposed a multimodal

hand motion recognition system that fused sEMG and mechanomyography (MMG) features

using an LDA-based classification methodology [140]. Saikia et al. [141] applied PCA and

LDA to represent EMG features in low-dimensional spaces, for recognizing prosthetic finger

movements. A further improvement was proposed in [142], where uncorrelated LDA (ULDA)

was used for EMG feature reduction. Li et al. [143] introduced a graph-based method to

estimate wrist angles and grasping forces from high-density EMG signals using simultaneous

and proportional mapping.
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8.3 Proposed Framework

This section introduces a novel subspace learning methodology termed UaBMA-OLPP, which

aims to minimize feature redundancy and boost the discriminative quality of sEMG signal

representations in the projected domain. OLPP strengthens class separability by ensuring

orthogonality among the projection vectors, thereby improving the representation capacity of

features in the transformed space. UaBMA operates within this OLPP framework and integrates

manifold-specific similarity information through a Bayesian probabilistic approach.

8.3.1 Orthogonal Locality Preserving Projection (OLPP)

Let the input training dataset be denoted as Z = [z1,z2, . . . ,zN ] ∈ RD×N , where each zk ∈

RD represents a D-dimensional data point, and N is the total number of samples. In the

LPP framework, the projection matrix W = [ωωω1,ωωω2, . . . ,ωωωd] ∈ RD×d is designed to generate

lower-dimensional representations as yk = WT zk ∈ Rd . While Section 3.2.3 of Chapter

2 has already presented a comprehensive discussion on the LPP formulation, including its

mathematical basis and graph-based embedding strategy, the core mathematical expressions are

briefly summarized here to ensure consistency in notation and ease of reference. The objective

is to preserve local proximity between data points by minimizing the following expression:

min
W

N

∑
i=1

N

∑
j=1
∥zi− z j∥2Si j =

N

∑
i=1

∑
z j∈Rk(zi)

∥WT zi−WT z j∥2Si j (8.1)

Here, S = [Si j] ∈ RN×N denotes a symmetric similarity matrix, where Si j captures the affinity

between zi and z j, and Rk(zi) represents the k-nearest neighbors of zi. This minimization is

equivalent to the following trace minimization problem:

min
W

tr(WT Z(∆∆∆−S)ZT W) s.t. WT Z∆∆∆ZT W = 1 (8.2)

The constraint is introduced to avoid degenerate solutions. Here, ∆∆∆ = diag[∆ii] is a diagonal

matrix with entries ∆ii = ∑
N
j=1 Si j, and (∆∆∆−S) corresponds to the graph Laplacian. Typically, S

is computed using a Gaussian kernel over Euclidean distances:

Si j = f1(zi,z j) =

exp
(
−∥zi−z j∥2

τ

)
, z j ∈Rk(zi)

0, otherwise
(8.3)
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The kernel parameter τ controls the scale of similarity. Minimizing the objective ensures that

in the reduced space, the similarity between projected points yi and y j matches with their

high-dimensional counterparts, as well. This leads to the generalized eigenvalue problem:

Z(∆∆∆−S)ZT W = λZ∆∆∆ZT W (8.4)

Assuming Z∆∆∆ZT is invertible, it can simplified as:

(Z∆∆∆ZT )−1Z(∆∆∆−S)ZT W = λW (8.5)

By solving this, the eigenvalues λi and the corresponding eigenvectors ωωω i are obtained, which

are then used to construct the projection matrix W.

In OLPP, the dataset Z is first transformed using PCA to remove null-space components.

The PCA matrix WPCA ensures uncorrelated projected features and maintains matrix rank.

Here, the orthogonal basis is defined as:

W(k−1) = [ωωω1,ωωω2, . . . ,ωωωk−1] (8.6)

B(k−1) = [W(k−1)]T (Z∆∆∆ZT )−1W(k−1) (8.7)

The first orthogonal basis vector ω̂ωω1 is computed from the minimum eigenvalue of

(Z∆∆∆ZT )−1Z(∆∆∆−S)ZT . Subsequent vectors ω̂ωωk (k = 2,3, . . . ,d) are derived using:

M(k) =
{

I− (Z∆∆∆ZT )−1W(k−1)[B(k−1)]−1[W(k−1)]T
}
(Z∆∆∆ZT )−1Z(∆∆∆−S)ZT (8.8)

Eigenvectors of M(k) yield the orthogonal projection matrix Ŵ = [ω̂ωω1,ω̂ωω2, . . . ,ω̂ωωd], and the final

projection matrix becomes WOLPP = WPCAŴ. The reduced feature matrix is then given by

Y = WT
OLPPZ.

8.3.2 Similarity Kernels across Multiple Manifold Spaces

To determine an effective set of projection vectors ωωω and ultimately obtain an informative

low-dimensional embedding Y = [y1,y2, . . . ,yN ] ∈ Rd×N , selecting an appropriate similarity

matrix S is of utmost importance. This matrix governs how local structural relationships

among samples are retained during projection, typically by encouraging nearby points to

remain close and distancing dissimilar points. This work employs three distinct similarity

kernels constructed from different underlying manifolds: Euclidean space, Euler space, and

the Grassmann manifold. These representations capture complementary aspects of spatial,
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directional, and subspace-level affinities among EMG signal vectors. These are explained below

in detail.

1) Euclidean Domain: In most conventional approaches, similarity matrices are computed

using Euclidean distances. As previously discussed, the spatial distance between zi and z j in

the Euclidean space is defined as:

f1(zi,z j) = ∥zi− z j∥2
2 (8.9)

This kernel emphasizes spatial proximity in the Euclidean domain and is typically applied to

the k-nearest neighbors in LPP-based formulations. It captures the squared ℓ2 norm between

two data points, which is effective for measuring distances in flat, linear spaces. However, this

measure can be sensitive to variations in scale and noise, and may fail to capture the underlying

geometric structure when the data resides on a curved or nonlinear manifold. To overcome these

limitations, alternative similarity formulations have been explored.

2) Euler Domain: Euclidean-based formulations tend to be sensitive to data irregularities

and noise [62]. In these scenarios, incorporating directional information becomes crucial to

differentiate between classes more effectively while mitigating the influence of outliers. With

sample vectors zi,z j ∈ RD, in the Euler domain, the cosine-based similarity is defined as:

f2(zi,z j) = D−
D

∑
p=1

cos
(
νπ(ẑi(p)− ẑ j(p))

)
(8.10)

Here, ẑi and ẑ j are ℓ2-normalized representations of the respective vectors, with their p-th

components denoted as ẑi(p) and ẑ j(p). The scalar ν > 0 controls the frequency scaling

in the cosine operation and modulates the impact of outlier-induced large distances [144].

Functionally, this formulation corresponds to Andrew’s M-estimate, which is known for its

robust correlation scheme in matching problems [62]. From a complex number standpoint,

Equation (8.10) can be equivalently rewritten as:

f2(zi,z j) =
∥∥ci− c j

∥∥2 (8.11)

where the complex-valued vectors ci and c j are defined as:

ck =
1√
2

exp(iνπ ẑk)

This transformation embeds each normalized vector into the Euler space, allowing the

Euler-based similarity to be interpreted as the squared Euclidean distance between these

complex embeddings.

176



Chapter 8. Uncertainty-aware Bayesian Model Averaging in OLPP

3) Grassmannian Domain: While the Euclidean space provides a flat, coordinate-based

geometry, suitable for conventional data structures, it does not capture the curvature inherent

in more complex manifolds. To extend the LPP graph construction to a Riemannian context,

data points are embedded into symmetric matrix spaces via the Grassmann manifold, which

is well-suited to preserve local relationships in higher-order geometries [145]. Given zi and

z j in RD, the corresponding Grassmann manifold G(p,D) is defined as the space containing

all p-dimensional subspaces embedded within RD, where 0 ≤ p ≤ D. For p = 0, the manifold

degenerates to the Euclidean space, while p = 1 represents the set of all lines through the origin.

A mapping from the Grassmann manifold to symmetric matrix space (SMS) is given as:

Ω : G(p,D)→ SMS(D), Ω(zi) = zizT
i (8.12)

The corresponding Grassmannian distance between zi and z j is then computed as:

f3(zi,z j) =

{
1
2

∥∥Ω(zi)−Ω(z j)
∥∥2

2

}1/2

(8.13)

To provide visual insight into how each kernel models similarity information, 50 EMG samples

are selected at random, and their respective weight matrices; computed using Euclidean, Euler,

and Grassmannian measures, are illustrated in Fig. 8.1.

8.3.3 Bayesian Model Averaging with Uncertainty Measure

Bayesian model averaging (BMA) serves as an effective strategy for ensemble learning, where

predictions from multiple models are combined to enhance classification accuracy. It offers a

principled probabilistic framework that assigns weights to each model’s output based on how

likely it is, given the observed data. Let Ddenote the available dataset, and let {H1,H2, . . . ,Hn}

represent a set of candidate models. The posterior probability of a specific model Hi given the

dataset D is computed using Bayes’ theorem as:

P(Hi|D) =
P(D|Hi) ·P(Hi)

P(D)
(8.14)

Here, P(D|Hi) is the likelihood of the data under model Hi, and P(Hi) is the prior belief in that

model, while P(D) is the marginal likelihood used for normalization. Suppose each model Hi

yields a prediction ŷi for a data instance. Then, the overall BMA prediction is a weighted sum
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(a) (b)

(c)

Figure 8.1: Visualization of similarity matrices derived from 50 randomly selected EMG

samples using three different geometrical representations: (a) Euclidean-based kernel, (b) Euler

domain kernel, and (c) Grassmannian manifold kernel.

of these predictions:

ŷfinal =
n

∑
i=1

P(Hi|D) · ŷi (8.15)

In the present study, the models H1, H2, and H3 correspond to the similarity kernels derived from

Euclidean, Euler, and Grassmannian domains, respectively. Their classification accuracies,

denoted as α1, α2, and α3, are used to estimate the likelihoods P(D|Hi). Assuming all models

are equally probable a priori, the posterior reduces proportionally to the likelihood:

ŷfinal ∝

n

∑
i=1

P(D|Hi) · ŷi (8.16)
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Algorithm 8.1 Uncertainty-aware Bayesian Model Averaging-based OLPP (UaBMA-OLPP)
Input: EMG dataset Z, Gaussian kernel parameters τ1, τ2, τ3, uncertainty parameters µi, σi for

each model Hi

Output: Low-dimensional embedded feature matrix Y
STEP-1 Apply PCA to the input dataset Z to eliminate null-space components and retain

meaningful variation.

STEP-2 Construct the spatial similarity matrix S f1 using the Euclidean kernel with parameter

τ1.

STEP-3 Compute the Euler similarity matrix S f2 using complex cosine-based embedding with

kernel parameter τ2.

STEP-4 Derive the Grassmannian similarity matrix S f3 using the subspace projection kernel

with parameter τ3.

STEP-5 Estimate the likelihood values P(α|Hi) using a Gaussian distribution N(µi,σ
2
i ) for

each model’s observed accuracy α , using Equation (8.18).

STEP-6 Compute the weighted posterior P(Hi|α) for each model using the Bayesian inference

given in Equation (8.14).

STEP-7 Generate the final fused similarity matrix as a weighted combination: Ŝ =

∑
3
i=1 P(α|Hi) ·S fi .

STEP-8 Apply OLPP using the fused similarity matrix Ŝ to compute the projection matrix

WOLPP.

STEP-9 Project the dataset: Y = WT
OLPPZ.

STEP-10 Return the reduced-dimensional feature matrix Y.

Now, to construct a fused similarity matrix Ŝ, the BMA formulation is applied to the three

kernels as follows:

Ŝ = P(α|H1) ·S f1 +P(α|H2) ·S f2 +P(α|H3) ·S f3 (8.17)

Here, P(α|Hi) denotes the likelihood of achieving a specific classification accuracy α under

model Hi. The primary goal of Bayesian model averaging (BMA) is to generate a weighted

combination of multiple models in a way that enhances the overall classification performance

of the ensemble.

To achieve this, the likelihoods corresponding to accuracy values from different models,

denoted as P(α|Hi), are estimated using a framework that accounts for uncertainty in

performance. This uncertainty-aware modeling approach evaluates the confidence associated
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with each model’s classification accuracy (or other relevant performance indicators) during

the integration process, such as when aggregating similarity weight kernels. Instead of

considering accuracy as a fixed scalar value, the method incorporates uncertainty by treating

it as a random variable, allowing for a more realistic representation of potential fluctuations in

performance. The effectiveness of each similarity kernel, representing a Bayesian hypothesis

model, is not treated deterministically but is acknowledged as being susceptible to variation.

Such variation may arise due to factors like limited training data, the presence of noise, or

differences introduced by cross-validation procedures. To reflect this uncertainty, accuracy

metrics are modeled as stochastic variables rather than constants. To capture the inherent

variability in performance, statistical distributions, such as the beta or Gaussian distribution

can be employed. In this work, the uncertainty around model performance is captured using the

normal distribution, which serves as the basis for computing likelihoods associated with each

accuracy score, as detailed below.

P(α|Hi) ∝ P(α)∼N(µi,σ
2
i ) (8.18)

where µi and σi denote the empirical mean and standard deviation of the accuracy for model

Hi. By incorporating these distributions into the likelihood estimation, the BMA framework

becomes sensitive to confidence levels associated with each kernel. This uncertainty-aware

formulation helps to account for performance variability, making the combined similarity kernel

Ŝ more robust and reliable. For a clearer understanding, the comprehensive steps of the

UaBMA-OLPP approach are detailed in Algorithm 8.1.

8.4 Experimental Results and Discussion

During the experimentation phase, sEMG signals have been collected from a total of 25

volunteers. Each participant has portrayed 10 distinct hand gestures across two separate

recording sessions, as previously mentioned in Section 7.4 of Chapter 7. The entire dataset

has been partitioned randomly using a 70 : 30 train-test split. Using the training set, the

similarity matrices S f1 , S f2 , and S f3 , as well as the aggregated kernel Ŝ, have been computed

based on the proposed UaBMA scheme. The orthogonal basis vectors have then been derived

through UaBMA-OLPP, to perform the data projection. Fig. 8.2 displays the first six principal

orthogonal basis vectors obtained using UaBMA-OLPP. These eigenvectors have been arranged
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Figure 8.2: Visualization of the six most significant eigenvectors derived using the proposed

UaBMA-OLPP method for dimensionality reduction.

Figure 8.3: Polar plot illustrating the performance of different dimensionality reduction

methods, where the angular axis indicates the number of eigenvectors and the radial axis

corresponds to classification accuracy.

in order of their energy significance, highlighting the directions that most effectively preserve

the intrinsic local structure of the dataset.

Determining the optimal number of eigenvectors for maximizing classification

performance is non-trivial, as it involves a balance between two conflicting factors. Utilizing

too few eigenvectors may result in the loss of critical information, while using too many can

lead to overfitting and increased complexity due to the curse of dimensionality. To examine
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(a) (b)

Figure 8.4: Two-dimensional t-SNE visualization of EMG data: (a) Representation in

the original high-dimensional feature space, and (b) Corresponding distribution in the

low-dimensional embedded space after projection.

this trade-off, a comparative study has been conducted involving the proposed UaBMA-OLPP

and existing approaches such as LPP [7], OLPP [9], ALPR-OLPP [70], LPP_SGE [146],

and HC-OLPP [16]. The variations in classification accuracy with respect to the number of

principal eigenvectors are illustrated in Fig. 8.3 using a polar plot. This plot reveals distinct

optimal dimensionalities for different DR methods, indicating diverse mechanisms of local

structure preservation. The EMG feature spaces before and after projection are visualized using

t-distributed stochastic neighbor embedding (t-SNE) in Fig. 8.4. It can be observed that the

UaBMA-OLPP projection enhances both discriminability and class separability.

The low-dimensional features have been classified using both KNN and SVM classifiers.

While both models have achieved commendable results, SVM has slightly surpassed KNN

in terms of accuracy. Therefore, subsequent performance analyses presented in this chapter

are based on the SVM classifier. Table 8.1 summarizes the classification accuracy, sensitivity,

precision, and F1-score for all evaluated techniques. The property of orthogonality of the basis

vectors has significantly contributed to performance improvements, and further advancement

has been achieved through the fusion of multiple kernel weights. Table 8.2 reports the error

metrics including the false positive rate (FPR), false rejection rate (FRR), equal error rate

(EER), and false discovery rate (FDR). The proposed approach exhibits the lowest EER among

the competitors, indicating a more balanced classifier with reduced misclassification for both

positive and negative instances. Fig. 8.5 presents the confusion matrix for the proposed

UaBMA-OLPP followed by SVM classification, further illustrating its robust performance

across individual classes.
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Table 8.1: COMPARISON OF CLASSIFICATION PERFORMANCE OF VARIOUS

DIMENSIONALITY REDUCTION TECHNIQUES USING ACCURACY, SENSITIVITY,

PRECISION, AND F1-SCORE

Method Accuracy Sensitivity Precision F1-Score

LPP 81.73 81.60 82.44 82.02

OLPP 84.15 84.08 84.61 84.34

ALPR-LPP 82.67 82.54 83.35 82.94

ALPR-OLPP 85.58 85.41 86.18 85.79

LPP_SGE 84.41 84.22 84.91 84.56

HC-LPP 85.36 85.29 85.86 85.57

HC-OLPP 87.27 87.13 87.77 87.45

UaBMA-OLPP 88.50 88.42 89.18 88.79

Table 8.2: COMPARISON OF CLASSIFICATION PERFORMANCE OF VARIOUS

DIMENSIONALITY REDUCTION TECHNIQUES IN TERMS OF ERROR METRICS FPR,

FRR, EER, AND FDR

Method FPR FRR EER FDR

LPP 10.02 18.40 11.65 17.57

OLPP 8.14 15.92 10.26 15.39

ALPR-LPP 9.93 17.46 10.72 16.64

ALPR-OLPP 6.61 14.59 7.15 13.81

LPP_SGE 7.77 15.78 9.71 15.09

HC-LPP 6.65 14.71 7.39 14.14

HC-OLPP 4.43 12.87 4.72 12.23

UaBMA-OLPP 3.27 11.58 3.56 10.82

Moreover, performance of the proposed technique has been further evaluated using three

subsets of the publicly available NinaPro DB1 dataset, comprising recordings from 27 subjects

[147], [128]. The NinaPro subsets DB1-E1, DB1-E2, and DB1-E3 consist of 12 unique finger

movement tasks, 17 varied isometric and isotonic hand postures, and 23 different grasping and
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Figure 8.5: Confusion matrix resulting from SVM classification using features extracted via the

proposed UaBMA-OLPP dimensionality reduction method.

functional motion exercises, respectively. A comparative study of the proposed method against

several state-of-the-art dimensionality reduction techniques is reported in Table 8.3. It can be

observed that UaBMA-OLPP has consistently outperformed all competing methods across all

four evaluated datasets.

8.5 Summary

This study introduced a novel manifold-inspired framework for recognizing hand movements

using surface EMG signals. The experimental findings across different categories of gestures

and grasping motions validate the efficiency of the proposed method. The broader applicability

of such a system is evident in two major domains: (i) intelligent healthcare, prosthetic systems,

and rehabilitation technologies, and (ii) robotic systems, particularly in translating human

hand gestures into robotic commands for executing complex or heavy-duty operations. The

approach builds upon an augmented version of orthogonal locality preserving projections
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Table 8.3: RECOGNITION ACCURACY ACROSS NINAPRO DB1 SUBSETS AND FULL

DATASET

Method DB1-E1 DB1-E2 DB1-E3 DB1 Overall

LPP 86.12 85.23 82.24 83.61

OLPP 91.31 91.63 88.15 86.54

ALPR-LPP 89.43 88.56 87.33 85.25

ALPR-OLPP 93.79 92.60 90.23 88.12

LPP_SGE 92.22 92.74 89.83 89.33

HC-LPP 94.16 93.85 90.05 91.90

HC-OLPP 95.89 95.52 92.45 93.10

UaBMA-OLPP 97.18 96.68 94.47 94.75

by incorporating a Bayesian model averaging strategy, to fuse multiple similarity kernels

derived from diverse geometric representations. A fundamental principle behind LPP-based

dimensionality reduction techniques lies in preserving local neighborhood relationships within

high-dimensional feature spaces. Identifying the most appropriate geometric domain for

effectively capturing this locality information has remained a pertinent research topic. This

work attempted to bridge existing research gaps by proposing an adaptive, uncertainty-aware

similarity modeling scheme that integrates contributions from both Euclidean and Riemannian

geometrical frameworks.

Unlike the relatively straightforward distance computations in Euclidean spaces,

measuring similarities within Riemannian manifolds, often involves complex and non-trivial

formulations. Numerous advanced distance learning methods in Riemannian geometry exist

and may offer more effective means of uncovering the intrinsic structure of data distributions.

Exploring such sophisticated similarity metrics in manifold spaces presents a promising future

direction, as highlighted by the insights gained from this research. Furthermore, there remains

a need for developing more robust techniques, capable of maintaining reliable performance

under challenging conditions—such as in the presence of sensor noise or variability in signal

acquisition.
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Chapter 9

Robust Possibilistic Neighborhood-based

Spatial Graph Modeling in Orthogonal

LPP

9.1 Introduction

S urface electromyography (sEMG) signals, which capture muscle activity through

non-invasive electrodes, have gained considerable attention in recent years for their utility

in prosthetic hand control, motor rehabilitation, and human-machine interface (HMI). These

signals encapsulate neuromuscular dynamics and are capable of providing insight into voluntary

motion intentions, enabling intuitive gesture-based control for assistive technologies. However,

the intrinsic variability of sEMG, caused by inter-subject physiological differences, electrode

displacement, muscle fatigue, and sensor-induced noise; poses substantial challenges to the

reliability of gesture recognition systems [54]. Moreover, the high dimensionality of sEMG

features often hampers real-time processing and robust classification, thereby necessitating

effective dimensionality reduction (DR) operations.

Locality Preserving Projections (LPP) and its orthogonal variant (OLPP) have been

extensively adopted for their ability to capture the intrinsic local geometric structure of data,

thereby offering richer representation in reduced-dimensional subspaces. OLPP enforces

orthogonality among the projection vectors, ensuring linear independence and reducing feature

redundancy, which leads to improved numerical stability and more interpretable subspace

representations [9]. However, the construction of its similarity graph traditionally relies on

Euclidean distance-based kernels. These similarity measures are particularly sensitive to noise

and outliers, often degrading the projection quality in non-ideal settings such as real-world
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EMG recording environments.

To overcome these limitations, this chapter introduces a robust and adaptive spatial

graph learning technique named Robust Possibilistic Neighborhood Graph (RPNG) inside

the framework of OLPP. The proposed method augments OLPP by integrating an adaptive

graph formulation scheme, which makes use of possibilistic similarity learning rather than

probabilistic affinity assumptions. By eliminating the sum-to-one constraint imposed in

conventional adaptive neighbor graphs, the model avoids bias in neighborhood relationships

caused by noisy observations. Furthermore, a row-sparsity inducing ℓ2,1 norm constraint [70] is

imposed on the projection matrix to automatically suppress irrelevant or weakly discriminative

features, enhancing both robustness and interpretability.

This robust DR framework is evaluated using a customized, laboratory-acquired sEMG

dataset under both normal and noisy conditions and benchmark NinaPro data. Comparative

analyses with multiple baseline DR techniques demonstrate the superior recognition

performance and resilience of the RPNG-OLPP approach. The method holds significant

potential for real-world applications in prosthetic limb control, rehabilitation robotics, and

gesture-driven HMI systems, particularly under adverse signal acquisition conditions.

9.2 Background and Motivation

Adaptive graph construction techniques have been extensively explored in recent years to

improve neighborhood-based modeling in unsupervised and semi-supervised learning tasks.

Among these, the Adaptive Neighbor Graph (ANG) model [59] presents an important

advancement by learning data similarity and neighborhood relationships in a unified framework.

In ANG, the similarity between data points is computed based on their local distances, with the

constraint that the weights assigned to neighbors must sum to one. Although this probabilistic

formulation ensures normalized affinities, it introduces a significant limitation—outliers or

noisy samples may inadvertently receive high similarity scores due to the sum-to-one constraint,

thus compromising graph fidelity.

To overcome this issue, the Possibilistic Neighborhood Graph (PNG) model [60]

eliminates the normalization constraint and instead introduces a possibilistic regularization

mechanism. This shift allows each data point to determine its neighbors independently
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without being influenced by the presence of noise or outliers, thereby resulting in more

reliable similarity estimation. Despite this improvement, PNG does not incorporate an explicit

mechanism for enforcing sparsity in the learned representation. Consequently, the projection

subspace may still be contaminated with redundant or weakly informative features, reducing

both efficiency and discriminative power [148]. Another limitation of PNG, lies in its inability

to account for feature relevance during projection. All features are treated equally, which

limits the model’s ability to emphasize more discriminative components. As a result, there

is no interpretability-driven constraint to guide the selection of informative features, which is

essential for robust and transparent decision-making.

To address these gaps, this work introduces the Robust Possibilistic Neighborhood Graph

(RPNG) model, which incorporates an ℓ2,1 norm-based regularization on the projection matrix.

This formulation enforces row-wise sparsity, enabling the model to suppress the contribution of

irrelevant or noisy features while retaining the most informative ones [70]. The minimization

of the ℓ2,1 norm results in the shrinking of rows associated with less useful features, effectively

filtering them out from the learned representation. This not only enhances the robustness of

the graph construction process but also improves interpretability, as the non-zero rows of the

projection matrix correspond directly to features with high discriminative importance.

The integration of this sparsity-inducing mechanism into the possibilistic graph learning

framework marks a significant step toward adaptive, noise-resilient, and semantically

meaningful dimensionality reduction; particularly suited for high-variability data such as

surface EMG signals used in human-machine interface scenarios.

9.3 Proposed Methodology

The proposed RPNG-OLPP framework is designed to achieve robust subspace learning and

neighborhood graph construction for high-dimensional and noise-prone datasets such as surface

EMG signals. The methodology combines the strengths of Orthogonal Locality Preserving

Projection (OLPP) and Robust Possibilistic Neighborhood Graph (RPNG) to address key

challenges in feature redundancy, noise sensitivity, and local structure preservation. In this

scheme, OLPP is employed to obtain orthogonal projection vectors that preserve the intrinsic

local geometry of the data, while ensuring linear independence and reducing redundancy
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among the features in the projected space. Simultaneously, the RPNG model constructs an

adaptive similarity graph by incorporating possibilistic weighting and sparsity constraints,

thereby enhancing resilience against outliers and irrelevant features. The following subsections

present detailed descriptions of the OLPP-based projection and the RPNG-driven similarity

graph learning, which together form the core of the RPNG-OLPP dimensionality reduction

approach.

9.3.1 OLPP-Based Low-Dimensional Projection

Orthogonal Locality Preserving Projection (OLPP) is a linear manifold-inspired learning

technique that aims to retain the local neighborhood structure of high-dimensional data while

ensuring orthogonality among the projection vectors. This orthogonality facilitates decorrelated

feature extraction and enhances numerical stability. In this chapter, OLPP serves as the

foundational projection scheme onto which the robust similarity structure, learned via the

proposed RPNG model is applied. A comprehensive explanation of the OLPP formulation,

including its mathematical derivation and graph-based embedding mechanism, has already

been provided in Section 8.3.1 of Chapter 8. However, for consistency of notation and ease

of reference, the essential mathematical expressions associated with OLPP are briefly outlined

here. Let the input dataset be denoted as X = [x1,x2, . . . ,xm] ∈ RD×m, where each xi ∈ RD

represents a high-dimensional data sample. The goal of OLPP is to compute a projection matrix

P = [p1,p2, . . . ,pd] ∈RD×d such that the projected data U = PT X preserves the local geometric

structure encoded in a similarity graph. The locality preserving objective function is formulated

by minimizing the weighted pairwise distance:
m

∑
i=1

∑
x j∈Nk(xi)

∥PT xi−PT x j∥2
2 ·ωi j (9.1)

where ωi j denotes the similarity weight between xi and x j, and Nk(xi) represents the k-nearest

neighbors of xi. The above objective can be reformulated in matrix form as:

min
PT XLXT P=1

tr(PT XLXT P) (9.2)

where L = ΛΛΛ−ΩΩΩ is the graph Laplacian, ΩΩΩ = [ωi j] is the similarity matrix, and ΛΛΛ is a

diagonal matrix with entries Λii = ∑ j ωi j. In its standard formulation, the similarity matrix

ΩΩΩ is constructed using a Gaussian kernel that relies entirely on the Euclidean distance between
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pairs of data points, and is defined as:

ωi j = dist(xi,x j) =


exp

(
−
∥xi−x j∥2

2
ξ

)
, if x j ∈Nk(xi)

0, otherwise
(9.3)

The parameter ξ significantly influences the strength of the similarity weights by controlling

how strongly nearby points are connected. Given the matrix ΩΩΩ, minimizing the objective

function defined in Equation (9.1), ensures that the projected points ui = PT xi and u j = PT x j

maintain their relative proximity in the embedded space, preserving the neighborhood structure

of the original high-dimensional data. The remaining details of the orthogonal basis vector

formulation can be found in Section 8.3.1 of Chapter 8.

These core notations and formulations are directly leveraged in the RPNG-based graph

modeling introduced in the subsequent subsection.

9.3.2 Robust Possibilistic Neighborhood Graph

Conventional dimensionality reduction techniques that rely on graph-based models often use

Euclidean distance to compute similarity. However, such metrics are particularly susceptible

to noise and outliers, which is a common issue in complex biomedical signals like EMG that

are inherently nonstationary and contain multiple components. This makes it challenging to

effectively capture the underlying temporal and spectral variations of the signal using static

distance-based similarity measures. To address these limitations, adaptive methods that learn

the similarity graph from the data have become more favorable. In the adaptive neighborhood

graph (ANG) approach, similarity between data samples is modeled as a probability distribution

based on their distance in a lower-dimensional space. The corresponding optimization problem

is formulated as [59]:

min
ΩΩΩ,P ∑

i
∑

j
ωi j∥PT xi−PT x j∥2

2 +α ·T(ΩΩΩ)

s.t. 0≤ ωi j ≤ 1, ωωω i1T = 1, PT XMXT P = I

(9.4)

In this objective, the dissimilarity between samples is quantified by their Euclidean distance

in the projected space. 1 represents a unity row vector of length m. The term T(ΩΩΩ) typically

denotes the Frobenius norm of the similarity matrix, and α serves as a regularization parameter

to control its influence. The Frobenius norm is incorporated as a regularization term to avoid

191



Chapter 9. Robust Possibilistic Neighborhood Graph in OLPP

degenerate or trivial solutions. The constraint PT XMXT P = I is employed to retain the

discriminative characteristics of the data, particularly when M is defined as I − 1
n1T 1. The

ANG framework is capable of mitigating the adverse influence of redundant features, making it

suitable for processing high-dimensional data. The normalization constraint ωi1T = 1 ensures

that all similarity weights assigned to a given point, sum to one. However, this sum-to-one

constraint often leads to biased weights, especially when dealing with noisy or irrelevant

neighbors. Moreover, if the regularization parameter α is chosen too large, the resulting

similarity scores across neighbors may become too uniform, reducing the discriminative

capability of the graph.

To overcome these issues, the Possibilistic Neighborhood Graph (PNG) replaces the

sum-to-one normalization with a possibilistic regularization term defined as ψ(ωi j) = (1−

ωi j)
r, where r > 1 is referred to as possibilistic exponent. This possibilistic formulation allows

each similarity score to be optimized independently, free from the constraint of influencing or

being influenced by other neighbors. The revised optimization objective for PNG becomes:

min
ΩΩΩ,P ∑

i

 ∑
x j∈Nk(xi)

ωi j∥PT xi−PT x j∥2
2 +αi ·ψ(ωi j)


s.t. 0≤ ωi j ≤ 1, PT XMXT P = I

(9.5)

Here, Nk(xi) denotes the k-nearest neighbors of the point xi. To determine the balance parameter

αi, the locality of samples around a data point xi is considered, which allows the diversity of

the neighborhood for each sample. The parameter αi is adaptively computed as [141]:

αi = max
j

{∥∥PT xi−PT x j
∥∥2

2

∣∣∣ x j ∈Nk(xi)
}

(9.6)

Although PNG provides a more robust similarity model by eliminating the probabilistic

normalization, it lacks an explicit mechanism to enforce sparsity in the feature space. As

a result, irrelevant or noisy features may still be retained in the learned low-dimensional

subspace. Furthermore, since PNG treats all input features equally during the projection

process, it cannot effectively highlight the more discriminative ones. The absence of a dedicated

interpretability-promoting constraint also limits the model’s ability to isolate and retain only the

most important features.

To address these limitations, this work introduces a sparsity constraint based on the ℓ2,1

norm, which is applied directly to the projection matrix P. This norm promotes row-wise

sparsity, thereby allowing the model to selectively emphasize more informative features while
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suppressing the less relevant ones. The ℓ2,1 norm is defined as ∥P∥2,1 = ∑
D
i=1 ∥pi,:∥2, where

D is the original feature dimension and pi,: denotes the i-th row of P [70]. By minimizing

this norm, the rows of the projection matrix associated with non-informative or noisy features,

are pushed to shrink toward zero. This ensures that such features contribute minimally, to the

final projection, thereby improving robustness and feature selection. In addition, the sparsity

induced by this regularization term enhances the interpretability of the model by identifying

and retaining only the most discriminative features. With this enhancement, the final objective

function for the proposed Robust Possibilistic Neighborhood Graph (RPNG) is expressed as:

min
ΩΩΩ,P

m

∑
i=1

 ∑
x j∈Nk(xi)

ωi j∥PT xi−PT x j∥2
2 +αi ·ψ(ωi j)+λ∥P∥2,1


s.t. 0≤ ωi j ≤ 1, PT XMXT P = I

(9.7)

Here, λ > 0 is a regularization parameter that balances the trade-off between locality

preservation and sparsity in feature selection. This optimization problem is jointly convex

in both ΩΩΩ and P, and needs to be solved using an alternating minimization strategy [60].

Consequently, it is solved by considering one variable at a time as given below.

1) Optimizing ΩΩΩ while Keeping P Fixed

When the projection matrix P is kept constant, the optimization problem in Equation (9.7)

simplifies to:

min
ΩΩΩ

m

∑
i=1

 ∑
x j∈Nk(xi)

ωi j
∥∥PT xi−PT x j

∥∥2
2 +αi ·ψ(ωi j)

 s.t. 0≤ ωi j ≤ 1 (9.8)

Based on the approach in [60], a closed-form expression for ωi j can be derived as:

ω
∗
i j =

1−
(h

r

) 1
r−1 , if x j ∈Nk(xi)

0, otherwise
(9.9)

Here, the term h is defined as h =
∥PT xi−PT x j∥2

2
αi

, which lies in the interval [0,1] and remains

unaffected by the optimization variable ΩΩΩ. Once the values of ωi j are computed, the similarity

matrix is symmetrized and updated as ΩΩΩ = 1
2(ΩΩΩ+ΩΩΩT ). In this stage, the effect of the sparsity

constraint does not reflect, since the optimization step for ΩΩΩ is independent of P which includes

the ℓ2,1 term.
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2) Optimizing P while Keeping ΩΩΩ Fixed

With ΩΩΩ held constant, the objective becomes:

min
PT XXT P=I

m

∑
i=1

∑
x j∈Nk(xi)

ωi j
∥∥PT xi−PT x j

∥∥2
2 +λ∥P∥2,1 (9.10)

Here, the matrix M is assumed to be an identity matrix I [60]. Using standard linear algebraic

reformulation, the first term is equivalently written as 2 · tr(PT XLXT P), where L = ΛΛΛ−ΩΩΩ

represents the graph Laplacian constructed from ΩΩΩ. Consequently, the problem reduces to the

following optimization form:

min
PT XXT P=I

tr(PT XLXT P)+
λ

2
∥P∥2,1 (9.11)

The first term, tr(PT XLXT P), ensures the neighborhood structure is preserved in the embedded

space by optimizing the weighted distances, while the second term introduces sparsity by

penalizing irrelevant features through the ℓ2,1 norm. The orthogonality constraint PT XXT P = I

avoids trivial solutions by enforcing decorrelation among the projected features. To facilitate

optimization, the ℓ2,1 norm of the projection matrix is expanded as:

∥P∥2,1 =
D

∑
i=1

d

∑
j=1

√
p2

i j (9.12)

Here, D and d denote the dimensionality of the original feature space and the projected feature

space, respectively. An auxiliary diagonal matrix ∆∆∆ is introduced, with entries defined as

∆ii =
1

∥pi,:∥2
. With this auxiliary matrix, the sparsity regularizer is reformulated as tr(PT∆∆∆P).

Subsequently, Equation (9.11) can be equivalently expressed as:

min
PT XXT P=I

tr
(

PT
(

XLXT +
λ

2
∆∆∆

)
P
)

(9.13)

This expression given above can be reformulated as a generalized eigenvalue problem, by

defining J = XLXT + λ

2 ∆∆∆. With this, the optimization task reduces to:

min
PT XXT P=I

tr(PT JP) (9.14)

This minimization is equivalent to solving the following generalized eigenvalue problem:

Jv = µ(XXT )v (9.15)

Here, the set {vi}n
i=1 represents the eigenvectors, and the corresponding eigenvalues are denoted

by {µi}n
i=1. Using this approach, eigenvectors are computed for the matrix product (XXT )−1J.

From this set, the d eigenvectors associated with the smallest eigenvalues are selected, and these

form the projection matrix, specifically, the columns of P. To help in understanding the overall
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Algorithm 9.1 Robust Possibilistic Neighborhood Graph (RPNG)
Input: EMG dataset X ∈ RD×m, initial similarity matrix ΩΩΩ0, reduced dimension d,

neighborhood size k, possibilistic exponent r, regularization weight λ

Output: Final adaptive robust similarity matrix ΩΩΩ∗

STEP-1 Initialize the auxiliary diagonal matrix: ∆∆∆0 = I ∈ RD×D.

STEP-2 Compute the initial OLPP diagonal matrix ΛΛΛ0 from ΩΩΩ0 and Laplacian matrix L0 =

ΛΛΛ0−ΩΩΩ0.

STEP-3 Formulate the matrix: J0 = XL0XT + λ

2 ∆∆∆0.

STEP-4 Solve the generalized eigenvalue problem: J0v = µ(XXT )v.

STEP-5 Select d eigenvectors corresponding to the smallest eigenvalues to form the initial

projection matrix P0.

STEP-6 Repeat until convergence:

STEP-6.1 Update ΩΩΩ:

• For each data point xi, find k-nearest neighbors: Nk(xi).

• Compute αi = max j

{∥∥PT xi−PT x j
∥∥2

2

∣∣∣ x j ∈Nk(xi)
}

.

• For each neighbor x j, compute h =
∥PT xi−PT x j∥2

2
αi

and update: ωi j = 1−
(h

r

) 1
r−1

STEP-6.2 Symmetrize the similarity matrix: ΩΩΩ = 1
2(ΩΩΩ+ΩΩΩT ).

STEP-6.3 Update P:

• Update ∆∆∆ using ∆ii =
1

∥pi,:∥2
.

• Recompute ΛΛΛ, L, and update J = XLXT + λ

2 ∆∆∆.

• Solve Jv = µ(XXT )v and compute the updated projection matrix P.

STEP-7 Return the final similarity matrix: ΩΩΩ∗.

procedure, the full RPNG-OLPP algorithm is presented in Algorithm 9.1.

9.4 Experimental Results and Discussion

This study has involved the recording of EMG signals from a group of 25 volunteers performing

ten different hand gestures and muscular movements, conducted across two distinct recording

sessions. Comprehensive details of this dataset can be found in Section 7.4 of Chapter 7. To
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(a) (b)

(c) (d)

Figure 9.1: 3D representation of the low-dimensional embeddings obtained from the original

high-dimensional EMG data using the dimensionality reduction techniques: (a) ALPR-OLPP,

(b) LPP_SGE, (c) HC-OLPP, and (d) the proposed RPNG-OLPP.

remove unwanted electrical interference, a notch filter centered at the power line frequency has

been applied to the recorded signals. Following this, mean value subtraction has been performed

to eliminate baseline drift from the EMG signal recordings. For evaluation purposes, the dataset

has been randomly partitioned into training and testing sets in a 70 : 30 ratio. Using these

processed EMG data, a robust and adaptively learned similarity graph has been constructed

through the proposed RPNG method. Subsequently, Orthogonal Locality Preserving Projection

(OLPP) has been employed to generate the orthogonal eigenvectors and derive the projection

matrix for reducing the data dimensionality.

The effectiveness of the dimensionality reduction techniques, including ALPR-OLPP,

LPP_SGE, HC-OLPP, and the proposed RPNG-OLPP, has been visually examined using 3D

projections generated by t-distributed stochastic neighbor embedding (t-SNE), as shown in Fig.

9.1. These visualizations exhibit improved inter-class separability across all methods, with the

proposed RPNG-OLPP showing the clearest separation. This result underscores the capability

of the RPNG-OLPP framework to retain the most significant discriminative patterns within

the transformed EMG data. To statistically assess the quality of the learned low-dimensional
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Figure 9.2: Box plot illustrating the canonical correlation coefficients (CCCs) between

the original high-dimensional EMG signals and their corresponding low-dimensional

representations obtained using different dimensionality reduction methods.

Figure 9.3: Box plots showing the feature value distributions across the first eight principal

dimensions in the reduced space obtained after dimensionality reduction.

embeddings, canonical correlation analysis (CCA) has been conducted. CCA is a multivariate

technique used to analyze the relationships between two variable sets. In this context, it

serves to assess how well the structure of the original EMG signals is preserved in the reduced

space. As the canonical correlation coefficient (CCC) reflects the extent to which the projected

features maintain the original correlations; higher values imply stronger linear relationships. A

comparative CCA evaluation between RPNG-OLPP and several other baseline dimensionality

reduction methods is illustrated in Fig. 9.2.

Moreover, to examine how the RPNG-OLPP projected features are distributed across

dimensions, box plots are presented in Fig. 9.3, with each subplot representing a distinct

reduced dimension. These visualizations reflect the class-wise variability and spread in the

low-dimensional space, offering insights into how well the projection maintains discriminative
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Figure 9.4: H-statistic scores computed from the Kruskal–Wallis test for the first nine individual

dimensions in the reduced feature space.

structure among classes. To quantitatively evaluate the dimensionality reduction performance,

the Kruskal-Wallis non-parametric statistical test has been conducted on each individual

dimension. This test has been used to determine whether there are statistically significant

differences in the distributions of projected features across different gesture classes. The

computed H-statistic values for all dimensions are displayed in Fig. 9.4, where higher values

indicate greater statistical divergence among the classes. Such enhanced H-statistics imply

that the corresponding dimensions offer better separability between hand movement categories.

Conversely, dimensions with relatively lower H-statistic values suggest that the projected

features are less effective in distinguishing between classes. Thus, dimensions yielding higher

H-scores are likely to play a more impactful role in improving classification outcomes.

After dimensionality reduction, classification has been carried out using both k-nearest

neighbor (kNN) and support vector machine (SVM) classifiers. Although both classifiers

have provided competitive results, the SVM classifier has consistently yielded slightly better

performance and has been used for reporting the final classification outcomes. The detailed

results for classification accuracy, precision, and recall across different methods are listed in

Table 9.1. To further evaluate class-wise performance, receiver operating characteristic (ROC)

curves were plotted for each individual gesture class, as illustrated in Fig. 9.5, along with

their corresponding area under the curve (AUC) values. These ROC plots demonstrate the

trade-off between true positive rate (TPR) and false positive rate (FPR) at different classification

thresholds, with the average AUC achieved being 0.948. Performance analyses have also
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Table 9.1: CLASSIFICATION ACCURACY, PRECISION, AND RECALL OF DIFFERENT DR

METHODS UNDER NORMAL AND NOISY CONDITIONS

Method
Normal Condition Noise Level 1 Noise Level 2

Accuracy Precision Recall Accuracy Precision Recall Accuracy Precision Recall

LPP 81.73 82.44 81.60 70.65 71.05 70.84 64.60 64.54 64.83

OLPP 84.15 84.61 84.08 74.13 74.47 73.88 67.20 66.73 67.48

ALPR-LPP 82.67 83.35 82.54 72.45 72.77 72.81 66.41 67.20 66.75

ALPR-OLPP 85.58 86.18 85.41 76.33 76.32 77.21 70.34 69.75 69.81

LPP_SGE 84.41 84.91 84.22 77.70 77.43 77.29 70.66 70.21 70.22

HC-LPP 85.36 85.86 85.29 79.46 79.77 79.22 70.45 70.77 70.48

HC-OLPP 87.27 87.77 87.13 81.52 81.65 81.16 73.33 72.64 72.78

RPNG-LPP 86.12 86.54 86.15 80.61 80.82 80.33 72.59 71.76 71.95

RPNG-OLPP 89.85 89.83 90.36 84.18 83.68 84.55 77.31 76.94 77.66

Figure 9.5: Receiver operating characteristic (ROC) curves for each individual class along

with their corresponding area under the curve (AUC) values, obtained using the RPNG-OLPP

method combined with SVM classification.

been carried out under three different conditions: original signals (normal), and two levels

of additive zero-mean Gaussian noise—one with variance 0.05, and the other with variance

0.10. The results shown in Table 9.1 demonstrate that the RPNG-OLPP framework remains

robust across increasing noise levels, with only a modest degradation in performance. This

performance stability is attributed to the combined strength of orthogonal projection and robust

adaptive similarity modeling inherent to the RPNG-OLPP method. Additional classification

error metrics, including false acceptance rate (FAR), false negative rate (FNR), equal error rate

(EER), and false discovery rate (FDR), are depicted in Fig. 9.6 using a heatmap representation.
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Figure 9.6: Heatmap comparison of multiple state-of-the-art dimensionality reduction

techniques based on classification error metrics: false acceptance rate (FAR), false negative

rate (FNR), equal error rate (EER), and false discovery rate (FDR).

Table 9.2: RECOGNITION ACCURACY (%) OF DIFFERENT DIMENSIONALITY REDUCTION

METHODS ON BENCHMARK NINAPRO DB1 DATASET

Method DB1-E1 DB1-E2 DB1-E3 DB1 Overall

LPP 86.12 85.23 82.24 83.61

OLPP 91.31 91.63 88.15 86.54

ALPR-LPP 89.43 88.56 87.33 85.25

ALPR-OLPP 93.79 92.60 90.23 88.12

LPP_SGE 92.22 92.74 89.83 89.33

HC-LPP 94.16 93.85 90.05 91.90

HC-OLPP 95.89 95.52 92.45 93.10

RPNG-OLPP 97.52 97.10 95.32 95.35

These metrics have been evaluated for various dimensionality reduction methods, to provide

a broader perspective on classification reliability. Among all the approaches compared,

the proposed RPNG-OLPP demonstrates a significantly reduced equal error rate (EER),

suggesting a better balance between false positives and false negatives. This improved balance

indicates that RPNG-OLPP yields more consistent classification performance by minimizing

misclassification rates across both positive and negative prediction classes.

In addition to the primary dataset acquired in the laboratory, the performance evaluation
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has been further extended to the publicly available NinaPro DB1 benchmark dataset, which

includes EMG recordings from 27 individuals [128], [147]. Three different subsets of the

NinaPro DB1 dataset have been considered for analysis: DB1-E1, which includes 12 distinct

finger movements; DB1-E2, comprising 17 isometric and isotonic hand and wrist gestures;

and DB1-E3, which contains 23 grasp and functional movement classes. The classification

accuracies corresponding to these three exercise subsets, as well as the complete dataset, are

summarized in Table 9.2. The results clearly demonstrate the effectiveness of the proposed

robust RPNG-OLPP framework, which consistently surpasses other dimensionality reduction

techniques across all subsets.

9.5 Summary

This chapter presented a robust and adaptive dimensionality reduction framework—Robust

Possibilistic Neighborhood Graph integrated with Orthogonal Locality Preserving Projection

(RPNG-OLPP), tailored for surface EMG signal analysis. The method effectively addresses

limitations associated with traditional similarity graph construction and feature selection in

OLPP by incorporating a possibilistic similarity modeling approach and enforcing row-wise

sparsity through an ℓ2,1 norm regularization. This dual enhancement facilitates the suppression

of irrelevant or noisy features while retaining the most discriminative components, thus ensuring

improved interpretability and robustness in noisy and non-stationary sEMG environments.

The proposed approach was rigorously evaluated on a custom laboratory-acquired sEMG

dataset under clean and noisy conditions, as well as on the widely used benchmark NinaPro DB1

dataset. Comparative analyses against several state-of-the-art dimensionality reduction methods

demonstrated improved low-dimensional embedding and enhanced classification performance

of RPNG-OLPP. Quantitative validation through canonical correlation analysis, Kruskal-Wallis

testing, ROC-AUC curves, and multiple error metrics; including FAR, FNR, EER, and FDR,

further substantiated its effectiveness. The results consistently highlighted the model’s ability

to maintain inter-class separability, reduce misclassification, and provide robust performance

under varying acquisition conditions.

These findings underscore the potential of the RPNG-OLPP framework for deployment

in real-world biomedical applications, including gesture-driven human-machine interfaces,
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prosthetic control, and rehabilitation systems, particularly in cases where data reliability

is compromised due to sensor or environmental disturbances. Looking ahead, future

enhancements can explore the integration of metaheuristic or evolutionary optimization

strategies for an automatic tuning of graph construction parameters and sparsity constraints.

Additionally, hybrid models that integrate RPNG-OLPP with hierarchical feature extraction

frameworks or temporal pattern modeling schemes may further enhance its ability to capture

complex structures and dynamics within EMG signals. Expanding the framework’s application

to multimodal datasets, involving inertial or visual cues, could also broaden its utility in

complex human-robot interaction scenarios.
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Conclusion

T his chapter presents a comprehensive conclusion to the work undertaken in this Thesis,

which focuses on the development of robust dimensionality reduction (DR) frameworks

for human-robot collaboration (HRC) in real-world environments. The central aim was

to design and evaluate enhanced locality preserving projection (LPP)-based dimensionality

reduction techniques, capable of operating reliably across heterogeneous sensing modalities,

including vision-based symbolic cue recognition and surface electromyography (sEMG)-based

hand activity analysis. Throughout the Thesis, several novel algorithmic models were proposed,

benchmarked, and validated under challenging operational conditions involving photometric

degradation, sensor-induced noise, and subject-level variability. This chapter synthesizes the

key findings from each domain, highlights the shared cross-modality insights, and points out

the remaining research gaps that invite further exploration. Additionally, considerations for

practical deployment and future research directions have been systematically discussed to

provide a holistic closure to the Thesis.

10.1 Summary of Key Findings

This Thesis presented a comprehensive investigation into robust subspace learning strategies

for human-robot collaboration (HRC) under real-world sensing constraints. The core objective

was to develop and evaluate locality preserving projection (LPP)-based frameworks that can

operate reliably across diverse sensing modalities; namely, vision-based symbolic cue detection

and surface electromyography (sEMG)-based hand activity recognition.

In the visual sensing domain, the work began with the design and implementation of

a symbolic cue-based robot navigation framework using structured flag-stick markers. A

comprehensive dataset was acquired under systematically varied photometric conditions to
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emulate real-world lighting variability. In addition to lighting-based adversities, situations

involving external noise corruptions such as salt-and-pepper noise, speckle noise, and Gaussian

noise were also introduced to simulate sensor imperfections and environmental interferences

common in real-world robotic vision systems. Baseline experiments using traditional LPP

confirmed its efficacy in preserving local geometrical information, while also exposing its

limitations under degraded illumination. To address these, several advanced projection models

were proposed, including:

• ALPSK-BLPP: An adaptive spatial-feature kernel-guided bilateral LPP model was

designed to improve robustness under varying illumination conditions. It combines

a spatial similarity kernel, learned using graph-regularized retargeted least squares

regression (ReLSR), with a feature-domain kernel based on local binary patterns (LBP).

The multiplicative fusion of these kernels constructs a bilateral similarity graph that

captures both spatial structure and photometric similarity. This enhanced graph is used

within the LPP framework to generate a discriminative subspace, yielding improved

classification performance under challenging visual environments.

• LTrP-BLPP: A bilateral LPP model that employs Local Tetra Patterns (LTrP) to

ameliorate robustness under sensor-induced noise in vision-based robotic perception. The

four-directional encoding of LTrP captures both edge orientation and spatial gradients,

making it effective in distinguishing structural details even under distorted or corrupted

imaging conditions. These encoded features are integrated into a bilateral similarity

graph that combines spatial and intensity-based information for improved neighborhood

representation.

• HRLBP-BLPP and HRLTP-BLPP: These models incorporate histogram-refined local

pattern encoders within a bilateral locality preserving projection framework to enhance

resilience against photometric irregularities and sensor noise. HRLBP-BLPP utilizes

histogram-refined local binary patterns, while HRLTP-BLPP extends this idea using

local ternary patterns (LTP), which are more robust in near-uniform regions and under

weak illumination gradients. Both models apply histogram refinement using local skew

patterns and binarized eigenvalue maps to retain detailed local neighborhood structures.

The resulting descriptors are embedded in a bilateral graph that fuses spatial and

feature-domain similarities, enabling more reliable subspace projection under varying
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lighting conditions and sensor noise.

Extensive evaluations across controlled lighting degradations, salt-and-pepper noise, and

speckle noise demonstrated that the proposed models consistently outperformed traditional

approaches. Notably, ALPSK-BLPP has demonstrated enhanced performance under moderate

to severely challenging illumination conditions and HRLTP-BLPP showed robustness against

simultaneous low-light and noise-induced settings, confirming their suitability for deployment

in embedded robotic vision systems.

In addition to these, granular computing-inspired feature modeling approaches were

introduced to improve the spatial characterization of visual cues, particularly in scenarios

involving geometric distortion and regional degradation. These models focused on enhancing

foreground-background segmentation and preserving local boundary integrity prior to subspace

embedding. Specifically two new models were developed:

• REGF-2DLPP: A rough entropy-guided fused granulation approach that combines

homogeneous (crisp granulation) and non-homogeneous (quad-tree decomposition)

granular representations over RGB channels to improve 2DLPP-based dimensionality

reduction. The fusion mechanism effectively captures foreground–background

boundaries by reducing spatial and color uncertainty through rough entropy

maximization, without converting to grayscale. A binary feature decoding scheme

inspired by local binary patterns, is used to extract robust descriptors from the fused

granulated map. This granulated feature space is then integrated with spatial similarity to

build a hybrid kernel for 2DLPP, preserving structural integrity even under degraded

illumination. Experimental results confirm that REGF-2DLPP achieves superior

recognition accuracy and robustness in photometrically unfavourable HRI environments.

• dNG-2DRLPP: The core idea lies in density-based neighborhood granulation (dNG),

which forms irregular-shaped granules based on spatial and color proximities. This

enables more accurate modeling of ambiguous foreground–background transitions,

especially in cluttered and low-contrast environments. A fuzzy-based decoding scheme

further enhances the representation by assigning soft membership values to pixels based

on their likelihood of belonging to the foreground or background. The resulting granular

feature descriptors are fused with the spatial kernel to construct a hybrid similarity graph,

which is then embedded into the robust two-dimensional LPP formulation using an
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ℓ1-norm optimization.

Both REGF-2DLPP and dNG-2DRLPP models were rigorously evaluated under complex

visually impaired scenarios, including extreme low-light conditions and spatial variations.

REGF-2DLPP exhibited enhanced foreground–background separation through rough

entropy-based fused granulation, resulting in improved recognition for visual cues captured

under severely challenging lighting conditions. On the other hand, dNG-2DRLPP, leveraging

density-based irregular-shaped granulation and fuzzy feature decoding, demonstrated superior

resilience by preserving discriminative structural details even under severe illumination

deprivation and sensor-induced noise. The consistent performance of these models across

adverse sensing conditions, validates their potential for robust real-world robotic visual

perception in dynamic and uncertain human-robot interaction environments.

In the sEMG-based modality, two novel orthogonal LPP variants were introduced to

improve hand activity recognition:

• UaBMA-OLPP: This model introduces a novel orthogonal locality preserving projection

framework, reinforced by uncertainty-aware Bayesian model averaging. It integrates

multiple similarity kernels derived from Euclidean space, Euler space, and the

Grassmann manifold, thereby capturing spatial, directional, and structural characteristics

of high-dimensional sEMG data. The model adaptively computes posterior probabilities

based on classification performance and uncertainty, effectively balancing contributions

from different manifold-based kernels. This results in a more discriminative subspace

embedding that preserves local geometry, while mitigating the influence of inter-subject

variability and signal irregularity. Extensive evaluations on both laboratory-acquired

and benchmark datasets demonstrate its superior accuracy and robustness compared to

existing DR techniques.

• RPNG-OLPP: A robust orthogonal locality preserving projection framework, augmented

with a possibilistic neighborhood graph (PNG) for adaptive similarity estimation in

noisy sEMG environments. Unlike traditional Euclidean-based graph construction,

PNG models pairwise relationships using a possibilistic regularization term, increasing

resilience against outliers. Additionally, an ℓ2,1-norm sparsity constraint is introduced

on the projection matrix, promoting row-level sparsity that effectively prunes irrelevant

or redundant features. This dual regularization enables the model to preserve the
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intrinsic structure of high-dimensional EMG data while improving interpretability and

robustness. Extensive evaluations under both clean and noise-corrupted conditions,

confirm RPNG-OLPP’s superior classification accuracy and structural consistency,

making it highly suited for EMG-based prosthetic control and HMI applications.

Experimental results demonstrated that the proposed sEMG frameworks achieved superior

generalization performance compared to classical LPP, PCA, and other graph-based DR

methods. The RPNG-OLPP model, in particular, offered stable classification accuracy across

subjects and sessions, even in the presence of physiological inconsistencies and sensor noise.

Overall, the Thesis contributes multiple novel dimensionality reduction algorithms that

significantly enhance the interpretability, adaptability, and resilience of HRC systems operating

in unstructured environments. The methods developed herein establish a robust foundation for

scalable, multimodal perception frameworks in next-generation collaborative robotics.

10.2 Cross-Modality Insights

This Thesis explored both vision-based and surface electromyography (sEMG)-based sensing

modalities to address robust human–robot collaboration (HRC) under real-world uncertainties.

While the two modalities operate on fundamentally different physical principles i.e., visual

pattern encoding versus bioelectrical signal decoding; they share common challenges in terms

of high-dimensionality, noise susceptibility, and inter-class similarity. The cross-modality

investigations conducted throughout the Thesis offer several important insights into how

dimensionality reduction and subspace learning techniques can be generalized and adapted

across domains.

Firstly, locality preserving projection (LPP)-based models proved effective in capturing

intrinsic neighborhood structures in both modalities. However, while visual cues primarily

benefited from spatial and structural feature enhancements such as bilateral spatial-feature

kernels and granular computing; the sEMG domain required integration of statistical confidence

and inter-subject variability handling through uncertainty-aware and possibilistic formulations.

This highlights the modality-specific adaptations necessary for reliable feature embedding.

Secondly, the concept of hybrid kernel construction emerged as a unifying

principle. In visual sensing, spatial and range similarity kernels were fused to handle
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ambiguous foreground-background transitions, whereas, in sEMG, multiple geometrical

representation-based neighborhood graphs were combined to represent signal confidence and

reduce the impact of variability across subjects and sessions. This multi-kernel philosophy

enabled more robust graph construction and ultimately more discriminative subspace mappings.

Finally, both sensing modalities underscored the importance of adaptive, data-driven

model construction; moving beyond fixed projection frameworks toward those that incorporate

uncertainty, sparsity, and heterogeneous similarity cues. These shared design patterns reflect a

deeper convergence in multimodal signal processing, where robust subspace learning serves as

a powerful abstraction for diverse HRC environments.

Together, these insights pave the way for integrated multimodal perception systems

capable of fusing vision and myoelectric signals to achieve context-aware, resilient, and

real-time collaborative robotic behavior.

10.3 Remaining Gaps and Future Research Directions

While the methods developed in this Thesis significantly advance robust dimensionality

reduction and feature extraction for vision- and sEMG-based human-robot interaction (HRI)

systems, several research gaps and limitations remain, that could guide future investigations.

One key limitation is the sensitivity of learned projections to domain shifts in uncontrolled

environments. Although models like dNG-2DRLPP and RPNG-OLPP have shown resilience

under photometric deterioration and physiological variability, their performance may degrade

under dynamic, unseen operating conditions such as extreme occlusions, multiple human

interactions, or abrupt lighting transitions. Domain adaptation strategies and self-supervised

learning mechanisms may help extend generalization capabilities in such scenarios.

Secondly, while the incorporation of combined spatial-photometric similarity measures

and probabilistic similarity measures significantly improved neighborhood modeling; these

strategies largely remain hand-tuned. Automatic selection of projection parameters such as

kernel weights, neighborhood size, or granulation thresholds; still requires specific guidelines or

manual calibration. In future work, the integration of metaheuristic algorithms or reinforcement

learning-based tuning mechanisms, could optimize these parameters adaptively in real-time.

Another important gap is the limited exploitation of temporal dependencies in sEMG
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signals and sequential visual inputs. The current projection models primarily operate on spatial

or instance-level data, overlooking sequential correlations that are critical in dynamic gesture

recognition or continuous motion prediction. Incorporating temporal modeling techniques may

offer a better abstraction of time-evolving patterns in multimodal sensor streams, especially for

dynamically changing human cues.

Moreover, most of the experiments were conducted on datasets acquired in moderately

controlled laboratory conditions. While this provided a consistent testbed for benchmarking,

real-world deployment scenarios such as extremely cluttered domestic spaces, outdoor

environments, or multi-agent collaborative settings introduce additional complexities.

Expanding the current data acquisition framework to include more diverse environments and

user profiles would offer stronger external validation of the proposed models.

Lastly, the current implementations are primarily offline and partially embedded. For full

deployment in assistive or industrial robotic systems, future research should focus on real-time

implementation, energy-efficient computation, and edge-based deployment of these subspace

learning models using resource-constrained hardware such as field-programmable gate arrays

(FPGAs) or low-power AI accelerators.

Addressing these gaps will not only refine the robustness and adaptability of HRC

systems but also bring them closer to scalable, real-world applications in healthcare, smart

manufacturing, and human-assistive robotics.

10.4 Deployment Considerations in HRI/HMI Systems

Translating the proposed dimensionality reduction techniques from laboratory settings to

real-world deployment in human-robot interaction (HRI) or human-machine interface (HMI)

systems, necessitates careful consideration of several practical factors. These include

computational efficiency, hardware compatibility, adaptability to user and environmental

variability, and integration with control architectures in robotic platforms.

From a computational perspective, many of the proposed models involve optimization,

dynamic graph construction, and multi-channel feature extraction, which may introduce

latency in real-time applications. Although these techniques demonstrated strong robustness

under diverse noise and distortion conditions, their computational cost must be optimized for
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low-power embedded platforms. Techniques such as sparse approximation, projection matrix

pruning, or lightweight approximations of kernel functions may help reduce complexity without

significantly compromising accuracy.

Regarding hardware deployment, the developed algorithms have been tested on embedded

platforms such as Raspberry Pi with onboard vision sensor and Arduino-powered EMG data

acquisition system, offering a proof-of-concept for real-time deployment. However, wider

adoption would require implementation on more resource-constrained or application-specific

hardware platforms such as FPGAs, systems on chips (SoCs), or neuromorphic processors.

Efficient hardware-software co-design will be essential to balance energy efficiency, speed, and

model robustness.

Environmental adaptability is another key concern. In vision-based systems, lighting

variation, occlusion, and background clutter pose significant challenges, whereas in wearable

sEMG systems, electrode placement, skin impedance variation, and muscle fatigue can affect

signal quality. The proposed models incorporate measures, such as uncertainty modeling

and granularity refinement to mitigate such effects. However, deployment in unpredictable

environments would benefit from closed-loop feedback mechanisms and adaptive retraining

based on environmental cues and user feedback.

Moreover, seamless integration with higher-level robot control systems is critical. While

the Thesis focuses on perception and subspace learning, real-world HRI/HMI systems must also

account for decision-making, actuation, and safety. Interfacing the learned low-dimensional

representations with trajectory planning, intent inference, or shared autonomy modules would

be an important step toward holistic deployment.

Finally, for user acceptability and scalability, future deployments should consider human

factors such as intuitiveness, comfort, and learning curve. Wearable interfaces should be

ergonomic and unobtrusive, while visual interfaces should be interpretable and transparent to

the user. Continuous usability testing and co-design with target end-users (e.g., elderly, patients,

industrial operators) will be essential in bridging the gap between laboratory innovations and

societal impact.
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10.5 Final Remarks

This Thesis presented a comprehensive investigation into robust subspace learning strategies

tailored for human-robot interaction (HRI) systems, operating under real-world uncertainties.

By addressing the limitations of conventional dimensionality reduction methods, the research

introduced multiple advanced models, spanning bilateral projection schemes, granular

computing-based feature extraction, uncertainty-aware subspace embedding, etc., for both

vision-based and sEMG-based sensing modalities.

Building on these methodological advancements, each proposed model was designed to

incrementally overcome challenges such as photometric degradation, sensor-induced noise,

inter-subject variability, and foreground-background ambiguity. Through extensive evaluations

across controlled and degraded conditions, the models demonstrated notable improvements in

classification accuracy, structural consistency, and cross-scenario generalization. Importantly,

the findings also revealed how underlying principles such as kernel fusion, sparse neighborhood

modeling, and granular feature decoding can be adapted effectively across diverse sensory

domains, as further reflected in their quantitative performance highlighted below.

Across both sensing modalities, the proposed LPP-based frameworks demonstrated

strong and consistent performance under diverse degradation scenarios. In the vision

domain, the enhanced bilateral and granular computing-based variants, such as ALPSK-BLPP,

REGF-2DLPP, and dNG-2DRLPP, improved recognition accuracy from around 55% under

severe illumination degradation to nearly 71% and 81− 85% respectively, across challenging

visual conditions. Under noise-corrupted scenarios, models like LTrP-BLPP and HRLTP-BLPP

maintained high stability, achieving accuracies above 80% under the toughest conditions

considered. In the wearable sEMG domain, the proposed UaBMA-OLPP and RPNG-OLPP

frameworks consistently achieved around 88− 89% recognition accuracies and retained 77−

84% accuracy under noisy conditions (by RPNG-OLPP). These results collectively highlight the

robustness and adaptability of the proposed models across heterogeneous sensing environments,

underscoring their potential for real-world deployment in human-robot interaction applications.

To consolidate the key outcomes of all the proposed LPP-based frameworks, a comparative

summary of the developed algorithms for vision-based image data and sEMG-based hand

gesture data is presented in Tables 10.1-10.4.
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Table 10.1: CLASSIFICATION ACCURACY (%) OF VARIOUS PROPOSED LPP-BASED

FRAMEWORKS UNDER DIFFERENT ILLUMINATION CONDITIONS FOR THE VISUAL CUE

DATASET

Method NIL DIL-1 DIL-2 DIL-3 DIL-4

ALPSK-BLPP 99.971 98.875 97.778 81.269 71.778

REGF-2DLPP 99.980 99.436 99.167 89.480 81.565

dNG-2DRLPP 99.990 99.730 99.465 91.234 85.913

Table 10.2: CLASSIFICATION ACCURACY (%) OF VARIOUS PROPOSED LPP-BASED

FRAMEWORKS WITH SALT-AND-PEPPER NOISE DENSITY δ = 0.35 UNDER VARYING

LIGHTING CONDITIONS FOR THE VISUAL CUE DATASET

Method NIL DIL-1 DIL-2

LTrP-BLPP 85.397 81.212 77.587

HRLTP-BLPP 86.206 83.498 80.350

Table 10.3: CLASSIFICATION ACCURACY (%) OF VARIOUS PROPOSED LPP-BASED

FRAMEWORKS WITH SPECKLE NOISE VARIANCE σ2 = 0.35 UNDER DIFFERENT LIGHTING

CONDITIONS FOR THE VISUAL CUE DATASET

Method NIL DIL-1 DIL-2

LTrP-BLPP 89.206 85.924 82.346

HRLTP-BLPP 88.142 86.111 84.595

Table 10.4: CLASSIFICATION ACCURACY (%) OF VARIOUS PROPOSED LPP-BASED

FRAMEWORKS UNDER NORMAL AND NOISY CONDITIONS FOR THE SEMG DATASET

Method Normal Condition Noise Level 1 Noise Level 2

UaBMA-OLPP 88.50 82.77 74.68

RPNG-OLPP 89.85 84.18 77.31

Beyond the algorithmic development and performance aspects, the Thesis also laid

a foundation for real-world deployment by highlighting computational trade-offs, hardware

feasibility, and user-centric design considerations. The cross-modality insights drawn from this
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work reinforce the potential of unified, data-driven perception frameworks that are resilient,

interpretable, and adaptable across dynamic human-centric environments.

In summary, this research contributes to the growing body of knowledge in robust

perception for collaborative robotics. The developed models and methodologies provide a

meaningful step toward enabling intelligent machines that can interact seamlessly with humans

in uncertain, unstructured environments. While several open problems remain, the directions

outlined in this Thesis serve as a roadmap for future explorations into scalable, multimodal, and

context-aware HRI systems.
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