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PREFACE

In recent years, the field of Human-Computer Interaction (HCI) has seen
a marked increase in efforts to create more user-friendly and interactive interfaces
through a variety of inputs. These inputs range from traditional methods like key-
boards and mouse to advanced technologies such as voice commands, eye tracking,
Brain-Computer Interfaces (BCI), augmented and virtual reality, haptic feedback

systems, and hand gestures.

Hand Gesture Recognition (HGR) is a key component of Human-Computer
Interaction (HCI), aimed at creating technologies that that interpret human com-
mands through gestures. This involves computer systems recognizing and under-
standing human hand movements to enable device interaction. A promising area
in HGR is the use of biosignals generated during hand gestures to establish corre-
spondence with related inputs. These systems play a vital role in improving human-
machine and human-robot interactions, enhancing human abilities by utilizing the
electrical characteristics of the human nervous system. They make use of signals
from tissues, muscles, organs, or the central nervous system to develop interfaces for

computers.

One such notable input method for HGR models is surface Electromyo-
graphy (sEMG) signals, a biosignal that can track skeletal muscles and measure
electrical activity generated during static and dynamic gestures. This biosignal can
also approximate the intensity and specific type of muscle engagement, providing a

clear correlation with the intended motion.

sEMGs are non-invasive and hold significant value in areas like medical
rehabilitation, prosthetics, sports science, and beyond. However, SEMG process-
ing faces challenges like signal interference, individual variability, motion artifacts,

complex data processing needs, muscle fatigue effects, and sensitivity to electrode
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placement. Despite these challenges, advancements in machine learning and signal
processing are enhancing the effectiveness and applicability of sEMG-based hand

gesture recognition systems.

This thesis presents the design and development of innovative sEMG-based
hand gesture recognition techniques, focusing on static and complex dynamic hand
gestures. This research encompasses the recognition of Sign Language gestures,
hand grasp gestures (static gestures), and handwritten characters (dynamic ges-
tures) using data-centric methods, primarily within a machine learning framework.
Additionally, explainable AI methods are predominantly used throughout this thesis
to enhance the interpretability of the models developed.

The first contribution is the development of an efficient sEMG-based static
hand gesture recognition pipeline for the Sign Language. This includes a novel en-
semble feature selection method combining four filter-based techniques—ANOVA,
Chi-square, Mutual Info, and ReliefF. A new feature combiner exploits feature-
feature and feature-class correlation thresholds, resulting in reduced and representa-
tive feature subsets for classifying sign language gestures, aiming to improve recog-

nition accuracy.

As a second contribution, we have introduced an sEMG-based hand grasp
recognition (HGR) pipeline that can effectively distinguish between six different
static hand grasps using a minimal number of SEMG sensors. To achieve this, we
employed a game theory-based feature selection approach to determine the repre-
sentative feature subset by treating the feature selection as a cooperative game with
a transferable utility function. The proposed pipeline was validated using stan-
dard performance metrics, and it demonstrated competitive recognition accuracy
on a publicly available dataset using single-channel sEMG. This high accuracy with

minimal sensors supports the development of cost-effective devices.

The third contribution focuses on sEMG-based dynamic hand gesture recog-

nition. We leveraged deep representation learning to build an efficient and robust
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Handwritten Character Recognition (HCR) pipeline. A Stacked Sparse Denois-
ing Autoencoder(SSDAE) network is designed to obtain an effective deep feature
representation. The resultant learned feature representation is further introduced
into traditional machine learning classifiers, achieving potentially superior results in
HCR tasks. Our proposed approach can potentially contribute to real-time Human-
Computer Interaction (HCI) systems, promoting the digitization of handwritten
notes and enhancing clinical applications that analyze handwriting tasks. For our
experiments, we created a new dataset, denoted as S — HC R, which includes EMG
signals collected corresponding to lowercase English alphabets from participants

while writing on paper with a pen.

For our fourth contribution, we developed an efficient multi-modal handwrit-
ten character recognition (HCR) pipeline by integrating electromyography (EMG)
and inertial measurement units (IMU), building upon our second contribution, which
focused solely on SEMG. The system employs a feature fusion approach, incorporat-
ing a modified deep autoencoder to achieve an effective combined data representation
for both sEMG and IMU signals. For our experiments, we collected a new dataset
comprising sSEMG and IMU data corresponding to 26 isolated handwritten English
alphabets on a whiteboard, referred to as MM — HCR. The feature fusion tech-
nique enhances the system’s performance in terms of recognition accuracy. With its
higher recognition accuracy, the proposed method shows potential for applications in
digitizing handwritten notes from whiteboards in a smart classroom and in clinical

handwriting analysis for conditions such as Alzheimer’s.

The fifth contribution addresses high-dimensional feature vectors in the
MM — HCR dataset by employing a cost-effective meta-heuristic-based feature se-
lection approach. The Enhanced Salp Swarm Algorithm, a metaheuristic optimiza-
tion technique, selects relevant information from EMG and IMU features, yielding
a robust representation of handwriting dynamics. This method results in a smaller
feature subset vector and improved accuracy, showcasing the potential of the inte-

grated feature selection and fusion methodology.
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Another key contribution is the extensive use of explainable Al methods to
enhance the interpretability of sEMG-based hand gesture recognition models. Tech-
niques like SHAP (Shapley Additive exPlanations) are predominantly implemented
where applicable to provide insights into the decision-making process of the machine
learning models, ensuring transparency and trustworthiness in practical applications.
However, the focus was more functional than foundational and the thesis does not

attempt to build formal causal or theoretical models based on explainability.

The thesis concludes with major findings in SEMG-based static and dy-
namic hand gesture recognition and emphasizes the use of explainable Al methods
to improve interpretability. These findings hold significant promise in biomedical
signal processing, electromyography, and HCI, with practical applications in Sign

Language interpretation, smart classrooms, and clinical analysis.

Keywords: Biomedical signal processing, Deep learning, Human-computer

interaction, Sign language, Feature selection, Explainable Al.
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