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Preface

Biomedical engineering has recently experienced significant advancements, particularly in
classifying neuromuscular activity using electroencephalography (EEG) and electromyog-
raphy (EMG) signals. These technologies have become increasingly important in applica-
tions such as brain-computer interfaces (BCIs) and gait analysis, offering new possibilities
for diagnosis and rehabilitation. However, these signals’ inherent noise and variability
present challenges that can hinder classification accuracy. This thesis aims to address these
challenges by investigating the use of scalograms—yvisual representations that capture both
the time and frequency components of signals to improve the precision of neuromuscular
activity classification. The research presented in this thesis is structured to systemati-
cally build upon each chapter’s findings, providing a comprehensive understanding of the
methodologies and advancements in this domain.

Chapter 1 introduces the motivation behind the research, outlining the challenges in
neuromuscular activity classification and the study’s objectives.

Chapter 2 offers an in-depth literature review on gait analysis and BCIs. It discusses
the methodologies and technologies employed in the field, including signal processing
techniques and feature extraction methods. The chapter also introduces the applications
of EEG and EMG across various domains while providing a foundational overview of
machine learning and deep learning.

Chapter 3 focuses on the classification of hemiplegic gait abnormalities using EMG
signals. The research demonstrates the effectiveness of an ensemble classifier in identifying
hemiplegic gait patterns, achieving high accuracy, and highlighting the potential for
applications in diagnosis and rehabilitation.

Chapter 4 extends the classification to other gait abnormalities, including rheumatoid

arthritis, osteoarthritis, and prolapsed intervertebral disc (PIVD), using EMG scalograms.

XXV



Additionally, this chapter explores the classification of neurological disorders like Parkin-
son’s disease, amyotrophic lateral sclerosis (ALS), and Huntington’s disease, utilizing
scalograms generated from foot insole data.

Chapter 5 presents the application of attention networks for classifying EMG scalo-
grams related to various gait abnormalities. This chapter emphasizes the impact of com-
bining different wavelet family scalograms on classification accuracy, showcasing how
attention mechanisms can significantly enhance the performance of classification models.

Chapter 6 investigates the classification of hand movements using a combination
of EEG and EMG scalograms. By employing CNNs and transfer learning, the study
demonstrates how integrating these signals can improve classification accuracy, reduce
noise, and mitigate signal variability, offering promising advancements for healthcare and
assistive technology applications.

Chapter 7 concludes the thesis by summarizing the key findings, discussing the contri-
butions to gait analysis and signal processing, and proposing directions for future research.

The chapter also reflects on the current study’s limitations and the future scope.
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Abstract

Recent advancements in the classification of neuromuscular activity using
electroencephalography (EEG) and electromyography (EMG) signals have demonstrated
significant potential in applications such as brain-computer interfaces (BCI) and gait analysis.
EMG, which captures electrical activity from muscles, is crucial for assessing muscle function,
fatigue, and abnormalities, while EEG, which records brain activity, plays a critical role in BCI
research. However, both signals are susceptible to noise and variability, impacting
classification tasks’ accuracy and precision. This research aims to mitigate these limitations by
utilizing scalograms, which are plots of time and frequency components of the signal. The
study increased classifier performance using models ranging from conventional machine
learning classifiers to attention networks and transfer learning. This research highlights the
effectiveness of scalograms in enhancing classification accuracy for gait abnormalities
associated with conditions such as hemiplegia, Parkinson’s disease, and rheumatoid arthritis.
Further, integrating EEG and EMG scalograms for hand movement classification, primarily
through CNNs and transfer learning, led to improved classification accuracy. These findings
highlighted the potential of scalogram-based deep learning techniques in enhancing diagnostic

accuracy.
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