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Abstract

Over the past few years, there has been a notable rise in the occurrence of lung diseases,
positioning them as the third most prominent contributor to worldwide mortality. The
World Health Organisation (WHO) has identified five major lung diseases in their data:
tuberculosis, lung cancer, chronic obstructive pulmonary disease (COPD), asthma, and
acute lower respiratory tract infection (LRTT). Together, these ailments are responsible
for claiming the lives of more than 3 million people each year across the globe. These
lung diseases not only place a significant burden on healthcare systems but also have
a profound impact on the lives of the general population. Like many other serious
illnesses, prevention is paramount to reducing their impact, and early-stage diagnosis
and treatment are crucial methods for mitigating the adverse consequences of these
deadly diseases. In light of these statistics, it becomes imperative that we redirect our
attention towards the early and remote diagnosis of these diseases. To address the above
issues, we start with making auscultation using a stethoscope an intelligent system
for early and remote diagnosis of respiratory diseases. The process of computerised
diagnosis through auscultation involves three crucial stages. To begin, it is necessary
to remove any noises, both internal and external, that might obscure the respiratory
sound signal (RSS). Next, the RSS must be divided into distinct cycles of respiratory
sounds. Finally, these sounds are categorised into various classes to facilitate diagnostic
use.

Auscultation stands as the primary diagnostic tool employed by physicians when
examining patients afflicted with respiratory disorders. The ability to amplify abnor-
malities in auscultation sounds while minimising noise proves invaluable for the efficient

and timely diagnosis of respiratory ailments. Achieving this necessitates the applica-
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tion of adaptive signal processing techniques, particularly for denoising non-stationary
bio-signals. Adaptive decomposition methods such as empirical mode decomposition
(EMD), variational mode decomposition (VMD), and wavelet synchro-squeezed trans-
form (WSST) are robust tools designed for the denoising and enhancement of non-
stationary signals. Within this thesis, we introduce an approach centred on WSST
for denoising and compare its effectiveness with EMD and VMD in the context of en-
hancing respiratory sounds. A subjective assessment involving eight pulmonologists
has been conducted to evaluate the denoising performance of EMD, VMD, and WSST
across various sound types, including crackles, wheezes, and normal breath sounds.

Automated classification of respiratory sounds using machine learning techniques
plays a pivotal role in the diagnosis of respiratory diseases.A critical step in the au-
tomated classification of respiratory sound signals after denoising is the extraction of
respiratory sound cycles (RSC) from respiratory sound signals (RSS). In this thesis,
we propose an approach based on signal processing for the automatic extraction of
RSCs. The RSS undergoes initial pre-processing to eliminate noise, followed by the
application of a continuous wavelet transform (CWT)-based technique for RSC extrac-
tion. The dataset encompasses respiratory sound signals categorised into three major
groups: normal or healthy, crackles, and wheezes. This approach not only eliminates
the need for a reference signal but also reduces costs and minimises patient discomfort.

Further, we propose a technique for classifying RSS into different classes, i.e., nor-
mal, crackles, and wheezes. It utilises the Variational Mode Decomposition (VMD)
method to denoise the sounds and then feeds these processed signals into a Gammatone
filter bank to generate time-frequency distributions in the form of Gammatonegram im-
ages. These Gammatonegram images are subsequently subjected to classification using
various deep convolutional neural network (CNN) architectures based on transfer learn-
ing principles.Given the scarcity of large datasets for respiratory sounds and the sus-
ceptibility of CNN models to overfitting when data sizes are limited, transfer learning
strategies have been employed. Specifically, models like AlexNet, Googl.eNet, ResNet-
50, and Inceptionv3 have been utilised for the classification of respiratory sounds.

In light of the numerous difficulties associated with spirometry, we have advanced



our efforts to investigate the connection between respiratory sounds and spirometry
results. This approach seeks to provide an alternative to spirometry in specific situa-
tions. Lastly, we introduce a methodology capable of categorising auscultation sounds
captured with a stethoscope in outpatient department (OPD) settings into three pri-
mary categories: healthy, obstructive, and restrictive. Traditionally, these categories
have been diagnosed using spirometry. The approach outlined in this study revolves
around pre-processing respiratory sounds and enhancing them through the application
of a purpose-designed parametric equalizer filter. From these pre-processed respiratory
sounds, we extract spectro-temporal Gabor filter-bank-based features (GBFB) for clas-
sification purposes, employing various machine learning models. Furthermore, we con-
ducted an extensive investigation to identify the most effective features for accurately
classifying respiratory sounds. The proposed method holds promise for automating the
diagnosis of respiratory illnesses and, in certain situations, may serve as an alternative
to spirometry testing. Additionally, it can prove invaluable for individuals residing in
remote and rural areas where access to experts for pulmonary function tests (PFT) is

limited.
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