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1 Introduction

Respiratory diseases and conditions continue to place a heavy burden on global populations. Data from
the Global Burden of Disease 2023 study estimates that as many as 569.2 million people manage some
form of Chronic Respiratory Disease (CRD), with approximately 4.2 million CRD-related deaths in the
same year. In addition to personal costs, respiratory conditions impose a continuing economic burden
on governments and health care providers worldwide. The National Health Service spends an estimated
£800 million per year on the management of Chronic Obstructive Pulmonary Disease (COPD). In the
US, estimates place COPD costs growth at $40 billion over the next 20 years and, in 2023, respiratory
disease direct costs within the European Union accounted for an estimated 6% of its total healthcare
budget. The ability to continue supporting and monitoring conditions remotely is an ever-growing
requirement of modern medicine, as acutely demonstrated by the 2020 COVID-19 pandemic. The need
for instant personal monitoring and greater connectivity between patients and healthcare professionals
has seen an increase in web-based and mobile-based health and monitoring tools, with 2019 estimates
placing consumer spending on digital health products at approximately $49 billion.

Several respiratory-based solutions on the market use proprietary hardware and/or smartphone ap-
plications such as StethoMe, iMedic, Feelix, Eupnoos, and Hyfe Cough Tracker. There are a few web-
based services, such as kopo.com’s breathing analyser and AudibleHealth AI via coughscreening.com;
both complete the audio capture process via mobile phone. These options highlight the growing use of
audio capture in respiratory and clinical contexts. Given the accessibility advantages of a web-based
system, there is a need for a purely web-based service that offers, at the very minimum, web-based audio
capture via desktop or mobile devices. The Web Audio API, available across browsers since April 2021,
is a tool for real-time audio capture and processing in a web browser and provides a system suitable
for developing such a product. This project will complete an engineering investigation into whether
noise-responsive respiratory audio recording is attainable within the constraints of browser-based audio
systems using the Web Audio API, when integrated into an adaptive, semi-automated digital signal
processing pipeline with quality checking and post-processing.

1.1 Aims and Objectives
1.1.1 Aim

Design and implement a web-based audio recording system using the Web Audio API that guides the
user through an environmental test to assess background noise interference.

1.1.2 Objectives

e Design an audio recording workflow with a microphone setup guide for use within a web browser
e Implement environment testing with additional noise profile creation where necessary
e Add fixed lowpass and highpass filters to limit bandwidth to the respiratory audio frequency range

e Produce multiple output files representing each stage of the process

1.2 Report

Following this introduction is a literature review outlining the current burden of respiratory diseases
and the need for greater access to remote detection and management systems, and examining the Web
Audio API and noise suppression techniques. The methodology follows the literature review, which



provides an outline of the procedures used to generate a solution for background noise detection using
the Web Audio API. The following chapter outlines the project’s design stage, detailing the decisions
made in order to convert requirements into actionable tasks. The system implementation follows the
design chapter, providing information on the tools and techniques used to develop the product, as well
as details on the issues encountered. The results and discussion chapter describes the finished, working
product and evaluates its performance against the given aims and objectives. Finally, a conclusion
and recommendations chapter provides a summary of how the actions taken throughout this project
contributed to meeting the objectives set out in the introduction, as well as a reflection on the process
as a whole.

2 Literature Review

2.1 Respiratory Diseases and their Audio Biomarkers
2.1.1 Asthma and Chronic Obstructive Pulmonary Disease (COPD)

In 2017, global estimations put the number of people suffering from a chronic respiratory disease (CRD)
at roughly 550 million, representing a 40% increase when compared with figures from 1990, with CRD-
related deaths totalling roughly 4 million, making it the third leading cause of death worldwide [1].
More specifically, Hang et al. reported 41,555,628 new asthma cases in 2021, of which Western Europe
accounted for 1.6 million. These figures represent a slight decrease between 1990 and 2021. Although
asthma-related deaths during the same time period have increased, the mortality rate, how often a
death occurs in a specific time period, has decreased from 9.64% to 5.2% per 100,000 [2]. Hang et al.
conclude that asthma remains highly prevalent, especially in countries with higher Social-demographic
Index (SDI) and among individuals under the age of 9, where SDI is a measurement of average earnings
per person, schooling level and fertility rates [3]. Global figures for COPD cases vary due to differing
definitions over the years, with estimates ranging from 212 to 400 million worldwide [4] [5]. Boers et
al. estimate that respiratory disease direct costs in the European Union account for 6% of total annual
healthcare expenditure, with 56% (€38.6 billion) allocated to COPD. Similarly, estimates relating to the
United States’ annual COPD costs indicate an increase to $40 billion over the next 20 years. Within the
UK, estimates place the number of people affected by COPD at around 3 million; however, as previously
mentioned, COPD estimates are notoriously variable [6][7]. Rayner et al. also highlight the estimated
cost to the NHS of around £800 million per year, with annual deaths of 30,000. Scully et al. sought to
standardise datasets on the number of new cases of asthma, COPD and ILD (Interstitial Lung Disease)
across England, Scotland and Wales, per 1,000 people per year. For 2019, England, Scotland, and Wales,
respectively, saw an estimated 50,000, 3,700, and 2,000 new asthma cases; 46,000, 5,800, and 2,100 new
COPD cases; and 183,000, 9,000, and 4,300 new ILD cases [8]. Both asthma and COPD continue to
carry a significant health and cost burden in both the UK and global populations.

2.1.2 Asthma and COPD Audio Biomarkers

A 2024 study by Lozano-Garcia et al. sought to demonstrate the feasibility of measuring respiratory
sound intensity (i.e., signal amplitude) for diagnosing and monitoring COPD, citing work by Fiz et
al., who demonstrated a link between the two, particularly during inhalation [9]. Lozano-Garcia et
al. used four piezoelectric contact microphones that detect sound via the movement of solid objects
rather than the displacement of air particles. They placed them at various points on the subject’s
skin. They concluded that such measurements could detect a reduction in airflow performance among
COPD patients compared with healthy patients, and that the results were consistent with peak flow



measurements obtained using the traditional spirometry method [10]. Ashraf and Moussani compared
the performance of a purpose-built piezoelectric microphone and a standard commercial omnidirectional
condenser microphone when used to capture tracheal breathing sounds. Although they found that the
piezo microphone outperformed the condenser microphone in noisy environments, the measured power
spectral density (PSD), or distribution of power across frequencies, did not differ much under normal
conditions, as evidenced by the two charts below [11].
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Figure 1: Comparison of PSD [11]

With this in mind, it is safe to assume that standard microphones can also measure respiratory
sound intensity, albeit with reduced performance in noisy environments.

B.T. et al highlight that typical asthmatic symptoms include coughing, wheezing and dyspnea (dif-
ficulty breathing) [12]. To develop a system for classifying asthmatic and healthy children, B.T. et al.
used recordings of cough and /:a/ (ah) sounds to train a machine learning model. Results showed that
the model successfully aligned with clinical decisions, achieving 95.3% accuracy for cough sounds and
72.2% for /:a/ sounds; however, the cough model utilised 2029 samples, whereas the /:a/ model used
only 333. All samples were captured using a smartphone and recorded in a noisy hospital environment.
Vowel sound classification uses the identification of three formants or spaced peaks in a frequency spec-
trum plot and their relative intensities [13]. The chart below demonstrates average resonances of each
vowel sound for men, women and children, where /:a/, as used in the word 'had’, has a range of 660 Hz
for the first formant for men, up to 3320 Hz for the third formant for children [14].



Formant heed | head | had | hod |haw'd |who'd
Men F1 270 | 530 | 660 || 730 | 570 | 300
F2  ||22901840((1720(1090| 840 | 870
F3  |3010{2480((2410|2440| 2410 | 2240
Women F1 310 | 610 || 860 || 850 | 590 || 370
F2  ||27902330(2050(1220| 920 | 950
F3  ||33102990|(2850(2810| 2710 | 2670
Children F1 370 | 690 (1010|/1030| 680 | 430
F2  ||3200(2610((2320|1370| 1060 | 1170
F3  ||3730{3570|(3320||3170| 3180 | 3260

Figure 2: Formant Chart

Acoustic features of cough sounds include the amplitude envelope, i.e., changes in amplitude over
time, and the relative intensity of grouped frequencies [15]. Ghrabli et al. studied the "unique spectral
fingerprints in cough sounds” and deemed it unnecessary to capture frequencies beyond 4000 Hz, evi-
denced by their use of a lowpass filter set to said frequency, and with their resulting analysis focusing
on bands of 50 Hz to 900 Hz, 450 Hz to 1000 Hz and 1400 Hz to 1600 Hz of particular interest in distin-
guishing between pneumonia and asthma [16]. Both studies demonstrate that the spectral significance
of respiratory audio lies within a specific range, from 50 Hz at the lower limit to 4000 Hz at the upper
limit.

2.2 Remote Audio Capture for use in Clinical Settings

2.2.1 Shift Towards Digital and Remote Monitoring

Due to the importance of early detection and monitoring in improving quality of life and reducing hos-
pitalisation, remote assessment via electronic devices is increasingly prevalent across various healthcare
domains [17]. Tools, such as speech-based remote monitoring of asthma and COPD exacerbations, hold
great promise for diagnosing and monitoring these conditions and could reduce the burden on patients
and healthcare providers [17]. The ability to capture audio samples via a mobile phone has also led
to the potential development of at-home spirometry tests that, when used in conjunction with Al deep
learning models, can accurately correlate measured forced expiration audio to lung functionality, albeit
with an error rate that is currently too high for clinical settings [18]. Alsagri et al., through their sys-
tematic literature review of emerging technologies and trends in lung volume estimation, highlight the
need for more rigorous clinical testing and standardisation when assessing the impact of remote tracking
devices on a patient’s health and care in order to fully realise the full potential of digital and remote
monitoring [19]. Mahboubian et al. assessed the perspectives of seven key groups involved in COPD care
regarding remote patient monitoring (RPM) [20]. They found that RPM offers significant opportunities
to improve care, particularly in ongoing assessment between visits, resource allocation, and symptom
tracking. However, health care providers noted concerns about the usability of technology and the need
for clear guidelines. The key concern for patients is any change in traditional practice, such as "reduced
in-person care and overreliance on data” [20]. Yan et al. discuss the increase in the acceptance and use
of smart devices in clinical settings and how the development and understanding of digital biomarkers
provide opportunities to develop new diagnostic and monitoring methods. COVID-19 and the subse-
quent pandemic ushered in a new era of development in home-based mobile health monitoring, and the
existence of telehealth and RPM will provide opportunities to improve care practices more equitably
[21]. Digital and remote monitoring solutions will play a key role in future healthcare developments,



and the ability to collect and correlate accurate data will be vital to safely and correctly introduce any
such system into clinical use.

2.2.2 Currently Available Systems

There are existing mHealth apps for respiratory disease detection and management that focus entirely
on audio capture and analysis, such as the Hyfe Cough Tracker, a smartphone-based Al cough moni-
toring app that can detect, record, and count coughs from cough-like sounds when used in acoustically
controlled environments [22], the iMedic application, a smartphone-based self-auscultation tool for Al-
Powered pediatric respiratory assessment [23] or Eupnoos, a breath analysis tool described as ”Shazam
for diagnosing respiratory diseases” [24]. Several applications utilise connected devices such as StethoMe
and Feelix. Both StethoMe and Feelix are smartphone applications that connect to a wireless stethoscope
and utilise Al to provide in-home examinations. Welch et al. concluded that the Eupnoos application
has ”promising” accuracy for diagnosing asthma or COPD, but cited limitations due to the small num-
ber of disease cases used [25]. Similarly, for StethoMe, scheduled clinical trials have not yet commenced
at the time of writing [26]. To further highlight this point, Safavi et al. estimated in 2019 that by 2020,
consumers would spend approximately $49 billion on digital health products; however, they found that
the majority of top-funded US-based digital health companies did not measure the ”clinical effective-
ness” of their products or assess their use within populations considered ”high-cost, high-burden” such
as those suffering with chronic illnesses, older in age or diagnosed with some form of disability. Of the
156 studies, the largest group evaluated healthy patients (34); however, only 5 sought to assess clinical
effectiveness. The four respiratory-related areas of asthma, COPD, ILD (Interstitial Lung Disease), and
influenza garnered a total of eight studies. Of these eight, three were asthma-related, and two were
COPD-related; all five studies focused on patients deemed to be high-cost/high-burden, but only two of
the three asthma studies evaluated clinical effectiveness [27].

There are a few web-based services, such as kopo.com’s breathing analyser and AudibleHealth AT via
coughscreening.com. Kopo.com offers both smartphone and web browser capture processes; however, it
only detects conditions in children aged from 6 months to 7 years. AudibleHealth Al, whilst accessible
through a web browser, only offers audio capture via mobile phone.

2.2.3 Issues Associated with Capturing User-Controlled Audio Recordings

There are several issues associated with end-user or patient-captured audio recordings. In their study
examining the use of cough Al systems to detect COVID-19, Khanzada et al. found that varying audio
quality was the most significant barrier to developing an algorithm for this task, with particular mention
of poor recording environment associated with high levels of background noise, distorted audio as a result
of signal clipping (audio amplitude levels going beyond what the system is capable of handling), audio
compression and wide ranging microphone quality [28]. Other issues include the need for a sufficient
signal-to-noise ratio (SNR), a comparison of the wanted signal level to the unwanted signal level. When
using audio recordings to determine proper inhaler use amongst patients with asthma or COPD by
measuring peak inspiratory flow rate, inspiratory capacity and inhalation ramp time, Taylor et al.
found that 13 dB (decibels) represented an acceptable SNR, providing 80% accuracy when estimating
inhalation parameters; however, lower SNR levels, such as 10 dB, were still able to provide accuracy
of around 70%. Busquet et al. discuss the importance of microphone placement, in terms of distance
and angle to the user, having a significant impact on the consistency and quality of the captured
audio recording [29]. Distance can affect spectral quality through the proximity effect, an increase
in low-frequency spectral content caused by the lack of distance between the subject and the audio
device [30], and the angle of the speaker to the device will also cause unwanted spectral changes to the



recorded signal, as will the microphone’s stated frequency response [29]. Below is an example polar
pattern and a frequency response for a consumer condenser microphone, with the polar pattern showing
changes in performance as a function of angle to the microphone transducer, and the frequency response
demonstrating changes in the signal at different frequencies [31].
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Figure 3: Rode NT1-A Polar Pattern and Frequency Response [31]

Given the current trends in remote diagnosis and management of respiratory conditions, it is clear
that to fully realise the potential of user-controlled audio recordings in this setting, whether for training
Al models or for human analysis, minimising the impact of these issues is vital to any such endeavour.

2.2.4 The Web Audio API

The Web Audio API, introduced in June 2021, is a W3C official web standard for audio creation and
manipulation. It provides users with several "modular building blocks” that require no additional plu-
gins, enabling the creation of a wide variety of audio-based applications for both websites and web
applications on mobile and desktop devices [32]. Being a W3C standard has positive implications for
long-term support and stability when creating a new platform. Further benefits include support across
all major desktop and mobile browsers, without requiring users to install any additional extensions or
natively installed applications, dramatically increasing accessibility and adoption, especially for users
who are inexperienced or not comfortable installing software [33]. In addition to browser compatibility,
Web Audio API applications can be deployed as part of Progressive Web Applications (PWAs), further-
ing their accessibility and use cases [34]. In 2017, Jillings et al. demonstrated the potential of the Web
Audio API by developing a purely web-based digital audio workstation (DAW), using AngularJS for the
user interface (UI), Web Audio for the audio engine, and a relational database for storage. A DAW is
a tool for recording and manipulating multiple audio channels for playback and balancing, used across
a variety of music technology disciplines such as music production and sound design. They further
highlight the potential for research and analysis by collecting data on user interactions and decisions
within the field of music technology [35].

The key component of the Web Audio API is the audio graph and the ability to build a modular sys-
tem of nodes. The API provides access to tools for manipulating and analysing audio streams, including
filtering, gain control, and real-time analysis. Examples of such nodes include BiQuadFilterNode for
creating highpass and lowpass filters, the GainNode, and the AnalyserNode. End-to-end connectivity
between inputs and outputs is available via the MediaStreamSourceNode and AudioDestinationNode,



which allows for connection to speakers and/or analysis streams all within the confines of the web
browser [36] [37].
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Figure 4: Web Audio API Architecture [36]

The ability to programmatically access a user’s microphone and manipulate and analyse any in-
coming audio stream provides developers with the opportunity to create in-browser real-time digital
signal processing pipelines that can provide user feedback and support automated or user control. Au-
dioWorklets further extend the adaptability and potential of this API by providing the ability to develop
DSP processors that are not part of the standard, which run on a separate thread to the user inter-
face (UI), providing additional low-latency (a delay between input/action and output/response) control
over the audio stream [37]. The analysis node’s ability to provide live data enables the development
of detailed user feedback Uls, such as waveform generation, level meters, spectrograms, etc. [33]. A
W3C paper from 2013 outlines several use cases and requirements for the API standard, highlighting
its potential for real-time audio manipulation, a clear indicator that the API provides opportunities to
create tools for guiding and correcting user microphone usage before recording a respiratory sample for
submission [38].

2.2.5 Noise Reduction Techniques

The ability to improve audio intelligibility and accuracy without adversely affecting the primary signal
has many uses in speech and audio enhancement, and over the years, a large number of speech enhance-
ment algorithms (SEAs) have emerged [39]. There are several ways to categorise SEAs, with a key
definition being whether they require single-channel or multi-channel audio capture [39] [40] [41].

Adaptive noise cancelling is one such multi-channel method that, as its name suggests, can adapt
to a changing noise signal and attempt to subtract the noise captured using a secondary input from a
primary input containing both noise and wanted signal [42]. Given the limitations of home audio setups
regarding multi-channel audio capture, this solution is not suitable within this context [43].

Basic filtering, the removal of unwanted frequencies using static filters set to specific frequencies,
can provide an element of noise reduction and have several benefits [44]. As previously mentioned, they
are easy to implement using the Web Audio API via the BiQuadFilterNode. In addition, they have a
low computational cost due to their relatively simple arithmetic algorithm (see figure below), providing
stable, predictable outputs for given inputs, which, in turn, makes them suitable for real-time audio
pipelines [45] [46].
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Figure 5: Infinite Inpulse Response (IIR) Difference Equation

While these benefits certainly have a place in any audio processing pipeline dealing with limited-
bandwidth audio, such as respiratory sounds and speech, there are several limitations when specifically
attenuating fixed-frequency bands in a recording. The main issue with basic filtering is the lack of
knowledge about which part of the signal is noise and which is the desired signal, leading to potentially
unwanted changes if applied aggressively in those key frequency bands [45] [44].

Spectral subtraction is a technique that removes noise from a signal containing the desired audio
output using noise-spectrum estimates derived from non-speech audio segments. Spectral subtraction
assumes that noise follows an additive model, in which the desired signal and the noise combine to
produce the output signal [47]. The alternative is the multiplicative noise model, in which the noise’s
strength directly alters the desired signal’s strength, or vice versa. Another assumption or requirement is
that the background noise is relatively stationary in terms of spectral power and level; noise from HVAC
systems, fans, steady traffic, etc. [48]. To perform the subtraction, for each input signal frequency or
collection of frequencies, the noise power for that same frequency/frequencies is subtracted from the
noisy input signal. Unlike standard basic filtering, spectral subtraction responds directly to the noise
in a given environment. However, like basic filtering, it is computationally efficient and suitable for
use in low-resource settings [47] [43]. Limitations include the introduction of “musical noise” into the
resulting signal, characterised as sporadic ”"whistles or hums” that have a detrimental effect on the
listening experience [47] [49]. Whilst its use of a static noise estimate is a benefit over basic filtering,
the fact that it can only work with static noise is also a limitation, as any error in the applied noise
estimate will result in an inaccurate, potentially over-suppressed desired audio signal, also known as the
mean square error (MSE) [50].

Closely related to spectral subtraction is the Wiener filter [43]. Wiener filtering minimises the MSE
by replacing the direct subtraction used in spectral subtraction with a weighted gain applied to the
input signal at each frequency or frequency band. The weighted gain is calculated from the ratio of
signal power to the sum of the signal and noise powers at that frequency (see below).

Signal Power
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Signal Power + Noise Power

Figure 6: Wiener Filter Weight Calculation

With this calculation, the weighting ranges from 0 (complete attenuation) to 1 (no attenuation).
When the signal power equals the noise power, the gain is set to 0.5, providing gentle attenuation of
the signal. The process described here is the ”"optimal estimate” or "optimal statistical estimate” and
reduces or minimises the mean square error (MMSE) [43]. The strengths of this approach are similar
to those of spectral subtraction, but with the added benefit of less "musical noise” from weighted gain
application. The limitations are also similar: it is best utilised with static or non-variable background
noise and requires an accurate noise estimation/profile [51].

Machine learning, using neural networks such as convolutional neural networks (CNNs), can map
degraded, noisy signals to a clean signal. Anvekar et al. compared the performance of Wiener and band-
pass filtering with an autoencoder (an artificial neural network trained on clean audio with added white
noise) for denoising a given audio signal contaminated with white noise. The autoencoder outperformed
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both Wiener and bandpass filters in terms of MSE and signal-to-noise ratio [44]. Zhu et al. demonstrate
that artificial neural networks also perform well when reducing the impact of non-stationary background
noise or "babble noise” [52]. This improved performance comes at a high computational cost, with Zhu
et al. noting that traditional noise reduction methods, such as Wiener filtering and spectral subtraction,
are still widely used due to their low computational cost and effectiveness in pre-processing environments
[53] [52]. ML models often require sensitive data for training, and concerns exist about the safety and
security of that data, as machine learning is vulnerable to model inversion and extraction attacks, as
well as membership-inversion attacks [54].

Given the relative strengths and limitations of each technique, Wiener filtering would suit a real-time,
lightweight, browser-based audio enhancement pipeline. To increase the effectiveness of such a system,
adding basic lowpass and highpass filtering with conservative cutoff frequencies to the incoming signal
will remove much of the unnecessary bandwidth from the frequency spectrum, thereby reducing the
attenuation required by the Wiener filter. In addition to such measures, a noise power and variability
check can ensure that users recording in uncontrollable environments beyond the Wiener filter’s operating
window are not permitted to continue, preventing the production of an audio file unsuitable for further
processing and assessment. To determine signal strength and variability, time-based signal analysis will
be required.

A standard approach to audio signal analysis involves creating short, fixed-length frames containing
collections of audio samples. Any data derived from that frame then represents the entire frame, as
any change is assumed insignificant over such a short period. Measurements taken from each frame are
then compared across larger collections of frames to assess variability within a signal. In audio signal
processing, frame lengths of 20-40ms balance time resolution with local stationarity assumptions, with
25ms being a commonly adopted choice [55] [56].

2.3 MERN Stack

MERN is a technology stack for developing web applications and includes MongoDB (database), Ex-
pressJS (backend framework), React (frontend library) and NodeJS (server environment). MERN appli-
cations are deployable on mobile devices and web browsers and known for their responsiveness, thanks in
part to React’s Virtual DOM (Document Object Model - programming interface for representing a web
page) and Node’s non-blocking I/O (prevents input and output tasks like reading a file from blocking
further code execution) [57]. Other stacks are available, such as the MEAN stack (replace React with
Angular), and whilst there are differences (e.g., the use of the virtual or real DOM), the key reason
for choosing one over the other is author familiarity. When working with audio files of unknown size,
MongoDB’s GridFS system supports storing files larger than 16 MB. GridFS also optimises retrieval
by splitting files into chunks, distributing them, and reconstructing them as needed [58]. NodelJS is a
JavaScript runtime environment that allows JavaScript code to execute outside the browser, thereby
enabling app development via a unified language [59]. ExpressJS is a server-side framework for NodeJS
and provides methods for handling different "HTTP requests, and parsing URL parameters”, and pro-
vides no more than the core functionallity required to implement HTTP-based APIs [60]. ExpressJS is
an extremely popular framework, as evidenced by its current weekly downloads exceeding 58.5 million
(at the time of writing). Other frameworks, such as NextJS, NestJS, and KoalJS, each have benefits of
their own, such as NextJS’s folder-based page routing structure; however, as with React vs Angular,
author familiarity is key.
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2.4 Why Web Audio API with DSP?

Given the previously outlined issues with user-controlled respiratory audio capture, conventional DSP
implemented via the Web Audio API offers a good opportunity to deliver a multi-platform, multi-device
solution for real-time audio quality enhancement.

Respiratory audio biomarkers are subtle and sensitive to poor recording environments, such as back-
ground noise, low signal-to-noise ratios, clipping/distortion, and inconsistent positioning and technique.
However, the biomarkers also exist within known frequency ranges and, given the right conditions, can
be captured successfully using consumer-based technology. Whilst post-processing solutions, and in
particular ML models, offer opportunities for enhancement that surpass the capabilities of conventional
DSP, they require substantial computational power, are privacy-sensitive, and cannot provide the user
with real-time feedback. The goal at the start of a respiratory audio tool is to ensure the captured
audio is of the highest quality. From here, MLL models and other analysis tools can extract features and
markers from the audio where required; however, downstream performance or output will diminish if
the audio is not of a particular standard.

The Web Audio API provides real-time audio graph processing with low-latency audio nodes for
standard audio DSP control. Beyond this, access to both frequency and time-domain data enables de-
velopers to build real-time user feedback Uls and data-controlled pipelines. The AudioWorkletProcessor
class enables developers to build bespoke DSP units, such as a Wiener filter. The modular nature of
the Web Audio API also allows for a clear understanding of each stage of the pipeline and prevents
the ”black boxing” of specific processes. It allows for deterministic behaviour: the system will produce
the same output for a given input, and this will apply across every process/step of the pipeline. All
JavaScript/AudioWorklet code executes locally in the browser runtime; all audio samples from the user’s
device microphone are passed through the audio graph and processed in real time. Hence, avoiding ma-
chine learning at this stage ensures all processing is on-device, improving privacy and reducing data
transmission until the file is ready for storage. Any submission of files will require the user to take direct
action. Beyond the technical capability, the API is a cross-platform standard, requires no installation
and offers immediate access via consumer devices.

3 Methodology

3.1 Introduction

The purpose of this study is to investigate the use of digital signal processing techniques in a web browser
audio pipeline that utilises the Web Audio API, in the context of building an end-user respiratory audio
capture system. The developed artefact will consist of an environment noise level and variability testing
system that will either pass or fail, or generate a noise profile for potential use in a noise suppression
system.

3.2 Research Methodology

The chosen methodologies for this study are the Design Science Research Methodology (DSRM) along-
side experimental testing. This study aligns with DSRM, where the structured process of problem
identification, objective definition, design and development, demonstration, evaluation, and commu-
nication align with the stated aims and outcomes of this study [61] [62] [63]. Producing a research
contribution is a significant aspect of the DSRM, with the overall aim being an artefact and solution to
an identified and ”understood research problem”, and where the artefact can consist of any number of
outputs, such as a new method or technical product [63].
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Experimental testing allows independent variables to be tested in controlled environments to ascer-
tain their effect on dependent variables [64]. In the context of this study, the experimental tests need
to demonstrate that, under different noise conditions, the developed application responds appropriately
to a range of different environments.

3.3 Analysis and Design Activities

The literature review in Chapter 2 identified problems caused by poor-quality remote respiratory audio
capture, whether for clinical assessment or for passing to an ML model. Issues included poor micro-
phone placement, suboptimal recording environments due to background noise, signal clipping, and
poor recording levels. The literature review also identified the lack of web-based respiratory audio
services, with many current respiratory-based remote monitoring and diagnosis applications requiring
downloading and installing on a mobile device, as well as some form of proprietary hardware. These
issues defined the audio pipeline’s functional requirements, which in turn became user stories. Due to
the number of requirements for the complete pipeline, the initial environment test and subsequent noise
profile generation became the primary focus.

The client-server system architecture supported browser-based audio capture and storage and facil-
itated the use of the Web Audio API. Prior to implementation, an end-to-end capture and processing
workflow outlined each stage of the pipeline, from microphone to storage and retrieval. Where appropri-
ate, literature-derived criteria and values defined the decision logic for the environment test, but further
refinement occurred through iterative testing throughout the implementation. Ensuring visual feedback
on the live audio signal level was key to the user interface design, as was providing clear instructions for
each stage of the environment test.

3.4 Evaluation Criteria

The evaluation criteria consisted of measuring environmental noise quality using metrics for level, vari-
ability, and frequency distribution. Depending on whether the environment meets usability thresholds,
the system will either pass, pass but with a noise profile captured, or fail the environment under test.
The testing method involved simulating various background noise environments, with each simulation
chosen for specific characteristics that allow testing against specific criteria. Tests will also assess be-
haviour close to threshold levels to ensure correct categorisation. Each test generated several system logs
and, where necessary, visual spectrum plots showing relationships among noise levels, noise variability,
noise frequency distributions, and evaluation outcomes, supporting verification of system robustness.

3.5 Materials and Tools

This study used a MERN (MongoDB, Express, React, and Node) stack with TypeScript, providing a
type-safe framework for rapid web-based prototyping to develop a web-based environment noise test.
React, Vite, Tailwind CSS, and React-Router implemented the user interface and managed page naviga-
tion. The Web Audio API provided the necessary tools to develop the DSP pipeline for environmental
noise testing and analysis through its modular routing and audio node system. Use of the Winston
logging library enabled the development of JSON logs that provided structured test results to support
the verification and analysis of outcomes. Microsoft Excel enabled the conversion of JSON noise profile
data points to visual frequency plots.
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3.6 Procedures

As the requirements were primarily defined upfront based on the literature review, the development
process followed a Waterfall approach [65]. Minor iterations refined the decision-logic variables following
initial testing to ensure the system correctly categorised environmental noise. However, limited flexibility
in the outcome meant this was not a truly iterative development process. Structured approaches such
as Yourdon or Ward-Mellor emphasise the need for data flow diagrams and formal modelling, but are
unnecessary for developing a single pipeline [66]. The Agile/Scrum approach requires stakeholder input,
sprints and reviews. Given that this is a single-developer project with no stakeholders, this again does not
fit the purpose of the study [65]. Rapid Application Development, with iterative refinement, evaluation
and artefact development, provided a possible alternative [67]. However, given the fixed requirements
and the limited scope of this component, Waterfall still fits more closely.

3.7 Requirements and Design Documentation

Requirements derived from the literature review provided the basis for a series of user stories acting as
lightweight specification and design documentation. Further design documentation includes an environ-
ment test logic and decision flowchart, as well as a high-level user interaction and noise capture lifecycle
state machine model.

4 Design

5 Implementation

6 Results and Discussion
7

Conclusions and Recommendations
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