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Abstract

Wearable multisensor devices enable continuous cardiac monitoring, but high-
fidelity audio transmission poses challenges due to high data-rate requirements and
low-power Bluetooth constraints.

This thesis presents the development and implementation of an embedded audio
driver for real-time cardiac auscultation on an STM32U545 microcontroller. The
system integrates a MEMS microphone through an I2S interface using DMA and
double-buffering for low-latency and deterministic acquisition. A digital IIR filter,
designed in MATLAB and implemented on the microcontroller using a CMSIS-
DSP biquad cascade structure, preprocesses phonocardiographic (PCG) signals
to enhance clinically relevant frequency bands (20-400 Hz for S1/S2 sounds and
murmurs) with controlled gain while attenuating undesirable noise components.

Audio compression is performed using the LC3 codec (Bluetooth LE Audio
standard) at 32 kbps, operating in real time with 10 ms frames, achieving ~12:1
reduction (480 — 40 bytes/frame) while maintaining signal fidelity with SNR >
25 dB and PRD < 7% under controlled conditions. Bitrate-dependent characteri-
zation was conducted to evaluate compression efficiency, spectral distortion, and
cardiac-band energy preservation.

Key developments include: (1) real-time audio pipeline implementation com-
bining acquisition, digital filtering, and LC3 encoding with low computational
overhead; (2) objective quality validation using SNR, PRD, spectral distortion, and
band-specific energy preservation metrics (>95% retention within cardiac bands
at 32 kbps); (3) experimental characterization through filter validation, codec
performance analysis, and end-to-end acoustic testing.

The results demonstrate the feasibility of integrating an architecture capable of
diagnostic-quality cardiac audio processing within a wearable multisensor platform,
enabling efficient wireless transmission within BLE bandwidth constraints.

Keywords: cardiac auscultation, MEMS microphone, LC3 compression, Blue-
tooth LE Audio, embedded audio driver, wearable medical device.
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Chapter 1

Introduction

1.1 Context and Motivation

This thesis is developed within the context of REMEDY (Remote personalized
Modular monitoring for management of patients with non-communicable Diseases
to improve physiological and social recovery), a project led by Teoresi MedTech.
The objective of REMEDY is the development of a multisensor wearable medical
device designed for complex and elderly patients. Placed directly on the patient’s
chest, this device continuously acquires vital biometric data, including real-time
cardiac auscultation (Phonocardiography or PCG), and transmits it via Bluetooth
to a smartphone gateway for remote clinical analysis.

1.2 Problem Statement

While continuous cardiac auscultation provides invaluable diagnostic information,
it introduces significant engineering challenges in a wearable context. Uncom-
pressed audio data, even when sampled at the lower frequencies typical of cardiac
bandwidths, generates a continuous high-bitrate stream.

For a battery-powered device communicating over Bluetooth Low Energy (BLE),
transmitting raw audio creates a severe bottleneck. The high data volume rapidly
depletes the battery, exceeds the reliable throughput limits of the BLE protocol,
and leaves little bandwidth for the other vital sensors integrated into the REM-
EDY device. Furthermore, ambulatory PCG signals are highly susceptible to
environmental noise and motion artifacts, requiring immediate conditioning before
transmission.

Addressing the trade-off between diagnostic audio fidelity, strict energy con-
straints, and limited wireless bandwidth is the central challenge of this work.

1



Introduction

1.3 Goal and Objectives

The primary goal of this thesis is the design and embedded implementation of a
real-time, low-power audio driver for the REMEDY multisensor wearable device.
To overcome the bandwidth and energy limitations of continuous auscultation,
this work focuses on integrating the Low Complexity Communication Codec (LC3)
directly on the microcontroller to reduce the amount of data to be sent.

To achieve this overarching goal, the following specific objectives were established:

o Embedded Audio Acquisition: Implement a reliable data pipeline using the I?S
protocol and Direct Memory Access (DMA) to capture high-quality digital
audio from an on-board MEMS microphone without overloading the CPU.

o Real-Time Signal Conditioning: Design and deploy a lightweight digital filter-
ing strategy (IIR) to attenuate out-of-band environmental noise and motion
artifacts while preserving the morphological integrity of fundamental heart
sounds.

o Audio Compression: Integrate the LC3 audio codec in a microcontroller
to ensure real-time compression to reduce the transmission payload while
maintaining medical-grade signal quality.

o System Validation: Evaluate the driver’s performance in terms of compression
efficiency, signal distortion, and computational load, ensuring it meets the
stringent requirements of a wearable medical device.

Scope Limitations

While this thesis provides a robust embedded foundation for cardiac audio acquisi-
tion and compression, certain aspects remain outside its scope. Specifically, the
development of a smartphone application frontend, the implementation of clinical
validation with real patients are not addressed. The primary focus of this work lies
strictly in the algorithmic processing, firmware integration, and hardware validation
of the embedded system.

1.4 Thesis Structure

This work is organized as follows:

o Chapter 2 (Background) provides the theoretical foundation of the work,
detailing the physiological characteristics of heart sounds, the principles of
digital phonocardiography, signal processing techniques, and a comparative
review of audio compression strategies for low-power wireless systems.
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Chapter 8 (System Design and Materials) describes the overall system architec-
ture and the hardware platform, focusing on the selected microcontroller and
the digital MEMS microphone used for acoustic acquisition. It also details the
software architecture, the CMSIS and digital signal processing implementation,
and the role of the LC3 codec.

Chapter 4 (Firmware Implementation) details the implementation of the audio
driver, including the DMA circular buffer and state machine. It also explains
the real-time preprocessing on the MCU, the LC3 codec integration, and the
data transmission and validation interface.

Chapter 5 (Experimental Setup and Results) presents the experimental method-
ology and hardware characterization. It evaluates the system by analyzing the
preprocessing validation, LC3 audio compression performance, and end-to-end
system validation.

Chapter 6 (Discussion and Conclusions) presents the interpretation of the
results, discusses the limitations of the system, and outlines directions for
future work.



Chapter 2

Background

2.1 Context of the Study

Wearable devices and smartphones are increasingly used as part of human-centric
sensing systems, where sensing and computation are organized around the person
rather than a single device. In mobile health, this typically means that a body-worn
multisensor node acquires physiological signals, sends them via Bluetooth to a
smartphone, and then forwards the data over the network to a remote analysis
platform for storage, visualization, and decision support [1]. Figure 2.1 illustrates
this pipeline for the specific case of cardiac auscultation.

Wearable Device

- Remote Analysis
9 d A/ \A e
4 i —
4
4
1
! ]
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v
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Smartphone \\ P /
Tl o ,/'
_________ N @ R
Network

Figure 2.1: Human-centric sensing architecture for cardiac auscultation: a wear-
able device acquires heart sounds and sends them via Bluetooth to a smartphone,
which acts as a gateway to the network and remote analysis platform.
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In this architecture, the wearable device is responsible for continuous and non
invasive signal acquisition under strict constraints of size, battery capacity, memory,
and processing capability. The smartphone acts as a local gateway, managing
Bluetooth Low Energy (BLE) communication and user interaction while relaying
data to cloud or clinical infrastructures. Although this distributed approach enables
long-term and out-of-hospital monitoring, it also imposes significant limitations on
energy consumption and wireless bandwidth.

Data transmission is typically the dominant contributor to energy usage in
remote healthcare monitoring systems, often exceeding sensing and local processing
costs. Since battery-powered wearable devices must operate for extended periods,
reducing the transmitted data volume is essential to ensure sustainable and reliable
monitoring.

2.2 Cardiac Auscultation and Phonocardiogra-
phy

Cardiac auscultation refers to the assessment of mechanoacoustic signals generated
by cardiac mechanical activity and blood flow. Since the introduction of the acoustic
stethoscope in 1816 (Figure 2.2a), it has remained a first-line diagnostic tool. This
simple yet effective method is particularly relevant given the global prevalence of
cardiovascular diseases (CVDs), which continue to be one of the leading causes of
death worldwide [2]. Heart sounds often provide the earliest indications of valvular
or hemodynamic abnormalities, guiding subsequent diagnostic evaluation.

From a physiological perspective, heart sounds carry critical information about
valve motion, ventricular function, and hemodynamics. Abnormalities in these
sounds, such as cardiac murmurs, serve as acoustic signatures of altered flow
patterns and typically indicate valve-related pathologies. However, traditional
acoustic auscultation is fundamentally limited by the subjectivity of human hear-
ing, susceptibility to environmental noise, and the inability to store, share, or
objectively reproduce the acoustic findings. To overcome these historical barriers,
the digital stethoscope (Figure 2.2b) emerged, allowing for the electronic capture
and amplification of bodily sounds.

Building upon this electronic foundation, Phonocardiography (PCG) addresses
the core limitations of subjective auscultation by enabling the direct recording and
visualization of heart sounds. As illustrated in Figure 2.3, PCG utilizes electronic
sensors—such as digital microphones placed against the chest wall—to capture the
acoustic waves propagating from the heart and transform them into a quantifiable
visual waveform in the time domain.

This digital acquisition paradigm is transformative: it enables precise signal
amplification, digital filtering to isolate cardiac bands, long-term storage, and
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algorithmic analysis. Furthermore, PCG facilitates seamless integration into wear-
able monitoring systems and Internet of Medical Things (IoMT) frameworks [3],
while also supporting multimodal diagnostics through synchronization with other
physiological signals, such as electrocardiography (ECG).

L
/

(a) Traditional acoustic stethoscope. (b) Modern digital stethoscope.

Figure 2.2: Illustration of two types of stethoscopes: (a) traditional acoustic and
(b) modern digital.

2.2.1 Wearable and Digital Auscultation Devices

Advances in sensor technology and embedded systems have enabled the transition
from purely acoustic stethoscopes to digital and wearable auscultation devices.
Unlike traditional stethoscopes, which transmit vibrations mechanically through
tubing, electronic systems convert chest wall vibrations into electrical signals for
amplification and processing.

Different sensing modalities have been employed in digital auscultation systems.
Piezoelectric sensors offer robustness and mechanical sensitivity, electret condenser
microphones provide wide bandwidth, and MEMS microphones combine compact
size, reliability, and favorable frequency response characteristics for PCG appli-
cations. Accelerometers can also function as contact vibration sensors. In some
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Heart Sound

Figure 2.3: Phonocardiography (PCG). Acoustic vibrations generated by the
mechanical activity of the heart (left) are captured by an electronic transducer on
the chest wall and converted into a continuous digital waveform (right), allowing
the objective visualization of the fundamental S; and Sy cardiac events in the time
domain.

designs, multiple modalities are combined to enhance signal robustness.

Electronic acquisition systems are capable of detecting and amplifying these
low-amplitude and near-subaudible components with higher sensitivity and repeata-
bility than purely acoustic stethoscopes. By employing suitable sensors, low-noise
amplification, and digital filtering, wearable phonocardiographic systems can pre-
serve diagnostically relevant information that might otherwise be attenuated or
overlooked in traditional auscultation. Figure 2.4 highlights that diagnostically
relevant heart sound components are concentrated in low-frequency regions, some
of which lie near the lower threshold of human auditory sensitivity. The human
ear is relatively insensitive below approximately 50-60 Hz, yet S3, S4, and certain
pathological vibrations may contain useful information in this range.

Recent systems demonstrate the feasibility of wireless phonocardiography using
MEMS microphones and Bluetooth transmission [5]. More advanced platforms inte-
grate multimodal sensing, including accelerometers and digital MEMS microphones,
to improve signal quality and diagnostic capability [6]. Smartphone-based solutions
have also been explored, though they typically provide lower signal consistency
compared to dedicated wearable devices [7].

Overall, these developments confirm the technical feasibility of portable and
wearable cardiac acoustic monitoring, while highlighting ongoing challenges related
to power efficiency, signal quality, and data transmission constraints.

2.2.2 Physiology and Spectral Characteristics of Heart
Sounds

Heart sounds are low-amplitude, band-limited mechanical vibrations transmitted
through the chest wall. The primary components are the fundamental sounds S1
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Figure 2.4: Frequency regions of heart sounds and murmurs relative to the human
threshold of audibility. Clinically relevant components extend toward low-frequency
bands near or below the most sensitive region of human hearing (adapted from [4]).

and S2. The first heart sound (S1) occurs at the beginning of the isovolumetric
ventricular contraction and is associated with the closure of the atrioventricular
(mitral and tricuspid) valves. The second heart sound (S2) marks the beginning
of diastole and corresponds to the closure of the semilunar (aortic and pulmonic)
valves [4]. Depending on specific physiological or pathological conditions, additional
sounds may be produced by the mechanical activity of the heart. These include the
third and fourth heart sounds (S3, S4), as well as murmurs, which are sustained
acoustic phenomena caused by the turbulent, high-velocity flow of blood across
structural defects or narrowed valves.

The spectral properties of heart sounds have been already studied and have been
well described [8]. The clinically relevant energy is concentrated at relatively low
frequencies, typically below 250 Hz for fundamental sounds, while murmurs and
transient events may extend toward higher bands. Recordings are frequently con-
taminated by lung sounds, ambient noise, friction, and motion artifacts, motivating
the need for appropriate preprocessing and filtering. Table 2.1 summarizes the
typical frequency ranges for distinct cardiac events alongside common interference
sources. The spectral overlap between cardiac murmurs and respiratory sounds
underscores the critical need for careful acquisition design and robust digital signal
conditioning in embedded implementations.

To illustrate this morphological diversity, Figure 2.5 presents representative
4-second temporal windows of phonocardiograms categorized into four distinct
clinical classes. The figure contrasts the clean, rhythmic impulses of normal heart
sounds against the sustained acoustic turbulence of murmurs, the presence of
anomalous extra sounds, and the waveform degradation caused by broadband noisy
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artifacts.

(b) Pathological Murmur

|
(c) Extra Heart Sounds

Figure 2.5: Representative time-domain waveforms of the four main PCG cat-
egories (normalized amplitude, 4-second windows). (a) Normal heart sounds
exhibiting clear S1 and S2 peaks; (b) Pathological murmurs characterized by sus-
tained, high-frequency turbulence between fundamental beats; (c¢) Extra heart
sounds showing additional transient acoustic events within the cardiac cycle; and
(d) Noisy PCG heavily degraded by broadband environmental and motion artifacts.

2.2.3 Auscultation Sites and Practical Acquisition

The audibility and spectral content of heart sounds vary across the precordium.
Among the standard auscultation sites, Erb’s point (left parasternal, third inter-
costal space) is frequently preferred because the first and second heart sounds (S1
and S2) are typically heard with comparable intensity. For wearable or sensor-based
configurations, parasternal placement near the sternum offers stable mechanical
coupling and consistent capture of the fundamental cardiac components.

In this work, the acquisition site follows the placement identified as P3 in [5],
corresponding to the left parasternal region adjacent to the sternum. This location
provides reliable signal quality and is well suited for practical phonocardiographic
recording.
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Table 2.1: Typical frequency content of heart sounds and common interference
sources, including their physiological or physical origin.

Sound Origin Frequency Range

Heart Sounds

S1 (Lub) Closure of mitral and tricuspid 10-200 Hz
valves (onset of systole)
S2 (Dub) Closure of aortic and pulmonary 20-250 Hz
valves (end of systole)
S3, S4 Ventricular filling and atrial 15-70 Hz
contraction phenomena
Murmurs Turbulent blood flow across Up to 600 Hz
valves or septal defects
Opening snaps, clicks Sudden valve opening or 100-800 Hz
abnormal leaflet motion
Interferences
Lung sounds Airflow in bronchial tree and 200-2000 Hz
alveoli
Ambient noise Environmental acoustic sources 20-2000 Hz

2.3 MEMS Microphones for Medical Applica-
tions

Micro-electro-mechanical systems (MEMS) have become a key enabling technology
in modern medical devices. They exploit micro-scale mechanical structures and
advanced fabrication processes to implement miniature sensors and actuators with
high accuracy and reproducibility [9]. Compared with traditional electret condenser
microphones (ECMs), MEMS microphones offer several advantages: smaller size,
improved robustness to mechanical shocks, compatibility with high-temperature
automated PCB assembly, and better control over device-to-device variability.
Moreover, MEMS transducers can be co-packaged with CMOS electronics, reduc-
ing area and external component count while improving reliability and overall
performance.

Beyond microphones, modern wearable medical systems commonly integrate
multiple MEMS-based sensors—such as accelerometers, IMUs, and force sen-
sors—together with a microcontroller in a compact form factor [1]. This high level
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of integration enables real-time, on-device processing (edge computing) and creates
the basis for remote, personalized monitoring solutions that can support earlier
diagnosis and continuous follow-up using low-cost, mass-produced hardware.

A microphone is an electroacoustic transducer that converts incident sound waves
into an electrical signal. Although different transduction principles exist—dynamic,
piezoelectric, optical, or capacitive—the general mechanism is similar: an acoustic
wave sets a mechanical element into motion, and this motion is converted into an
electrical quantity [9]. In this work, a capacitive MEMS microphone is employed.
As illustrated in Figure 2.6a, a compliant diaphragm and a rigid backplate form
a variable capacitor; acoustic pressure causes small deflections of the diaphragm,
which modulate the capacitance and generate the electrical signal.

In a typical digital MEMS microphone, shown in Figure 2.6b, the mechanical-
to-electrical conversion is followed by an integrated analog front-end and an over-
sampling sigma-delta analog-to-digital converter XA. The converter produces a
pulse-density modulated (PDM) bitstream, which is then decimated and filtered to
obtain a pulse-code modulated (PCM) signal. This PCM output can be connected
directly to a microcontroller through standard digital audio interfaces such as I%S.
The result is a compact signal chain that minimizes external analog circuitry and
simplifies embedded audio acquisition.

1CS-43434
FILTER
ADC | - SCK
Back Chamber SERIAL sD
Perforated Backplate POWER HARDWARE PORT ws
L T I MANAGEMENT CONTROL
/ Gap \% X 22 ,J\ ,]\ ,l\
l I S Ao A
Diaphragm Water 9 2 ©
> o
—
" Acoustic Port (b) Digital MEMS microphone with
Sound (Through Hole) . o, .
on-board signal conditioning and
(a) Schematic structure of a capacitive PDM/PCM conversion. Adapted from
MEMS microphone. InvenSense [10]

Figure 2.6: Conceptual structure and signal chain of a capacitive digital MEMS
microphone.

The choice of a digital MEMS microphone in this project is motivated by its
favorable signal-to-noise ratio in the cardiac band, relatively flat frequency response,
and seamless integration with the on-board signal-processing pipeline. Comparative
studies of microphone technologies for electronic stethoscopes have reported that
digital MEMS-based solutions can provide both a wide usable bandwidth and high
SNR, outperforming alternative transducer types in this application domain [11].
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2.4 Audio Interfaces and Embedded Audio Ac-
quisition (I2S - DMA)

The acquisition of digital audio in embedded systems relies on specialized serial
protocols and hardware peripherals designed to handle high data rates with minimal
CPU intervention. Inter-Integrated Circuit Sound (I2S) is the standard synchronous
serial protocol for transmitting digital audio between integrated circuits (IC) [12] .
An I2S bus consists of 3 lines:

o Serial Clock (SCK): continous clock that defines the bit rate.
« Word Select (WS): frame synchronization signal that selects the active channel.

o Serial Data (SD): data line carrying time-multiplexed audio samples.

The master device generates SCK and WS, while slaves synchronize to these signals.
For stereo audio, WS operates at 50% duty-cycle: one half-period transmits the
left channel and the other the right channel. Audio samples are transmitted in
pulse-code modulation (PCM) format, encoded as two’s complement, with the
MSB (most significant bit) first and are aligned with SCK transitions as illustrated
in Figure 2.7. In this project, a digital MEMS microphone provides a PCM stream
that is captured by the microcontroller’s Serial Audio Interface (SAI) peripheral,
which implements the 1?S standard.

-
SCK ' |
WS fa
i o
SD MSB )L D( Ls XmseX
WORD n-1 WORD n WORD n+1
RIGHT CHANNEL LEFT CHANNEL RIGHT CHANNEL

Figure 2.7: I°S timining diagram showing Serial Clock (SCK), Word Select (WS),
and Serial Data (SD) for left and right channels.
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2.5 Signal Processing Techniques

2.5.1 Signal Processing in Wearable Cardiac Monitoring

Biomedical signals such as phonocardiograms (PCG) are typically low-amplitude,
non-stationary, and affected by multiple sources of interference. In the context of
wearable cardiac monitoring, signal processing serves two main purposes. First,
preprocessing techniques aim to attenuate noise and artifacts while preserving the
intrinsic morphology of heart sounds. Second, analysis techniques—often performed
offline or on more powerful processors—extract spectral, temporal, or statistical
features for interpretation or classification. These operations can be carried out
in the time domain, frequency domain, or time—frequency domain, each providing
complementary information about the signal.

Given the strict energy and computational constraints of embedded wearable
systems, the choice of processing techniques must balance diagnostic utility with
implementation efficiency.

This section presents the theoretical foundations of the signal processing strate-
gies employed in this work. The discussion is organized according to the processing
domain: time-domain methods (digital filtering) for real-time embedded implemen-
tation, and frequency-domain/time-frequency methods for offline validation and
analysis.

2.5.2 Noise Sources and Challenges in Ambulatory PCG
Recording

Chest sound recordings acquired in ambulatory conditions are affected by multiple
noise sources that compromise signal quality and diagnostic utility. These include:

o Environmental noise: Background sounds from conversations, air conditioning,
and equipment operation

o Sensor-skin friction: Mechanical noise caused by movement or improper contact
between the MEMS microphone and skin

o Motion artifacts: Low-frequency fluctuations resulting from patient movement
or external disturbances

« Biological interference: Respiratory sounds, muscle contractions, and other
physiological noises that spectrally overlap with heart sounds

A critical challenge in wearable cardiac monitoring is that these disturbances often
overlap spectrally with the cardiac band (20-400 Hz), complicating simple fre-
quency separation. Preprocessing must therefore attenuate out-of-band components
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while preserving diagnostically relevant information with minimal computational
overhead.

2.5.3 Preprocessing Strategies

The selection of a preprocessing strategy for wearable phonocardiography requires
a careful balance between signal enhancement capabilities and computational
complexity.

Wavelet-based methods, particularly the Discrete Wavelet Transform (DWT),
represent a powerful approach for processing non-stationary biomedical signals. By
decomposing the signal into time-localized frequency bands using mother wavelets
(commonly Daubechies families such as dbj or db6 with decomposition levels
between 4 and 7), DWT enables the selective thresholding of noise-dominated
coefficients while preserving transient cardiac events such as S1 and S2 sounds
[13]. Several studies report that wavelet-based denoising is particularly effective
for mitigating motion artifacts and respiratory interference [5].

In this work, wavelet-based analysis (specifically the Continuous Wavelet Trans-
form) is employed exclusively during offline signal evaluation, where computational
resources are not constrained. This multiresolution framework allows for a detailed
visual inspection of the non-stationary PCG signal and provides a robust baseline
for validating the preprocessing performance. However, the computational and
memory demands of wavelet transforms—requiring multiple filter bank stages, coef-
ficient thresholding, and signal reconstruction—make them unsuitable for real-time
execution on resource-limited microcontrollers.

Consequently, for the embedded implementation, the system adopts a digital
band-pass Infinite Impulse Response (IIR) filter. As detailed in the subsequent sec-
tions, the IR approach provides adequate frequency selectivity while maintaining
an extremely low computational footprint. Relying on simple recursive difference
equations with fixed coefficients, it ensures deterministic execution time, minimal
CPU usage, and predictable memory consumption. These are fundamental require-
ments for wearable devices operating under strict power constraints. The designed
filter emphasizes the principal cardiac frequency band (20-400 Hz), attenuating
low-frequency motion artifacts and high-frequency environmental noise, thereby
delivering a clean signal to the LC3 compression stage without imposing significant
processing overhead.

2.5.4 General Principles of Biomedical Signal Processing

Time-domain processing directly manipulates the discrete-time signal samples
acquired from the sensor. Among the most widely used operations in biomedical
applications is digital filtering, which selectively attenuates or amplifies specific
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frequency components of the signal.

A digital filter can be modeled as a linear time-invariant (LTI) system whose
output y[n] is obtained through convolution of the input signal z[n] with a predefined
impulse response[14].

Conceptually, the filter shapes the spectral content of a discrete-time signal
according to the characteristics of the filter’s impulse response to enhance diag-
nostically relevant components or suppress noise. In the time domain, filtering
corresponds to a weighted combination of current and past samples of the input
(and, in some cases, of the output), while in the frequency domain it is equivalent

to multiplying the signal spectrum by a frequency-dependent transfer function
H(el®).

Difference Equation, Impulse Response and Filter Order

A general causal digital filter is described by the linear difference equation

yln| = z_:bkx[n—k‘] —Zaky[n—k], (2.1)

where x[n] and y[n] denote the input and output signals, respectively, and ay, by are
real-valued filter coefficients that determine the behaviour of the system [15]. The
integers M and N define how many past input and output samples contribute to
the current output; the filter order is typically given by max(M, N) and is directly
related to how sharp the transition between passband and stopband can be.

The corresponding impulse response h[n] is the output of the system when the
input is a unit impulse §[n]. For a given set of coefficients, h[n] is completely
determined and can be used to characterize the filter in both time and frequency
domains [15].

Transfer Function and Frequency Response

Applying the z-transform to (2.1) yields the rational transfer function
V(z)  Silgbez*

X(z) 1+3N apz

whose poles and zeros determine stability and frequency selectivity. Evaluating
(2.2) on the unit circle z = €/ gives the discrete-time frequency response

H(e™) = |H(e™)] /), (2.3)

H(z) = (2.2)

where |H(e?*)| is the magnitude response (gain as a function of frequency) and
¢(w) is the phase response. In biomedical applications, the magnitude response is
used to define the cardiac passband (e.g. 20-400 Hz for PCG), while the phase
response is important to preserve the temporal morphology of heart sounds.
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FIR vs IIR Filter Architectures

Finite Impulse Response (FIR) filters are obtained by setting ay = 0 in (2.1), which
removes the recursive part:

y[n] = Z be x[n — k. (2.4)

The impulse response is simply h[n| = b, for 0 < n < M and zero otherwise. FIR
filters are inherently stable and can be designed to have a linear phase [16]. The
main drawback is that sharp transitions in the frequency response require a high
order (many coefficients), increasing memory and computational cost, prohibitive
for embedded real-time operation.

Infinite Impulse Response (IIR) filters retain the recursive feedback terms in
(2.1), typically with M and N of low order:

y[n| = 1; bp x[n — k] — ]; ary[n — k. (2.5)

Because past outputs are fed back into the system, the impulse response decays
asymptotically but never becomes exactly zero, hence “infinite”. IIR filters can
approximate a desired magnitude response (e.g. Butterworth, Chebyshev, elliptic
designs) with significantly fewer coefficients than an equivalent FIR filter, leading
to much lower computational and memory requirements. This efficiency makes
them attractive for embedded biomedical devices [16].

However, IIR filters have two important limitations. First, stability must be
carefully checked to ensure that all poles of H(z) lie inside the unit circle; otherwise
the output may diverge. Second, their phase response is generally non-linear,
introducing phase distortion and group-delay dispersion that can slightly alter the
relative timing of S1, S2 and murmurs. In offline analysis this can be mitigated
with zero-phase forward—backward filtering, but such techniques are not suitable
for real-time embedded processing.

Cascaded Biquad Implementation

In practical applications, high-order IIR filters are rarely implemented as single
transfer functions due to numerical instability from coefficient quantization sensitiv-
ity. Instead, the transfer function is decomposed into a product of K second-order
sections (SOS), or biquads:

H(z) = kl:[ Hy(z) = Hi(z) - Ho(2) - ... - Hg(2). (2.6)
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where each individual stage is defined by a biquadratic transfer function:

bo + bupz! + bopz2
Hy(z) = 0002 F0w2 0y K (2.7)

14 alkz—l + a2k2_2 ’

The complete filter is realized by connecting these K sections in series, as illustrated
in Figure 2.8.

x[n] y[n]
— Hl(Z) > HZ(Z) —> ... — HK(Z) l—

(SOS 1) (SOS 2) (SOS K)

Figure 2.8: Cascaded biquad structure

Regarding the phase response, the total phase shift introduced by the cascade is
the cumulative sum of the individual stage phases:

¢tota1(u}) = I; ¢k(w) = ¢1(W> 4+ ...+ qbK(w). (28)

Similarly, the overall magnitude response of the system is the product of the
individual magnitudes of each section:

[H(e™)| = [Hi(e")] - [Ha(e™)] - ... - [H(e")]. (2.9)

Expressing the magnitude in decibels (dB), the relationship becomes additive, just
like the phase:

K
201ogy | H ()] = > 201ogy, | Hi(e™)). (2.10)
k=1
The cascade structure offers decisive advantages for embedded implementation [16]:

o Numerical stability: Each second-order section localizes quantization errors,
preventing propagation across the entire filter

o Reduced sensitivity: Poles and zeros are more robust to finite-precision arith-
metic, critical for fixed-point microcontrollers

o Computational efficiency: Optimized libraries such as CMSIS-DSP exploit
Cortex-M architecture for single-cycle multiply-accumulate operations on
cascaded biquads [17]

This modular approach is the standard implementation strategy for practical IIR
filters in resource-constrained environments.
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2.5.5 Frequency-Domain and Time-Frequency Analysis for
Offline Validation

Beyond preprocessing, frequency-domain analysis provides quantitative insight into
the spectral distribution of a PCG signal energy for validation and interpretation.
Because heart sounds are inherently non-stationary, containing transient compo-
nents such as S1, S2, and short-duration murmurs, pure frequency-domain methods
are often insufficient to capture their temporal evolution.

Time—frequency representations address this limitation by jointly describing
how spectral content changes over time, enabling the characterization of transient
phenomena and the identification of pathological components that may only appear
during specific phases of the cardiac cycle. These analyses are computationally
demanding and therefore performed offline during validation rather than on the
microcontroller.

Fourier Transform and Spectral Representation

The theoretical basis of frequency-domain analysis is the Fourier transform, which
decomposes a signal into sinusoidal components of different frequencies [14].
For a continuous-time signal z(t), the Fourier transform is defined as:

X(f) = /_ Z o(t)e g, (2.11)

For discrete-time signals x[n] sampled at frequency fs, the Discrete-Time Fourier
Transform (DTFT) is:

X(e)= > x[n]e ", (2.12)
where w = 27 f/ f; is the normalized angular frequency.
In practical implementations, the Discrete Fourier Transform (DFT) is computed
over N samples using the Fast Fourier Transform (FFT):

N-—1
X[k =3 znle ¥ k=01,...,N —1. (2.13)
n=0

The DFT provides spectral coefficients at discrete frequencies f, = kfs/N. For
real-valued PCG signals, only the first N/2 + 1 bins contain unique information
due to conjugate symmetry.

FFT analysis enables visualization of dominant frequency components, verifica-
tion of filter behavior, and inspection of noise contributions outside the cardiac
band.
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Power Spectral Density Estimation via Welch’s Method

The Power Spectral Density (PSD) describes how signal power is distributed
across frequency. Direct periodogram estimation suffer from high variance, which
limits their reliability for biomedical signals. Welch’s method addresses this issue
by segmenting the signal, applying windowing, and averaging multiple modified
periodograms, thereby reducing variance without excessively degrading frequency
resolution [18]:

1. Divide the signal into K overlapping segments of length L
2. Apply a window function (e.g., Hamming) to each segment

3. Compute the periodogram:

1
Pu(f) = £IFFT ()P
4. Average across segments:

PU) = g LB

In PCG analysis, Welch’s method provides a robust spectral representation
that highlights dominant components, reveals noise contributions, and supports
objective validation of filtering and compression stages.

Time—Frequency Analysis: STFT and Wavelet Transforms

While the PSD provides information about the global distribution of signal energy
across frequency, it does not capture temporal variations. Phonocardiogram (PCG)
signals are inherently non-stationary: heart sounds (S1, S2) and murmurs are
transient events whose spectral content evolves rapidly during the cardiac cycle.
To jointly analyze time and frequency behavior, time—frequency representations
are required.

Short-Time Fourier Transform (STFT) The Short-Time Fourier Transform
(STFT) extends Fourier analysis by computing the spectrum within a sliding time
window:

X(r,w) =Y zn]wn—7]e ¥, (2.14)

n

where w(n| is a window function (e.g., Hamming) centered at time 7. The squared
magnitude | X (7,w)|? generates the visual representation known as the spectrogram.
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However, the STF'T is fundamentally constrained by its use of a fixed window
length, which imposes a constant time—frequency resolution. This leads to a
Heisenberg-Gabor uncertainty trade-off: short windows provide excellent temporal
precision but poor frequency resolution, whereas long windows yield high frequency
resolution at the cost of temporal smearing. For PCG signals, this limitation
is severely penalizing. Sub-audible and low-frequency components (20-150 Hz)
require high frequency resolution, while high-frequency murmurs require precise
temporal localization. A single fixed window cannot optimally represent both
simultaneously, often leading to spectral smearing in the low-frequency cardiac
band [15, 19].

Continuous Wavelet Transform (CWT) The Continuous Wavelet Transform
(CWT) addresses the STFT’s limitations through multiresolution analysis. Instead
of a fixed window, CW'T utilizes an ’elastic’ approach by scaling and analyzes the
signal using scaled and shifted versions of a mother wavelet:

W(a,b) = \;a/x(t) e <H> dt, (2.15)

a

where a is the scale parameter (inversely related to frequency), b is the time shift,
and 1(t) is the mother wavelet.

This mathematical formulation allows the CW'T to dynamically adapt its reso-
lution. When capturing high-frequency components (small scale a), the wavelet
compresses, acting as a narrow temporal window that offers extreme temporal
precision—suitable, for instance, for identifying the exact instant of an aortic valve
closure. In contrast, when capturing low-frequency components (large scale a), the
wavelet stretches, enhancing frequency resolution and allowing the transform to
accurately capture the spectral signature of deep, low-frequency cardiac vibrations.

In this work, the Analytic Morlet wavelet is employed for the analysis of cardiac
acoustics. The Morlet wavelet—constructed as a complex exponential modulated
by a Gaussian envelope—exhibits a morphology that closely resembles the damped,
transient nature of human heart sounds. This structural affinity maximizes the
correlation between the wavelet and the underlying PCG waveform, yielding a
time—frequency representation that is both clean and minimally affected by artifacts.

Consequently, the CW'T yields significantly sharper and more clinically informa-
tive visual representations of cardiac dynamics compared to the STFT [19]. To
illustrate this critical difference, Figure 2.9 compares the PSD, the STFT spec-
trogram, and the CW'T scalogram computed from the same PCG segment. This
visual comparison highlights the blurring effect of fixed-resolution methods and the
advantages of multiresolution wavelet analysis for inspecting low-frequency cardiac
components.
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Figure 2.9: Comparison of frequency-domain and time—frequency representations
for a PCG signal. (a) Welch’s PSD shows the global distribution of energy but
lacks temporal tracking. (b) The STFT provides a time—frequency map but suffers
from a rigid resolution trade-off, blurring low-frequency events. (¢) The CWT offers
multiresolution analysis, yielding unmatched frequency resolution at low bands and
sharp temporal localization of transient acoustic impacts.

2.6 Audio Compression for Low-Power Wireless
Systems

2.6.1 Audio sampling rates and need for compression

Audio is one of the most data-intensive biosignals, because clinically useful in-
formation is spread over relatively wide frequency bands and must be sampled
at sufficiently high rates to avoid aliasing. According to the Nyquist theorem,
a band-limited signal must be sampled at least at twice its highest frequency
component in order to be perfectly reconstructable, as illustrated in Figure 2.10.
If the sampling rate falls below this threshold, high-frequency components are
erroneously reconstructed as lower-frequency waves, a destructive phenomenon
known as aliasing.

For general audio applications, the upper limit of human hearing is often taken
as 20 kHz, which motivates conventional sampling rates such as 44.1 or 48 kHz
in music and streaming systems. Table 2.2 summarizes common audio bandwidth
categories, from narrowband speech to full-band high-quality audio, and their
approximate usable frequency ranges.

In phonocardiography, the bandwidth of interest is narrower but still non-negligible|
Many studies assume that most heart sound and murmur energy lies below approx-
imately 800 Hz, and therefore adopt sampling frequencies around 4 kHz with 16-bit
resolution for PCG recording [20]. Even under these reduced conditions, such a
stream still produces

fs x bits = 4,000 x 16 ~ 64 kbit/s
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Correct Sampling (fs > 2fmax)

Figure 2.10: Visual representation of the Nyquist-Shannon sampling theorem.
The upper plot shows correct signal reconstruction when the sampling rate (fs) is
sufficient. The lower plot demonstrates aliasing: undersampling causes the discrete
points to form a false, lower-frequency alias of the original signal.

Table 2.2: Typical audio bandwidth categories and corresponding frequency
ranges.

Category Approximate frequency range
Narrowband (NB) 0-4 kHz
Wideband (WB) 0-8 kHz
Semi Super Wideband (SSWB) 0-12 kHz
Super Wideband (SWB) 0-16 kHz
Full Band (FB) 0-20 kHz

for a single channel, and higher sampling rates or wider bands increase this figure
proportionally.

As established in Section 1, in battery-powered wearable devices, transmission
energy typically dominates total energy consumption, and local memory is limited.
Streaming raw audio at tens or hundreds of kilobits per second per channel rapidly
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saturates the available BLE throughput and shortens battery life. As a result,
on-device audio compression is mandatory to reduce the bitrate while preserving
the diagnostic information contained in the PCG signal.

2.6.2 PCG audio compression techniques in the literature

A wide range of techniques has been proposed for compressing phonocardiogram
(PCG) signals, typically aiming to balance compression ratio, signal fidelity, and
energy consumption—three factors that are especially critical in wearable and
low-power biomedical devices.

Dictionary- and codebook-based methods exploit the quasi-periodic structure
of heart sounds. Tang et al. introduced a two-stage strategy combining sound
repetition detection with vector quantization, where a dictionary of typical PCG
patterns is learned and only dictionary indices plus a residual component are
transmitted [20]. This approach achieves high compression with relatively low
percentage root-mean-square difference (PRD). Similarly, Francescon et al. proposed
a family of codebook-based algorithms for biomedical signals, designed specifically
for resource-constrained wearable devices [1]. Recurring motifs are extracted and
stored in a compact codebook, and new segments are encoded by matching them
to the closest motif, reducing both memory footprint and transmission cost.

Transform-based compression is another widely explored direction. Wavelet-
and DCT-based schemes project the PCG into a time-frequency domain and re-
tain only the most significant coefficients, concentrating most of the signal energy
into a compact representation [21]. In fetal PCG, more advanced moment-based
techniques—such as fractional-order orthogonal moments or discrete Charlier mo-
ments—have been proposed to further reduce transmission time and energy in
Internet-of-Healthcare-Things scenarios [22]. Several studies report that wavelet-based|
methods (e.g., DWT, WPT) often outperform DCT for preserving low-frequency
cardiac components [13].

Compressive sensing and machine learning approaches represent a different
paradigm. Ragusa et al. demonstrated that combining compressive sensing with
lightweight neural networks running on STM32 microcontrollers enables direct
classification of heart sounds from compressed measurements, bypassing explicit
reconstruction while maintaining high Fl-scores [3]. Similar architectures have
been explored for multimodal wearable monitoring [23]. Deep learning—based
autoencoders have also been proposed for PCG compression, using convolutional
encoder—decoder structures to learn compact latent representations [19].

Overall, the literature shows that PCG signals can be compressed aggressively,
particularly when the end goal is automated classification rather than high-fidelity
reconstruction. However, many of these methods require custom decoders, spe-
cialized reconstruction algorithms, or dedicated neural networks on the receiver
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side—factors that limit interoperability and increase system complexity.

In contrast, the present work adopts a standardized audio codec, LC3, which is
part of the Bluetooth LE Audio ecosystem. LC3 offers a well-defined trade-off be-
tween compression efficiency and perceptual quality, can be decoded on off-the-shelf
devices without custom software, and benefits from the robustness and widespread
support of an established audio standard. This makes it particularly suitable for
low-power wearable auscultation systems where interoperability and simplicity are
essential.

2.6.3 The Low Complexity Communication Codec (LC3)

Wireless audio transmission in wearable medical devices must balance signal fidelity,
transmission rate, power consumption, and latency. Although Bluetooth Low
Energy (BLE) is widely adopted for low-power connectivity, its effective throughput
is limited by protocol overhead. In practice, BLE supports up to 2 Mbit/s at the
physical layer, but usable application throughput is typically around 1.4 Mbit/s or
lower [24]. A 48 kHz, 16-bit mono audio stream requires approximately 1.5 Mbit /s,
leaving insufficient margin for packet headers, retransmissions, and additional
sensor data. As a result, audio compression is essential for reliable low-power
transmission.

Earlier Bluetooth audio solutions relied on the Subband Codec (SBC), which
provides acceptable quality at bitrates between 192 and 320 kbit/s but suffers
from relatively high end-to-end latency and limited efficiency at lower bitrates [25].
Other codecs such as AAC or aptX target consumer multimedia applications and
are not native to the BLE Audio framework, often requiring higher computational
complexity or proprietary implementations.

Bluetooth LE Audio, introduced with Bluetooth 5.2, addresses these limitations
through a redesigned architecture and the mandatory adoption of the Low Complex-
ity Communication Codec (LC3) [24]. LC3 is a transform-based codec optimized
for low computational complexity, short frame durations, and high perceptual
quality at reduced bitrates [25]. Listening tests indicate that LC3 achieves quality
comparable to or better than SBC while operating at approximately half the bitrate,
as illustrated in Figure 2.11.

Unlike research-oriented PCG compression methods, LC3 can be decoded on
off-the-shelf devices without custom software, ensuring interoperability and simpli-
fying system design. This makes it an attractive choice for wearable auscultation
systems, where the goal is to preserve diagnostic information while minimizing
energy consumption and maintaining compatibility with standard BLE receivers.

LC3 supports a wide range of sampling rates and bitrates. In this work, a
configuration of 16 kHz sampling rate, 32 kbps bitrate, and 10 ms frame duration
was selected as a balance between diagnostic fidelity, latency, and computational
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Figure 2.11: Comparison between Bluetooth audio codecs. LC3 provides improved
perceptual quality compared to SBC at significantly lower bitrates [25].

load. Figure 2.12 illustrates the encoder—decoder pipeline used in the system,
highlighting the shared parameters that must be identical on both ends of the link.

Parameter configurations:
 Bitrate 32kbps
¢ Sampling Frequency 16kHz
¢ Frame duration 10ms

LC3 Frame LC3 Frame

-~

40-byte
encoded audio frame

Figure 2.12: Conceptual LC3 encoding and decoding pipeline. The input PCM
signal is segmented into 10 ms frames (40 bytes at 32 kbps), encoded, transmitted,
and decoded back into PCM. Matching encoder—decoder parameters (sampling
rate, bitrate, and frame duration) is essential for correct bitstream interpretation
and reliable reconstruction.

This configuration enables low-latency transmission (20-30 ms end-to-end),
reduces radio duty cycle, and can be executed in real time on resource-constrained
microcontrollers such as the STM32U5. The theoretical foundations of LC3 are
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discussed in Chapter 3, the embedded implementation is detailed in Chapter 4,
and Chapter 5 validates that this operating point preserves the diagnostic features
of the phonocardiogram.

LC3 in Medical Wearable Devices

LC3 has been widely adopted in modern hearing aids as part of the Bluetooth
LE Audio ecosystem, replacing legacy analog or Bluetooth Classic-based solutions
[26]. Its deployment in battery-constrained, continuously operating medical-grade
devices demonstrates its maturity, reliability, and suitability for long-term audio
streaming applications.

The selection of LC3 in this work is motivated by its standardization within
the BLE Audio specification, its proven deployment in medical and assistive lis-
tening devices, and its balance between diagnostic signal fidelity, energy efficiency,
and low latency. Unlike proprietary or research-oriented codecs requiring custom
receivers [20], LC3 ensures interoperability with the broader LE Audio ecosys-
tem while remaining computationally feasible for embedded microcontroller-based
implementations.
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Chapter 3

System Design and
Materials

3.1 Overall System Architecture

The envisioned complete system is designed to acquire, enhance, compress, and
transmit cardiac acoustic signals in a portable, low power, and efficient manner.
The ideal architecture is organized into four functional layers, each addressing a
specific stage of the signal chain:

e a sensing layer that captures heart sounds using a digital MEMS microphone,
o an embedded processing layer that runs on an STM32 microcontroller,

o a wireless communication layer intended to be based on Bluetooth Low Energy
(BLE) in the final deployment,

o and a remote analysis layer responsible for decompression, visualization, and
further signal analysis through a gateway and web-based application.

Figure 3.1 illustrates the block diagram of this complete architecture, highlighting
the ideal signal flow from acquisition to remote analysis.

Within the embedded device, the audio firmware follows a precise processing
pipeline as depicted in the diagram. First, the digital MEMS microphone converts
acoustic pressure into a digital audio stream using an internal sigma-delta converter
and decimation filters, providing a PCM signal over the I2S interface. Second, the
acquired signal is preprocessed using a digital IIR filter that emphasizes the cardiac
frequency band while attenuating undesired high-frequency components. Third,
the filtered audio is compressed using the LC3 codec, which reduces the bitrate
while preserving diagnostically relevant features.
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Figure 3.1: Block diagram of the proposed system architecture. Note: While
the envisioned system targets BLE transmission, the current prototype focuses on
validating the embedded pipeline (preprocessing and LCS compression), utilizing a
generic wired data transmission link in place of the Bluetooth module.

Finally, in the current implementation, these compressed frames are packetized
and transmitted over a generic data link to a host computer (bypassing the BLE
stage). On the receiving side, the LC3 decoder reconstructs the audio signal from
the compressed stream, allowing it to be displayed, stored, and analyzed within a
clinical software application.

The following sections provide a detailed description of the hardware and software
components used to implement this architecture.

3.2 Hardware Platform

The hardware architecture is designed around three main pillars: the microcontroller,
the digital MEMS microphone, and the wireless interface. While this work focuses
on the implementation of the acquisition and compression stages, the system is
designed to integrate a Bluetooth Low Energy (BLE) module as the primary
communication link.

3.2.1 Microcontroller Unit (MCU)

The microcontroller is an STM32 device based on an Arm Cortex-M33 core. It
provides sufficient computational performance and memory to support real-time
audio processing under tight latency and power constraints. This capability is
largely driven by its integrated single-precision Floating-Point Unit (FPU) and DSP
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instruction set (SIMD), which drastically accelerate the complex mathematical
operations required for IIR filtering and LC3 MDCT transformations.

Furthermore, the MCU architecture is highly receptive to aggressive C compiler
build optimizations (e.g., the -03 flag) and features dedicated hardware such as
the Filter Mathematical Accelerator (FMAC) and the Serial Audio Interface (SAI)
with Direct Memory Access (DMA) support. This allows the system to offload
data transfers and audio acquisition from the main CPU, maximizing the time
spent in low-power sleep modes.

The selected model, the STM32U545, is specifically suited for wearable applica-
tions due to its ultra-low-power architecture. It offers a superior balance between
energy efficiency and real-time processing capability. Additionally, it is one of the
most cost-effective options in its family and provides a flexible set of peripherals,
making it a practical choice for the proposed embedded system [27].

For the firmware development, prototyping, and experimental validation phases
of this research, an official STMicroelectronics evaluation board housing the
STM32UbH45 microcontroller was utilized. Relying on this evaluation platform
facilitated rapid development and reliable hardware debugging. Specifically, it
features an integrated ST-LINK programmer, which allows for seamless firmware
flashing and high-speed data acquisition without requiring external programming
hardware. This setup isolates the algorithmic validation of the audio driver from
the hardware design complexities of a custom printed circuit board (PCB), which
is reserved for future productization stages. Table 3.1 summarizes the MCU’s main
technical specifications.

Table 3.1: Technical specifications of the STM32U545 microcontroller.

Category Specification

Processor Architecture Arm® Cortex®-M33 with FPU and DSP

Performance Up to 160 MHz

Supply Voltage 1.71 Vto 3.6 V

Flash Memory 512 KB

SRAM 274 KB

Power Consumption 16.3 pA/MHz (Run) / 1.4 puA (Stop 3)

Digital Audio 2x SAI (I12S, PCM) with DMA support

Accelerators CORDIC and FMAC (Filter Mathematical Accelerator)
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3.2.2 MEMS Microphone

Acoustic sensing is performed using the 1CS-4343/4, a digital MEMS microphone,
manufactured by InvenSense. This model was selected for its high audio quality,
low power consumption and seamless integration with the microcontroller via its
direct I2S interface.

The microphone features a Signal-to-Noise Ratio (SNR) of 65 dBA, which is
essential for capturing subtle cardiac sounds, and an Acoustic Overload Point
(AOP) of 120 dB SPL to prevent distortion during environmental noise peaks.
Internally, the device integrates a sigma-delta (X-A) modulator and a decimation
filter that converts the raw analog signal into a 24-bit Pulse Code Modulated (PCM)
stream. This internal path includes a high-pass filter with a fixed -3 dB corner
at 24 Hz to eliminate DC offset and low-frequency motion artifacts. Additionally,
a low-pass decimation filter scales with the sampling frequency (fs), providing a
flat passband up to 0.417 x f,. As shown in Figure 3.2, the frequency response is
nearly flat within the bandwidth of interest, translating into high linearity in the
cardiac frequency range.

The microphone’s power consumption is dynamically governed by the frequency
of the incoming Serial Clock (SCK). It operates in High-Performance Mode (490
pA) for clock frequencies above 1.0 MHz and transitions to Low-Power Mode (230
pA) when the clock is between 400 kHz and 1.0 MHz. If the clock frequency falls
below 3.125 kHz, the device automatically enters a 12 pyA Sleep Mode.
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Figure 3.2: Frequency response of the ICS-43434 microphone. Adapted from
Invensense datasheet[11]
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Table 3.2: Technical specifications of the ICS 43434 digital MEMS microphone.

Category Specification

Technology MEMS sensor with digital I2S interface

Signal Integrity 65 dBA SNR and 120 dB AOP

Output Format 24-bit PCM, two’s complement, MSB first

Dimensions 3.50%2.65%0.98 mm

Power Consumption 490 pA (High Performance) / 230 puA (Low-Power) / 12 pA
(Sleep)

Operating Voltage  1.65 V to 3.63 V

3.2.3 Connectivity
Wireless Interface

The wireless communication layer is designed to utilize Bluetooth Low Energy (BLE)
due to its optimized power profile for medical wearables. While the implemented
system focuses on high-fidelity signal acquisition and LC3 compression within the
STM32U545 microcontroller, the system architecture is prepared for a seamless
integration with a BLE communication via standard interfaces such as UART or
SPI.

In the full-scale deployment, the wearable device acts as a BLE peripheral, and
transmits the compressed LC3 frames encapsulated into BLE packets to a central
gateway or smartphone, so audio data can be forwarded to a cloud backend or
local storage for clinical analysis.

Real-time Debugging and Data Acquisition

For the validation and characterization of the system, the Serial Wire Viewer
(SWYV) interface was utilized as the primary data acquisition channel. Leveraging
the Arm Cortex-M Instrumentation Trace Macrocell (ITM), the SWV provides a
hardware-accelerated, high-speed debug channel capable of streaming data via the
Serial Wire Output (SWO) pin. This signal is routed directly through the onboard
ST-LINK programmer to the host PC, allowing continuous data transmission to
the IDE console without interrupting the main CPU execution [28].

This mechanism enabled the real-time monitoring of internal variables and the
direct streaming of processed audio frames to a console. The captured data was
subsequently stored in raw format for offline processing and metric calculation. This
approach ensured that the algorithmic integrity of the filtering and compression
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stages could be rigorously verified, effectively isolating the embedded performance
from the latency, bandwidth limitations, and packet loss overhead typical of early-
stage wireless prototyping. The specific data formatting, transmission protocols,
and payload reconstruction methodologies implemented over this interface are
detailed in Chapter 4.

3.3 Software Architecture: Driver Layers

The firmware is organized according to a layered architecture that separates
hardware-dependent code from high-level application logic. This structure improves
modularity and maintainability, which is particularly important for embedded soft-
ware in medical devices.

3.3.1 Layered Firmware Architecture

Conceptually, the firmware is divided into three main layers: the HAL/CMSIS
and low-level driver layer, the middleware/driver layer, and the application layer.
Figure 3.3 illustrates these layers and their interactions.

At the lowest software level, the Hardware Abstraction Layer (HAL), the
CMSIS core, and the low-level (LL) device drivers interface directly with the
STM32 hardware. They handle system clock configuration, SAT/T?S setup for
audio acquisition, DMA configuration for ping-pong buffering, timer and interrupt
management, and control of the BLE peripheral. These components encapsulate
register-level details behind standardized APIs, ensuring deterministic behaviour
while shielding upper layers from device-specific implementation details.

Above this, the middleware or driver layer implements the audio-specific function-
ality. It includes modules for SAT/T?S and DMA management, digital preprocessing
using CMSIS-DSP IIR filters, LC3 encoding through a dedicated wrapper, and
a transport interface that prepares compressed frames for the BLE stack. Each
module exposes clear initialization and frame-processing functions, which simplifies
reuse and testing.

The application layer contains the high-level control logic and state machines.
It coordinates when acquisition starts and stops, reacts to DMA half-complete
and complete callbacks, schedules LC3 encoding, and forwards compressed packets
to the communication subsystem. This layer also provides hooks for integration
with the rest of the multisensor platform, such as synchronization with other
physiological signals or user-level commands.

The separation between application logic, middleware/driver components, and
HAL/LL layers makes it easier to modify or extend individual parts of the sys-
tem—for example, by replacing the filter design, changing codec settings, or adding
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a different communication interface—without affecting the core acquisition infras-
tructure.

Application Layer J

| [ Middleware | Driver Layer ]

Hardware Abstraction Layer j [ CMSIS Layer]

(HAL)

t

[ Low-Level (LL) Device Drivers J

( Hardware Layer J

Figure 3.3: Layered firmware architecture illustrating the separation between
application logic, middleware/driver components, HAL and CMSIS abstraction,
low-level device drivers, and the underlying hardware.

3.3.2 Development Environment and Software Framework

The firmware was developed using STM32CubelDE, which integrates peripheral
configuration, code generation, compilation, and debugging. Peripheral initializa-
tion and clock tree configuration were generated with STM32CubeMX, ensuring
consistent setup of the SAI/I2S interface, DMA channels, timers, and GPIOs.

HAL drivers are functionality-oriented components associated with individual
peripherals such as SAI/T2S, DMA, timers, GPIO, and the BLE radio. Internally,
they may rely on low-level drivers for finer control, but this remains transparent
to the upper layers. This framework reduces development effort and improves
portability across STM32 devices, while still allowing precise timing control when
required by real-time audio processing.

3.3.3 Structured Design Approach

The firmware design follows structured programming principles. The implementa-
tion is decomposed into software items and units with clearly defined responsibilities
and interfaces. The behavior of the system is controlled through explicit state
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machines, which provide a predictable execution flow and simplify reasoning about
timing, error handling, and test coverage. This approach is consistent with best
practices for medical device software, where modular decomposition and clear
traceability from requirements to implementation are essential for verification,
validation, and long-term maintenance.

3.4 CMSIS and Digital Signal Processing Imple-
mentation

The Cortex Microcontroller Software Interface Standard (CMSIS) provides a stan-
dardized abstraction layer for Arm Cortex-M processors, including core register
definitions, interrupt handling, and startup configuration [17]. In STM32 devices,
CMSIS forms the foundation upon which the Hardware Abstraction Layer (HAL)
and low-level drivers are built, enabling consistent peripheral configuration and
predictable real-time behavior.

Beyond core abstraction, CMSIS includes the CMSIS-DSP extension, a collec-
tion of highly optimized digital signal processing routines tailored for Cortex-M
architectures with optional floating-point and DSP instruction support. These
routines are implemented with architecture-aware optimizations that exploit the
single-cycle multiply—accumulate (MAC) instructions and floating-point unit (FPU)
available in the Cortex-M33 core.

3.4.1 IIR Filter Implementation Using CMSIS-DSP

In the proposed system, CMSIS-DSP is used to implement the real-time preprocess-
ing filter applied to the phonocardiogram signal. The filter is realized as a cascade of
second-order sections (biquads), using the arm_biquad_cascade_df1_£32 function
provided by the library.

Each biquad stage implements the recursive difference equation:

y[n| = bozx[n] + bix[n — 1] + bex[n — 2] — ayy[n — 1] —agy[n — 2],  (3.1)

where b; are feedforward coefficients and a; are feedback coefficients. The cascade
structure adopted in this work is illustrated in Figure 3.4. Each second-order section
is implemented using a Direct Form I realization. Cascading biquads instead of
implementing a single high-order transfer function improves numerical stability
compared to direct high-order implementations and reduces coefficient sensitivity.
CMSIS-DSP uses a Direct Form I structure with four state variables per section:

{zln =1, z[n = 2], y[n — 1], y[n - 2]}
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feedforward coefficients

i J
single Biquad filter stage feedback coefficients

Figure 3.4: Structure of the IIR Biquad Cascade filter based on the Direct Form
I (DF1) architecture. The diagram illustrates four cascaded stages, showing the
feedforward (b,) and feedback (a,) coefficients, as well as the delay units (z7!) for
each single Biquad filter stage.

These state variables are stored in a dedicated state buffer that is updated after
each processing block.

3.4.2 Using CMSIS-DSP

The decision to use CMSIS-DSP instead of a custom filter implementation was
driven by several considerations. First, CMSIS-DSP offers strong numerical relia-
bility, as its routines are extensively validated and widely used in industrial and
medical embedded systems. In addition, the library is architecturally optimized
for Cortex-M processors, resulting in a significantly lower cycle count compared
to generic C implementations. This reduction in computational load directly im-
proves energy efficiency, which is essential in continuous acquisition scenarios where
dynamic power consumption must be minimized. Another important factor is
portability: the same filtering code can be reused across different STM32 devices
or other Cortex-M platforms without requiring modification.

From a system-level perspective, the CMSIS-DSP filter provides the necessary
spectral conditioning of the PCG signal while maintaining minimal computational
overhead. This ensures that sufficient CPU headroom remains available for LC3
encoding and BLE communication tasks, preserving overall system responsiveness
and efficiency.

3.5 Low Complexity Communication Codec (LC3)

3.5.1 Role in the System

As introduced in Chapter 2, LC3 is the mandatory codec of Bluetooth LE Audio
and is specifically designed for low-bitrate, low-latency wireless audio transmission.
In the proposed wearable auscultation system, LC3 acts as the core compression
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engine enabling continuous PCG streaming over a Bluetooth Low Energy (BLE)
link under strict power constraints.

Within the system architecture, the LC3 encoder executes on the STM32U545
microcontroller immediately after digital preprocessing. The encoder receives
filtered PCM frames and produces fixed-size compressed frames that are transmitted
over BLE. Decoding is performed on the receiving device (smartphone, gateway, or
PC), where the reconstructed signal can be played back, stored, or subjected to
further analysis.

This section focuses on the internal operation of the LC3 encoder and its algo-
rithmic structure, with emphasis on aspects relevant to embedded implementation.
Concrete configuration parameters and firmware integration details are described
in Chapter 4.

3.5.2 Encoder Architecture

LC3 is a low-delay transform codec operating on short frames (typically 10 ms,
with optional 7.5 ms frames). Its architecture is optimized to balance compression
efficiency, perceptual quality, and computational complexity [29].

At a high level, the encoder consists of four principal stages:

1. time—frequency transformation using a Low-Delay Modified Discrete Cosine
Transform (LD-MDCT);

2. spectral envelope estimation and band-wise normalization;
3. perceptual bit allocation and quantization;

4. entropy coding and fixed-size frame packing.

Additional auxiliary modules refine the perceptual performance while maintain-
ing low complexity. A block diagram of the encoder is shown in Figure 3.5.

Internally, LC3 is a spectral transform coder. A segment of the time-domain
signal is converted into a compact spectral representation, which is then perceptually
shaped and efficiently quantized before bitstream generation.

3.5.3 Time—Frequency Transformation

The input PCM signal is processed in frames of length N, determined by the
sampling rate and chosen frame duration. For example, at f; = 16 kHz and a
10 ms frame, N = 160 samples. To avoid blocking artefacts, LC3 employs a
50 %-overlapped Low-Delay Modified Cosine Transform (LD-MDCT). The trans-
form operates on windowed samples formed from the current half-frame and the
previous half-frame, producing N spectral coefficients per frame. This provides
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Figure 3.5: High-level block diagram of the LC3 encoder. Adapted from [29].

a compact representation in which much of the signal energy is concentrated in
relatively few coefficients, facilitating efficient compression.

The LD-MDCT length scales with the sampling rate (e.g., 640 points at 48 kHz,
shorter sizes at 16-24 kHz). For PCG signals, whose useful bandwidth is well below
1 kHz, operating at 16 or 24 kHz keeps the transform size moderate and reduces
computational cost without losing relevant information.

The use of the LD-MDCT introduces a fixed mathematical latency known as
algorithmic delay. For the chosen frame duration of 10 ms, the transform requires
an additional 2.5 ms of lookahead for the overlap-add operation. Consequently,
the intrinsic algorithmic delay of the LC3 codec in this configuration is strictly
bounded to 12.5 ms, independent of the hardware execution speed.

3.5.4 Spectral Noise Shaping and Envelope Coding

After transformation, the spectral coefficients are processed to reduce perceptual
quantization artifacts. LC3 employs two shaping mechanisms:

o Spectral Noise Shaping (SNS), which adjusts the spectral envelope using vector
quantization techniques;

o Temporal Noise Shaping (TNS), which redistributes quantization noise along
the time axis to reduce pre-echo artifacts.

In the SNS stage, coefficients are grouped into frequency bands that approxi-
mately follow perceptual resolution. For each band b, a scale factor .S, is computed
based on band energy. These scale factors represent the coarse spectral envelope
and are themselves quantized and transmitted as side information.
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The SNS module uses a two-stage vector quantization structure: an initial
split vector quantizer followed by a low-complexity pyramid vector quantizer.
This hierarchical structure captures dominant spectral patterns efficiently while
maintaining low computational cost.

TNS further refines the perceptual quality by shaping quantization noise in the
temporal domain. For signals containing transient components—such as the sharp
onset of S1 and S2—this mechanism helps reduce audible distortion after decoding.

3.5.5 Bit Allocation and Quantization

Once the spectral envelope is determined and coefficients are normalized, LC3
performs scalar quantization with a dead-zone characteristic. The quantization
step size in each band is controlled by a bit-allocation algorithm driven by:

o the total bit budget available for the frame (set by the target bitrate),
« the band energies reflected by the scale factors,
o a simplified perceptual model estimating tolerable distortion.

Bits are iteratively distributed among bands until the predefined bitrate con-
straint is satisfied. Bands with higher energy or greater perceptual relevance receive
finer quantization, while less significant bands are coded more coarsely.

Spectral coefficients quantized to zero are not left empty at the decoder. Instead,
a noise substitution mechanism reconstructs shaped noise whose level is determined
by a dedicated Noise Level estimator. This approach reduces artificial spectral
holes and improves subjective quality.

A Bandwidth (BW) detector module identifies unused high-frequency regions
and limits processing to active spectral areas, further reducing complexity and
improving coding efficiency.

3.5.6 Entropy Coding and Frame Formatting

The quantized spectral indices and the quantized scale factors are further compressed
using entropy coding (Huffman and run-length coding with tables tuned to typical
audio statistics). Together with side information such as bit-allocation parameters
and a frame header, they are packed into a fixed size compressed frame. For a
given bitrate R and frame duration 7', the frame size in bytes is

RxT
Frame size (bytes) = ;( :

For example, at R = 32 kbit/s and T' = 10 ms, each compressed frame contains
exactly 40 bytes. This constant frame size greatly simplifies BLE packetization
and ensures deterministic timing behavior in the embedded firmware.
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3.5.7 Decoder Operation

The LC3 decoder can be configured to output linear PCM audio at various bit
depths depending on the specific requirements of the final end-user application.
However, a resolution of 16 bits per sample is highly recommended. As the standard
format in the audio industry, a 16-bit output ensures seamless compatibility with
a wide range of receiving devices and software applications, while providing a
dynamic range that is more than sufficient to preserve the diagnostic fidelity of the
PCG.

The LC3 decoder performs the inverse sequence of operations: it parses the
incoming frame, decodes the entropy-coded fields, reconstructs the quantized scale
factors and spectral indices, applies inverse quantization to obtain normalized
MDCT coefficients, multiplies by the scale factors to recover the MDCT spec-
trum, and finally applies the inverse MDCT with overlap-add to reconstruct the
time-domain PCM signal. Because the decoder uses the same window and overlap
rules, the signal is perfectly reconstructed up to quantization error. The computa-
tional cost of the decoder is comparable to that of the encoder and is easily handled
by smartphones or gateway devices.

In addition to inverse quantization and inverse MDCT reconstruction, the
decoder optionally applies a Long-Term Post Filter (LTPF). The LTPF is a pitch-
based enhancement stage operating at a fixed internal sampling rate (12.8 kHz),
which reinforces periodic components of voiced signals by exploiting long-term
correlations. The associated pitch parameters are estimated in the encoder and
transmitted as side information.

Although originally designed to enhance speech signals, the LTPF may also
slightly reinforce quasi-periodic components in heart sounds. However, since it
operates exclusively on the decoder side, it does not increase computational load
on the wearable device.

3.5.8 Suitability for Phonocardiography

Although LC3 was originally designed for speech and music, several features make
it particularly suitable for phonocardiography:

o Low bitrate operation: LC3 maintains good perceptual quality down to
16-32 kbit/s per channel, which is well matched to the relatively narrow
bandwidth of PCG signals.

o Short frame length: 10 ms frames keep end-to-end latency below about 30 ms,
which is important for interactive remote auscultation and synchronisation
with other modalities.
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o Low complexity: the encoder runs in real time on the STM32U545 while
leaving CPU margin for preprocessing, BLE stack, and other tasks.

o Standardised bitstream: interoperability with any LE Audio-capable device
removes the need for proprietary decoders and simplifies integration into
telehealth platforms.

The underlying idea of spectral quantisation with perceptual bit allocation is
conceptually similar to dedicated PCG compression schemes based on codebooks
and residual coding [20, 1], but LC3 offers the additional benefit of being an open,
widely adopted standard.

3.6 Datasets and Evaluation Metrics

To assess the performance of the proposed audio driver, both public phonocardio-
gram datasets and custom recordings are used. The datasets include examples of
normal heart sounds as well as murmurs and other pathological findings, under both
relatively clean and noisy conditions. This variety allows evaluation of the system’s
ability to preserve diagnostic information across different acoustic scenarios.

The recorded audios used for the analysis were taken from the public heart
sound database (Bentley et al., 2011) [30]. This dataset was selected because,
among the available collections, it provides recordings at the highest sampling rate
(44 kHz). A higher sampling rate ensures greater temporal and spectral resolution,
which is essential for performing accurate frequency-domain analysis of cardiac
sounds. !

3.6.1 Performance indicators

The performance of the audio pipeline is evaluated using a set of quantitative
indicators that cover signal fidelity, compression efficiency, computational cost, and
clinically relevant spectral changes. Let x[n] denote the original PCG signal and
Z[n] the processed or reconstructed signal, both of length N.

Signal fidelity metrics

Classical waveform-based metrics quantify how close the processed or compressed
signal is to the original PCG. The signal-to-noise ratio (SNR) compares the energy
of the reference signal to the energy of the error:

lhttps://istethoscope.peterjbentley.com/heartchallenge/index.html
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SNR = 101log,, (ZN%g:Ei]xEng[n]y) dB (3.2)

The root mean square error (RMSE) between x[n] and Z[n] is defined as:

1 N—-1
RMSE = \J i > (z[n] — £[n])? (3.3)
n=0
The Peak Signal-to-Noise Ratio (PSNR) provides a measure of the maximum
possible signal-to-noise ratio, based on the peak signal value:

PSNR = 201log,, <m) dB, (3.4)

where max |z| is the maximum absolute value in the original signal z[n], and
RMSE is the root mean square error already defined above. PSNR normalizes
distortion by peak amplitude rather than total energy (unlike SNR), making it
suitable for signals with known dynamic range.

The Percent Root-mean-square Difference (PRD) [20] expresses the distortion
as a percentage of the original signal energy:

PRD = 100¢ Enco (]3?7[71] — 2[n])?
SN aln)?

%. (3.5)

Envelope correlation To assess morphological preservation independent of
amplitude scaling and phase shifts, the Pearson correlation coefficient (r) is com-
puted between the Hilbert envelopes of the original and processed signals. The
Hilbert envelope is computed after bandpass filtering (20-400 Hz) to isolate cardiac
components, with a subsequent low-pass filter (cutoff 20 Hz) to obtain the smooth
envelope e[n]. The envelope e[n| is obtained as:

e[n] = [z[n] +j - H{z[n]}] (3.6)
where H{-} denotes the Hilbert transform. The envelope correlation is then:

N-1

SN el - el — &) .
VIS (ealn] - 22?205 (eln] - &2
Values close to 1.0 indicate perfect preservation of temporal morphology, even

when sample-by-sample alignment is imperfect.
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Morphological quality metrics

Following Mei et al. [31], the Ratio of Zero Crossings (RZC) and the Root Mean
Square of Successive Differences (RMSSD) are used to assess basic signal quality
and morphology. Let A[n] be the heart-sound signal (or a low-frequency wavelet
approximation).

The RZC is defined as the ratio of zero crossings to the signal length:

N-1
[sen(Ali] - Afi + 1]) N |A[i + 1] — Afi]| > 0] (3.8)
=1
where sgn(z) = 1 if < 0 and 0 otherwise [31]. The RZC reflects the rate at
which the signal’s sign changes due to heart beats. High values indicate excessive
high-frequency noise.
The RMSSD captures the root mean square of successive differences:

Z:
RCN1

N-1

RMSSD = \l Z Tiy1 — (3.9)
=1
where x represents the approximate coefficients of the two-level wavelet decom-
position sequence [31]. Segments with RZC and RMSSD outside typical ranges are
considered degraded (e.g. dominated by noise or excessively smoothed) and can be
excluded from further analysis.

Spectral fidelity metrics

Log-Spectral Distance (LSD) The Log-Spectral Distance measures the dif-
ference between the power spectra of two signals on a logarithmic scale, aligning
with human auditory perception. For power spectral densities P,(f) and P;(f)
estimated via Welch’s method, LSD is defined as:

RS P.(f)]*
LSD_\IM 3 [101 810 (7, )] dB (3.10)

k=0

where M is the number of frequency bins. Lower LSD values indicate better
spectral preservation.

Spectral Distortion (SD) The Spectral Distortion quantifies the root-mean-
square deviation between logarithmic power spectra:

M-1
SD = J ]\14 Z (101ogyg Pr(fr) — 101ogyg P;%(fk))z dB (3.11)
k=0
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Magnitude-Squared Coherence The coherence function Cy,(f) measures the
linear relationship between two signals as a function of frequency:

|Gy (£)I?

where G, is the cross-spectral density and G,., G,, are the auto-spectral
densities. Coherence ranges from 0 (no correlation) to 1 (perfect linear relationship).
The band-averaged coherence C_’xy is computed as the mean over clinically relevant
frequency ranges.

Cay(f) = (3.12)

Temporal and clinical metrics

Heart rate estimation error The relative error in heart rate (HR) estimation
between original and processed signals:

|HR0riginal - HRprocessedl
HRoriginal

HR error = 100 X % (3.13)

Heart rates are computed from the median inter-beat intervals detected via peak
finding on the Hilbert envelope.

S1-S2 interval error The relative error in the temporal separation between
consecutive S1 and S2 sounds:

‘AtSLSQ, orig — AtSl-SZ, proc’ (7
0

$1-S2err0r = 100 X (3.14)

A1581—82, orig

Compression and computational efficiency

The compression efficiency is computed as the ratio between the total number
of bits required to transmit the original signal divided by those required for the
transmission of the compressed one. Compression Ratio (CR) is:

R _ original sz’g@al bits‘ (3.15)
compressed signal bits

Following [21], a simple Quality Score (QS) combines CR and PRD:

CR

W =+rp

(3.16)

Higher QS values indicate better compression efficiency for a given distortion
level.
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If T is the signal duration and Tiomp the time required to compress it, the
Real-Time Factor (RTF) is:

TCOI‘II
RTF = —2= (3.17)
sig

An RTF below 1 indicates that the encoder can run faster than real time.
The computational efficiency (CE) is defined as:

CR

Tcomp

CE =

(3.18)

which measures how much compression is obtained per unit of computation
time [21]. At the system level, metrics include end-to-end latency, CPU cycles per
process on the STM32Ub45, memory footprint, and energy consumption estimated
following approaches used in previous work on lightweight biometric compression,
from number of operations and cycles required by the algorithms using Cortex-M33
references [1].

CPU load and throughput The CPU utilization percentage for real-time
processing:

T, rocessin,
CPUjpaq = 100 x —Zo=08 - 0f (3.19)

frame

where Thame is the audio frame duration (e.g., 10 ms) and Tjyocessing 15 the
measured execution time.

Memory footprint Static RAM usage for algorithm state (buffers, coefficients)
and stack requirements during execution, reported in kilobytes (kB).

Latency / Algorithmic Delay End-to-end algorithmic latency, defined as the
delay from input sample availability to output sample production, measured in
milliseconds (ms). The total latency is composed of:

,I'total = Tframe + j—iookahead + Tprocessing (320)

where Thame is the frame duration (10 ms), Tlookaheaa 18 the MDCT overlap (2.5 ms
for LC3), Tprocessing 1S the measured execution time.
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3.6.2 Spectral analysis in clinically relevant bands

Previous studies have demonstrated that the energy distribution across specific
frequency bands serves as a robust feature set for classifying heart sounds [32].
Building upon this principle; beyond global distortion measures, this thesis pro-
poses a more clinically oriented evaluation based on the spectral content of heart
sounds. The goal is to verify whether LC3 compression preserves the energy dis-
tribution in frequency regions that are known to carry diagnostic information for
phonocardiography.

Table 2.1 (see Chapter 2) summarizes typical frequency ranges for heart sounds
and interference sources [13, 33]. Building on this, the PCG is analyzed in several
bands associated with different components of the cardiac cycle:

» Very low frequencies (below 20 Hz): baseline drift, motion artefacts, and
subaudible components.

« S1 low band (20-70 Hz): main low-frequency content of the first heart sound.

e 51/S2 mid band (70-150 Hz): additional energy of S1 and S2, often used for
timing and envelope detection.

« High S2 and soft murmurs (150-400 Hz): higher-frequency components of the
second heart sound and soft systolic or diastolic murmurs.

o Murmur band (400-1000 Hz): broadband turbulent flow components associated
with pathological murmurs.

 Out-of-band region (above 1000 Hz): frequencies that are usually not clinically
relevant for PCG and can reveal codec artefacts or aliasing.

For each band, the power spectral density (PSD) of the original and reconstructed
signals is estimated using Welch’s method. The following band-wise indicators are
then computed:

o Band energy FEy: integrated PSD within band b.

 Relative band energy change AE, (in %): difference between original and
reconstructed band energies, normalized by the original energy.

Eprocessed original

AFE, =100 x —* - b % (3.21)

original

b

where Ej, = f{Q P..(f)df is the integrated PSD in band b = [fi, fa].
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o Spectral distortion in band b: average deviation in dB between the two PSDs
over the band.

From a clinical perspective, small changes in AFE}, in the S1/S2 bands indicate
that the main heart sounds are preserved, while significant losses in the murmur
band (400-1000 Hz) would suggest a risk of missing pathological murmurs. In
contrast, an increase in the out-of-band energy may reveal codec-induced artifacts

that could confuse automated analyzes or human interpretation.

This band-wise spectral analysis is used in Chapter 5 to complement global met-
rics such as PRD and SNR, and represents a key contribution of this thesis towards
a more clinically meaningful evaluation of audio codecs for cardiac auscultation.

Table 3.3: Performance metrics used for audio pipeline evaluation.

Category Metric Equation Reference
SNR (3.2) 21, 22, 34, 35]
RMSE (3.3) [1, 35]
Signal PSNR (3.4) [21, 22]
fidelity PRD (3.5) 20, 21, 36, 22, 35]
Envelope Corr. (3.7) Thesis contribution
RZC 3.8 31
Morphology (38) [31]
RMSSD (3.9) [31]
LSD (3.10) [37]
Spectral Distortion (3.11) Standard definition
Spectral
Coherence (3.12) Standard definition
AE, See Sec. 3.6.2 Thesis contribution
HR Error (3.13) Thesis contribution
Temporal
S1-S2 Error (3.14) Thesis contribution
CR (3.15) [21, 20, 22, 3]
Qs (3.16) 21, 22]
) RTF (3.17) (3]
Compression
CE (3.18) 21, 22]
CPU Load (3.19) Standard definition
Memory kB (reported) Standard practice
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Chapter 4
Firmware Implementation

This chapter details the software architecture and the specific firmware routines
developed for the STM32U545 microcontroller. As summarized in Figure 4.1, the
embedded application is designed around a sequential data processing pipeline:
continuous audio acquisition from the MEMS sensor, real-time digital preprocessing,
and LC3 data compression, concluding with the formatting of the payload for
external transmission.

STM32U545
Data i i Data Transmission | Decompression
Acquisition ----% Preprocessing ---» Compression ==============-= -+

Storage, Analysis

Figure 4.1: Simplified block diagram of the current implemented pipeline, focusing
on Data Acquisition, Preprocessing, and Compression on the STM32U545, followed
by generic data transmission for remote Decompression, Storage, and Analysis.

4.1 Audio Driver Implementation: Double Buffer-
ing and State Machine

The audio front-end operates as a deterministic state machine with three primary
states: IDLE, MIC_ON, and MIC_OFF. In the IDLE state, the MCU configures the
clock tree, initializes the Serial Audio Interface (SAI), and sets up the associated
Direct Memory Access (DMA) channel. Once initialization is complete, the system
transitions to MIC_ON, where audio acquisition runs continuously through SAI
using the I2S protocol and DMA transfers. In this state, the MCU also performs
real-time processing and LC3 encoding of the incoming audio stream. For testing
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purposes, the MIC_OFF state is used to stop acquisition after a predefined amount
of data has been captured, whereas in the real-time application the system remains
continuously in MIC_ON.

4.1.1 DMA Circular Buffer and Ping-Pong Strategy

To minimize CPU load during acquisition, samples are routed from the SAI data
register directly to the RAM using DMA. By operating in circular mode, the DMA
controller continuously refills the buffer: upon reaching the end of the memory block,
the pointer automatically wraps around to the beginning, preventing acquisition
gaps.

With DMA, the CPU is not involved in per-sample transfers and only reacts to
DMA events, so to safely process the data while it is being continuously written, the
receive buffer is logically divided into two equal halves, implementing a "ping-pong"
(double-buffering) scheme. The firmware relies on two hardware-triggered DMA
interrupts:

o Half-Transfer Callback: Indicates that the first half of the buffer is full and
ready for processing.

o Transfer-Complete Callback: Indicates that the second half of the buffer is full
and ready.

This mechanism allows the MCU’s processor core to execute the DSP and
encoding algorithms on one half of the buffer while the DMA hardware concurrently
fills the other half. Figure 4.2 illustrates this concurrent acquisition and processing
loop.

4.1.2 Timing and Real-Time Constraints

The system processes audio in frames of 10 ms. As shown in Figure 4.3, the
half-transfer and transfer-complete callbacks occur periodically and provide a
deterministic schedule for block-based processing. To guarantee real-time operation
without buffer overruns, the total execution time for preprocessing and encoding
must be strictly less than the 10 ms frame duration.

Beyond simply avoiding buffer overruns, the system must also adhere to strict
end-to-end latency requirements dictated by the clinical application. In interactive
remote auscultation, the acoustic feed is often accompanied by a real-time visual
representation, such as an active electrocardiogram (ECG) trace or a live video
feed of the patient. In such multimodal scenarios, audiovisual synchronization is
critical. According to the International Telecommunication Union (ITU-R BT.1359-
1) standards for the relative timing of sound and vision, the human threshold of
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Figure 4.2: Detailed firmware memory architecture for real-time audio acquisition
and processing. The diagram illustrates the core of the ping-pong strategy: while
the DMA controller actively fills Buffer Half 1 with incoming I12S data, the MCU
simultaneously reads and processes Buffer Half 0 to generate the current encoded
audio frame, which is then available for transmission to the Host PC.

DMA_HalfTransfer Callback DMA_CompleteTransfer Callback
12

v
[ Buffer Half 0 ] ( DMA receiving 0 J D Preprocessing & Encoding [ DMA receiving 0 J
Buffer Half 1 [ DMA receiving 1 j O Preprocessing & Encoding

. y &——> < 4ms
Start Acquisition 10ms 20ms e

Figure 4.3: Timing diagram of the DMA-based ping-pong buffering mechanism.
The DMA fills one half-buffer (hardware task) while the MCU processes the previous
frame in the other half-buffer (software task).

detectability for audio delay is approximately 45 ms [38]. If the audio delay exceeds
this limit, the user begins to perceive a noticeable desynchronization between
the visual event and the corresponding sound, severely impairing the diagnostic
experience.

Therefore, the system is designed with a strict latency budget, targeting a
conservative threshold of 30 ms to ensure it remains comfortably within the
undetectable plateau. In this implementation, the combined preprocessing and
LC3 encoding pipeline completes in less than 4 ms, which is safely below the 10
ms frame interval. This highly efficient execution not only prevents data loss but
also ensures that the total on-device processing delay—even when accounting for
the codec’s intrinsic algorithmic latency—remains well below the required 30 ms
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perceptual threshold, leaving ample margin for subsequent Bluetooth packetization
and air-interface transmission.

4.1.3 System Configuration

Sampling Frequency Selection The sampling frequency selection involves
balancing signal fidelity against computational load and transmission bandwidth.
According to the Nyquist-Shannon sampling theorem, the sampling rate must
be at least twice the highest frequency component of interest to avoid aliasing.
Based on the frequency characteristics of heart sounds, a sampling rate of 16 kHz
was selected. This frequency, with a Nyquist frequency of 8 kHz, ensures the
system captures all clinically relevant cardiac components with substantial margin.
Moreover, LC3 supports 16 kHz natively, eliminating the need for computationally
expensive sample rate conversion algorithms. Higher rates (such as 32 kHz or
48 kHz) would drastically increase the DMA bandwidth, memory footprint, and
encoder workload without adding any diagnostic value for phonocardiography.

Furthermore, the bandwidth provided by the selected sampling frequency extends
well beyond the requirements for cardiac auscultation. This wide bandwidth ensures
that the hardware is inherently capable of capturing respiratory and lung sounds,
whose frequency content typically ranges from 200 Hz to 2000 Hz. Consequently, the
system can be adapted in the future for multimodal cardiopulmonary monitoring
simply by modifying the digital filtering stage and software parameters, without
requiring any hardware modifications.

Clock System and I?S Configuration The STM32U545 clock tree is configured
to operate at its maximum core frequency (160 MHz) to minimize per-frame
processing time. The SAI peripheral derives its clock from a dedicated PLL,
precisely tuned to generate the 16 kHz sampling frequency required by the MEMS
microphone. The ICS-43434 microphone outputs 24-bit samples in a left-justified
format (MSB first). Accordingly, the SAI data format is configured with a 32-bit
frame length, 32-bit slot size, and 24-bit data size. This alignment preserves the
full 24-bit dynamic range of the acoustic sensor while maintaining standard I?S
protocol compatibility.

Buffer Sizing The DMA buffer length is explicitly sized to match the LC3 codec
framing requirements. At a 16 kHz sampling rate, a 10 ms audio frame contains:

N = f,-T = 16000 - 0.01 = 160 samples

To trigger an interrupt exactly every 10 ms using the ping-pong strategy, the total
circular buffer is sized to hold two complete frames:

Buffer Size = 2N = 320 samples
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4.2 Preprocessing on MCU (CMSIS-DSP)

4.2.1 Filter Requirements and Target Response

Before LC3 compression, the raw PCM signal undergoes digital preprocessing to
enhance the fundamental cardiac components (S1 and S2 sounds, typically between
20 and 250 Hz) while attenuating high-frequency ambient noise.

The preprocessing stage follows the typical Infinite Impulse Response (IIR)
workflow: raw PCM samples enter the filter, a cascade of biquads applies the
frequency shaping, and the resulting signal is passed to the LC3 encoder. The
goal is to apply a targeted gain within the 10-400 Hz band while suppressing
out-of-band noise. The design must also respect the constraints imposed by the
real-time system: the group delay must remain compatible with the 10 ms frame
structure, and the implementation must be computationally lightweight to ensure
that filtering, encoding, and BLE communication fit comfortably within the CPU
processing window.

4.2.2 Filter Design in MATLAB

The desired frequency response was modeled in MATLAB. Based on the physio-
logical targets, a custom magnitude curve was defined using specific normalized
frequency points and their corresponding linear gains. The cardiac band (10-400
Hz) was targeted with gain, while the sub-audible DC region and the high-frequency
transition band (above 1000 Hz) were heavily attenuated.

The yulewalk function was employed to design an 8th-order IIR filter that
optimally approximates this arbitrary magnitude response. An 8th-order filter
was selected as the ideal compromise: it provides sufficient spectral selectivity
without introducing excessive computational overhead for the microcontroller. The
theoretical stability of the design was verified by computing the filter’s poles
and confirming that they all lie strictly inside the unit circle. A comprehensive
evaluation of the filter’s frequency response and its clinical neutrality on actual
PCG signals is detailed in Chapter 5.

Conversion to Second Order Sections (SOS)

Directly implementing an 8th-order transfer function using a single difference
equation is highly susceptible to numerical instability and quantization noise,
particularly in embedded systems. To guarantee absolute stability, the 8th-order
polynomial was decomposed into a cascade of four independent second-order filters
(biquads).

This conversion was performed in MATLAB using the tf2sos function, gener-
ating a matrix of Second Order Sections (SOS). This mathematical transformation
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is not only an engineering best practice but a strict requirement for utilizing the
optimized biquad cascade functions within the CMSIS-DSP library.

Mapping to CMSIS Array Format

To implement the filter on the STM32U545, the MATLAB SOS coefficients had
to be mapped to the memory layout expected by the CMSIS-DSP library. For
a Direct Form I biquad implementation, CMSIS-DSP requires the coefficients of
each stage to be stored sequentially in a 32-bit floating-point array in the following
specific order: {bg,b1,bs, —ay, —as}

The SOS matrix was extracted, the global gain was applied to the first section, the
signs of the denominator coefficients were inverted, and the output was formatted as
a C-compatible float32_t array ready to be pasted into the STM32 firmware. (The

complete MATLAB filter design and exportation script is provided in Appendix
A).

4.2.3 Firmware Integration and Real-Time Execution
Library Importation

The default STM32Cube firmware package does not include the latest DSP opti-
mizations required for the Cortex-M33 architecture. Therefore, the most recent
version of the CMSIS-DSP library was manually downloaded from the official
repository and integrated into the STM32CubelDE project. The source files (.c
and .h) were organized into a dedicated workspace folder, and the build paths
were updated to ensure the compiler could correctly link the highly optimized
arm_biquad_cascade functions.

Filter Implementation Comparison: DF1 vs. DF2T vs. Fixed-Point

To select the most efficient and accurate filter implementation for the STM32U545,
a performance evaluation was conducted directly on the target hardware . Three
different algorithms from the CMSIS-DSP library were evaluated for the 8th-order
cascade:

e arm_biquad_cascade_df1_£32: Direct Form I structure using 32-bit floating-
point math. It requires 4 state variables per biquad stage.

e arm_biquad_cascade_df2T_£32: Direct Form II Transposed structure using
32-bit floating-point math. It is more memory-efficient, requiring only half
the state variables of DF1.

e arm_biquad_cascade_df1l _g31: Direct Form I structure using 32-bit fixed-
point math (Q31 format).
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The results, summarized in Table 4.1, provide insights into execution time,
memory usage, and numerical behavior under real-time constraints.

Table 4.1: Performance benchmark of IIR filter implementations on the
STM32U545.

Metric df2T_ 32 dfl_ {32 dfl_g31
Real-time Performance

Avg. Exec / Frame (us) 218.01 218.56 1023.02
CPU Load (%) 2.18 2.19 10.23
Filter Benchmark

Avg. Cycles / Frame 34,881 34,970 163,683
Cycles / Sample / Stage 54.50 54.64 255.75
Memory € Format

RAM Usage (Bytes) 112 144 112
Coefficient Format float32 float32 q31

The benchmarking demonstrated that the floating-point implementations (_£32)
executed nearly five times faster than the fixed-point (_q31) version. This is
because the STM32U545 features a hardware Floating-Point Unit (FPU), allowing
it to process native float32 instructions in a single cycle, whereas the Q31 math
required heavier software emulation or complex instruction handling. Consequently,
the 931 variant was discarded to preserve CPU headroom.

While both df1_£32 and df2T_£32 showed nearly identical computational speed,
a rigorous time-domain analysis of the filtered outputs revealed a critical difference.
As shown in Figure 4.4, the DF2T structure introduced a slight temporal distortion
and phase delay compared to the original signal dynamics. The classical Direct
Form I (DF1) implementation, however, maintained excellent morphological fidelity
without phase artifacts. Therefore, arm_biquad_cascade_df1_£32 was selected as
the optimal preprocessing function.

Block Processing and Persistent State

The chosen CMSIS-DSP function, arm_biquad_cascade_dfl _£32, is designed
for block-based processing, aligning perfectly with the DMA ping-pong strategy.
Instead of filtering sample-by-sample, the MCU waits for the DMA half-transfer
interrupt and processes an entire 10 ms block (160 samples) in a single function
call, reducing CPU context-switching overhead.
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Figure 4.4: Time-domain comparison between the DF1 and DF2T filter implemen-
tations. The DF2T structure introduced undesirable temporal distortion, leading
to the selection of the DF1 architecture.

Because audio is a continuous stream divided into discrete blocks, the filter must
remember its mathematical state (the previous inputs and outputs) across block
boundaries. CMSIS-DSP manages this using a dedicated state vector (pState).
For a Direct Form I structure, each biquad requires 4 state variables. Thus, for
the 4-stage cascade, a 16-element floating-point array is allocated in RAM. This
state vector is preserved between function calls, ensuring that the filter output
remains mathematically continuous and free of click artifacts at the 10 ms frame
boundaries.

4.3 LC3 Codec Implementation and Integration

4.3.1 Library Importation and PC-Side Compilation

To integrate the LC3 codec into the embedded firmware, the official reference
implementation provided by Google (1iblc3) was utilized. The source code was
imported into the STM32CubelDE project within a dedicated liblc3 directory,
keeping the core algorithmic files completely decoupled from the microcontroller’s
HAL drivers.

To establish a mathematical ground truth for subsequent validation, the same C-
based source files were compiled into standalone executables on a desktop PC using
GCC via Git Bash. This allowed for off-target encoding and decoding of reference
.wav files directly from the command line interface. This PC-side implementation
ensured that the codec’s intrinsic algorithmic distortion could be isolated and
analyzed independently of any embedded hardware constraints.
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4.3.2 Integration into the Audio Driver

In the proposed system, the LC3 encoder is invoked immediately after the pre-
processing stage. The audio driver maintains a ping-pong buffer of PCM samples;
whenever a full frame (e.g. 160 samples at 16 kHz) becomes available, it is passed to
the LC3 encoder library. The encoder returns a compressed frame of predetermined
size (for example, 40 bytes at 32 kbit/s and 10 ms), which is then forwarded to
the BLE transport layer. On the receiving side, the LC3 decoder reconstructs the
PCM stream, which can be played back or stored for clinical review. The exact
configuration parameters (sampling rate, frame duration, bitrate) are chosen based
on the trade-offs between audio fidelity, power consumption, and latency, and are
detailed in Chapter 5.

4.3.3 LC3 Encoder Configuration on MCU

For the embedded implementation, the LC3 encoder was initialized using the official
C API provided by the 1iblc3 library. The algorithm was configured to process
audio at a sampling rate of 16 kHz (srate_hz = 16000) with a frame duration
of 10 ms (frame_us = 10000). The High-Resolution mode was explicitly disabled
(hrmode = false), as the standard LC3 resolution is perfectly adequate for the
frequency range of cardiac acoustics.

Because the 1CS-43434 microphone natively outputs a 24-bit data stream, the en-

coder was configured to accept 24-bit PCM input data (pcm_fmt = LC3_PCM_FORMAT_S24)

over a single mono channel (nchannels = 1). Even though the initial input is
a 24-bit high-resolution stream, allowing the system to capture the maximum
dynamic range, the resulting compressed payload can be reconstructed at different
resolutions on the decoder side depending on the specific needs of the end applica-
tion. Nonetheless, a standard 16-bit reconstruction is typically recommended (as
detailed in Section 3.5.7).

To ensure deterministic execution and avoid memory fragmentation during
real-time operation, dynamic memory allocation (malloc) was avoided. Instead,
the persistent state required by the LC3 encoder (including the MDCT overlap
buffers) was statically allocated in the MCU’s SRAM as a dedicated byte array
(encoder _memory). This array was explicitly aligned to 4-byte boundaries using the
GCC __attribute__((aligned(4))) directive, guaranteeing memory-safe and
highly efficient 32-bit memory accesses by the Cortex-M33 core.

The integration with the audio driver is seamless: upon receiving a DMA
callback, the 160-sample preprocessed PCM frame is passed directly to the LC3
encode function. The algorithm applies the MDCT overlap-add logic, executes the
perceptual bit allocation, and outputs a highly compressed binary payload.
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An Important Parameter: The Bitrate

The most critical setting in the LC3 configuration is the target bitrate, as it defines
the strict "bit budget" the encoder is allowed to spend on each audio frame.

For this system, a nominal operating bitrate of 32 kbps was selected. This means
that for every 10 ms frame, the encoder is restricted to a budget of exactly 320
bits (40 bytes). The encoder must intelligently allocate these 320 bits to represent
the most perceptually important frequencies of the original signal.

To put this in perspective, the original raw frame contains 160 samples of 24-bit
audio, which equals 3840 bits of data. By restricting the output to 320 bits, the
LC3 encoder achieves a 12:1 compression ratio. This specific payload size is strictly
bounded to exactly 40 bytes per frame, making it ideal for encapsulation into
standard Bluetooth Low Energy (BLE) packets. The comprehensive clinical and
mathematical justification for selecting 32 kbps as the optimal operating point
for preserving diagnostic phonocardiogram features is extensively detailed in the
experimental results in Chapter 5.

4.4 Data Transmission and Validation Interface

4.4.1 Data Transmission from Microcontroller to PC

During the prototyping phase, extracting the encoded LC3 frames from the mi-
crocontroller to the host PC was essential for algorithmic validation. Standard
interfaces like UART lacked sufficient bandwidth and presented hardware pin
conflicts, while implementing a full USB peripheral stack introduced unnecessary
firmware complexity.

To bypass these limitations, the Serial Wire Viewer (SWV) interface was utilized
as a high-speed data streaming channel. Instead of transmitting raw binary
bytes—which are prone to corruption and parsing errors in the ITM console under
heavy load—the LC3 payloads were converted on-the-fly into an ASCII hexadecimal
representation on the MCU side. As visually summarized in Figure 4.5, this text
stream was captured directly in the IDE’s console and processed offline, enabling
bit-exact verification of the embedded pipeline while completely avoiding the latency
and packet-loss behavior of early wireless prototypes.

4.4.2 LC3 Bitstream Formatting and Decoder Require-
ments
For offline validation, the compressed audio was decoded on the PC using the

reference LC3 decoder (d1c3.exe). Because this decoder requires explicit metadata
to understand the raw payloads, the STM32 firmware was programmed to format
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Figure 4.5: Data transmission and processing pipeline, illustrating the on-device
formatting and the offline PC reconstruction workflow.

the transmitted bitstream with three mandatory components, as illustrated in
Figure 4.6:

1. Global Header (18 bytes): Sent only once at startup. It contains a synchro-
nization word (0xCC1C) and the decoding parameters (16 kHz, 32 kbps, 10 ms
frames, mono).

2. Frame Size Prefix (2 bytes): Sent immediately before every audio frame,
indicating the exact payload length (e.g., 28 00 in little-endian for a 40-byte
frame).

3. Frame Payload (NN bytes): The actual LC3-compressed audio data.

Sync, Fs, Bitrate,
N° channels, Frame
Duration ms Frame Size Frame 1 Audio Data Frame Size Frame 2 Audio Data

Global Header || Prefix LC3 Payload Prefix LC3 Payload v
18 bytes 2 bytes 40 bytes 2 bytes 40 bytes

L— One Complete Encoded Frame

Figure 4.6: Structural breakdown of the custom .1c3 bitstream format utilized
for PC-side decoding.

Figure 4.7 visually breaks down an excerpt of the resulting SWV console stream,
showing how the global header is immediately followed by consecutive LC3 audio
frames and their prefixes.

Once captured on the host PC, a custom Python script (provided in Appendix
B) parses this hexadecimal log, converts the tokens back into contiguous binary
bytes, and reconstructs valid .1c3 and .wav files. This streamlined methodology
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2-byte Size Prefix
28 00 —

(28 00 — 40 bytes)
40-byte LC3 Payload
(Compressed audio frame)

28 F6 3F B5 FA 35 83 08 8E FB 2E 1E 8E EE 2B CE C5 51 24 DF
08 F3 9C E2 O0C A9 93 48 08 A0 BC 7A 18 D5 8E B7 40 6B DC 43, [

. J

Figure 4.7: Visual breakdown of the ASCII hexadecimal stream captured via the
SWYV console.

guaranteed seamless compatibility with the reference decoder, allowing for robust
algorithmic evaluation.
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Chapter 5

Experimental Setup and
Results

This chapter presents a comprehensive experimental validation of the proposed
wearable phonocardiography system. The evaluation follows a progressive structure
designed to verify each stage of the signal pipeline:

1.

Hardware characterization: To quantify the baseline noise and acoustic limita-
tions of the physical capture setup.

Preprocessing validation: To ensure the digital filtering stage enhances signal
quality without altering clinical timing or morphological features.

LC3 compression analysis: To validate that the audio codec does not degrade
diagnostically relevant spectral or temporal information.

. End-to-end system verification: To confirm that the complete pipeline preserves

diagnostic integrity under realistic acquisition conditions.

5.0.1 Test Platforms

Two complementary platforms were employed:

« Offline platform: The C-based codec (Google’s open-source 1iblc3 reference

implementation) was compiled from source and executed to perform the
encoding and decoding of the audio files allowing algorithmic characterization
isolated from hardware constraints. MATLAB R2024a was utilized to perform
numerical validation, signal analysis, and metric computation.

Embedded platform: The STM32Ub45 Nucleo-U545RE evaluation board
interfaced with the target MEMS microphone. End-to-end validation used
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a controlled acoustic setup with a loudspeaker placed at a 5 cm separation
distance in a quiet environment.

5.0.2 Dataset Composition

To evaluate the system across different clinical scenarios, a dataset of representative
PCG signals was utilized. Table 5.1 details the distribution of the signals. All
metrics reported in subsequent sections are computed per signal category and
reported as mean + standard deviation.

Table 5.1: Dataset composition and signal categorization for system validation.

Category Count Diagnostic Purpose

Clean PCG (high quality) 1 Baseline morphological preservation
Acceptable normal PCG 1 Mild variability and real-world robustness
Murmur PCG 1 High-frequency diagnostic content preservation
Extra heart sounds 2 Transient event preservation

Noisy PCG / Artifacts 2 Noise robustness and out-of-band rejection
White noise 1 Worst-case spectral behavior stress test

5.0.3 Evaluation Metrics

To rigorously assess the system’s performance, a comprehensive set of evaluation
metrics was computed systematically across the dataset. The metrics (defined
mathematically in Chapter 3) are grouped into four primary categories based on
their analytical objective:

Signal Fidelity

Percentage Root-mean-square Difference (PRD)

Signal-to-Noise Ratio (SNR)

Peak Signal-to-Noise Ratio (PSNR)

Root Mean Square Error (RMSE)

Envelope correlation (Pearson’s r)
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Morphological Signal Quality
 Ratio of Zero-Crossings (RZC)

« Root Mean Square of Successive Differences (RMSSD)

Spectral Preservation
« Log-Spectral Distance (LSD)
o Magnitude-Squared Coherence

« Relative clinical band energy variation (AE})

Clinical Metrics
« Heart Rate (HR) estimation error

e S1-S2 interval temporal error

Compression & Performance
« Compression Ratio (CR)

Quality Score (QS)

Real-Time Factor (RTF)

CPU load

Stage Latency

5.1 Hardware Characterization

Before applying any digital processing, the physical capture setup was evaluated to
establish its baseline capabilities and limitations. This hardware characterization
is divided into two parts: first, an acoustic test using generated white noise played
through a loudspeaker to assess the frequency response; and second, an in-vivo test
to determine the real-world Signal-to-Noise Ratio (SNR) directly from the human

chest.
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5.1.1 Frequency Response and Methodological Limitations

To evaluate how the microphone behaves across different frequencies, an initial
Power Spectral Density (PSD) analysis was performed. Figure 5.1 compares the
microphone’s response to artificial white noise (blue) against the baseline acoustic
silence (dashed gray). To provide clinical context, the spectrum of an actual in-vivo
PCG recording (red) is also included.
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Figure 5.1: Measured power spectral density. The white noise excitation (blue)
exhibits a severe drop in the 20-200 Hz range due to a combination of microphone
roll-off and loudspeaker limitations. However, the in-vivo PCG spectrum (red)
demonstrates the microphone’s practical capability to capture cardiac energy well
above the noise floor in this exact low-frequency band.

As observed, the white noise spectrum stays well above the silence baseline from
150 Hz to 2000 Hz. However, there is a sharp 20 dB attenuation in the critical
20-200 Hz range. As a result, the measured flatness error is £17.38 dB within the
20-400 Hz evaluation band.

A standard and rigorous acoustic validation would normally require calibrated
instruments inside an anechoic chamber, or a specialized setup like a balloon
phantom [11], to properly compensate for recording variations. Since this setup
was unavailable, this test reflects the limitations of the entire acoustic chain rather
than just the isolated microphone.

Specifically, the observed low-frequency drop is caused by two factors. While the
[CS-43434 MEMS microphone does have an inherent low-frequency roll-off starting
around 100 Hz (as described in Chapter 3), the main limitation comes from the
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commercial loudspeaker (Sony SRS-X11) used for the test. Small consumer speakers
physically struggle to reproduce deep bass frequencies (< 200 Hz). Therefore, the
loudspeaker could not effectively excite the microphone in the cardiac frequency
band, making this uncalibrated white noise test insufficient to properly characterize
the system.

5.1.2 In-Vivo Signal-to-Noise Ratio (SNR) Validation

Because the loudspeaker could not reliably reproduce low frequencies, an in-vivo
test was conducted to prove the microphone’s actual capabilities in its intended
scenario. Looking at the red curve in Figure 5.1, the PSD of the in-vivo recording
naturally peaks in the 20-150 Hz region, sitting prominently above the absolute
noise floor. This proves that the microphone successfully captures low-frequency
cardiac energy.

To quantify this true capability, the SNR was calculated directly from the raw
in-vivo recording. The Root Mean Square (RMS) energy of the heart sounds
was compared against the background acoustic energy during the quiet diastolic
intervals (acoustic silence) to obtain a realistic system-level SNR.

Time Domain Comparison: PCG Signal vs Silence (SNR = 11.9 dB)
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In-Vivo PCG Recording
Microphone Silence (Noise Floor) | |
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Figure 5.2: Time-domain comparison of the raw in-vivo PCG recording versus
the microphone’s absolute noise floor, yielding an effective SNR of 11.88 dB.

Figure 5.2 illustrates this temporal comparison, where the cardiac events are
sharply defined and stand out significantly from the noise floor. Table 5.2 summa-
rizes these hardware baseline metrics.

The system achieves an in-vivo SNR of 11.88 dB, combined with a remarkably
low absolute noise floor of -58.45 dBF'S. This confirms that, despite the microphone’s
natural low-frequency roll-off, it has the sensitivity and dynamic range needed
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Table 5.2: MEMS microphone baseline metrics, including in-vivo performance.

Metric Measured Value Conditions

Noise floor (RMS) 0.001196 Acoustic silence in quiet room

Noise level -58.45 dBFS Acoustic silence in quiet room

PCG signal (RMS) 0.004695 Raw recording from human chest in quiet room
In-Vivo System SNR 11.88 dB Signal vs. Silence

ADC resolution 24-bit System configuration

to clearly separate fundamental heart sounds from background noise. This fully
validates its acoustic suitability for the wearable phonocardiography system.

5.2 Preprocessing Validation

The preprocessing stage was validated to ensure (i) theoretical correctness of the fil-
ter design, (ii) clinical neutrality with respect to diagnostically relevant information,
(ili) numerical equivalence between MATLAB and embedded implementations, and
later on: (iv) real-time feasibility on the target STM32U545 microcontroller.

The goal is to ensure that the filter enhances diagnostically useful content without
introducing artifacts or violating timing constraints. Therefore, the validation
focuses on stability, spectral behavior, and preservation of clinically meaningful
temporal features rather than raw waveform similarity.

5.2.1 Filter Design and Theoretical Analysis

To determine the optimal spectral shaping for the embedded device, four different
ITR filter configurations were designed and evaluated. Each configuration aimed
to highlight different acoustic features of the phonocardiogram, as illustrated in
Figure 5.3:

o Only S1/52: A highly restrictive low-pass filter focused exclusively on the
fundamental heart sounds (below 150 Hz). While it heavily suppressed noise,
it was discarded because it removed higher-frequency murmurs and subtle
acoustic textures critical for a comprehensive diagnosis.

o Full Band: A gentle shaping filter covering a wide spectrum up to 1 kHz.
Although it preserved all cardiac sounds, it was discarded because it did
not provide sufficient amplification to the specific frequency bands of clinical
interest.
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o Cardiac + Murmurs: A broader passband extending further into the murmur
region (up to 800 Hz). It successfully preserved and enhanced pathological
murmurs, but failed to provide sufficient attenuation of environmental and
electronic noise, leaving the signal vulnerable to artifacts during wireless
transmission.

o Cardiac Classic: The selected profile. It provides a controlled amplification
(approximately 2.5 linear gain) of the primary cardiac band (20-400 Hz),
where the fundamental S1 and S2 sounds dominate. It maintains a smooth
but decisive roll-off to attenuate out-of-band noise, while still allowing higher-
frequency murmurs to be heard clearly.

The “Cardiac Classic” profile was chosen based on qualitative listening evalua-
tions. It offered the best perceptual balance: it significantly enhanced the diagnostic
information content during auscultation, preserved the morphological integrity of
pathological murmurs in the lower-mid frequencies, and successfully suppressed
high-frequency environmental interference, all while maintaining strict numerical
stability for real-time embedded execution.
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Figure 5.3: Linear frequency responses of candidate filter configurations. The
selected “Cardiac Classic” profile provides controlled in-band gain for S1/S2 and
fundamental murmur components (20-400 Hz) while effectively attenuating out-of-
band noise (above 1 kHz).

However, a limitation of relying on a static IIR filter is its inability to dynami-
cally adjust to changing acoustic environments. Future versions of this wearable
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system would benefit from broader clinical testing to fine-tune these parameters.
Furthermore, future designs could incorporate adaptive filtering techniques to
actively cancel background noise in real time. Another promising improvement
would be a multi-microphone setup, placing sensors at different locations. By
combining the signals from two or more microphones, the system could perform
spatial filtering to isolate the heart sounds from external room noise much more
effectively.

Stability and Frequency-Domain Behavior

The final filter, "Cardiac Classic" is implemented as an eighth-order IIR realized
as a cascade of biquads using the CMSIS-DSP library. Figure 5.4 summarizes the
theoretical validation of this digital filter:

o Pole~Zero Map: All poles (marked as *x’ in Figure 5.4(a)) lie strictly inside the
unit circle (|z| < 1), confirming the Bounded-Input Bounded-Output (BIBO)
stability of the system.

o Magnitude Response: The filter applies selective gain within the primary
cardiac bandwidth: 2.5x (about 8 dB) gain is applied within 20-400 Hz, and
a strong attenuation above 1 kHz (Figure 5.4(b)).

o Phase Response: The phase remains approximately linear within the passband,
minimizing group delay distortion and preserving the morphological integrity
of S1 and S2 heart sounds (Figure 5.4(c)).
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Figure 5.4: Stability and frequency domain analysis of the designed "Cardiac
Classic" filter: (a) pole-zero map (stable |z| < 1); (b) magnitude emphasizing
20-400 Hz cardiac band; (c) phase response.
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5.2.2 Clinical Neutrality Assessment

The designed filter was applied to the complete dataset of PCG signals to assess its
impact on the diagnostic integrity of the recordings. As mentioned on Chapter 4,
the core objective of this preprocessing stage is to purposefully reshape the spectral
energy of the signal, applying a targeted gain to the fundamental heart sounds while
attenuating out-of-band noise. Consequently, the assessment of clinical neutrality
focuses on verifying that this intentional amplification does not distort the essential
temporal features and timing required for medical diagnosis.

Signal Fidelity and Morphological Preservation

By design, the filter introduces a significant amplification (approximately 8 dB)
within the primary cardiac band. This targeted enhancement substantially alters
the absolute amplitude of the raw waveform, as visually illustrated in Figure 5.5(a).
A detailed view of a single cardiac event, provided in Figure 5.5(b), further demon-
strates that the filtered signal exhibits this marked energy increase while strictly
maintaining its fundamental morphological shape.

Time-Domain Overlay: Original vs. Filtered PCG
Time-Domain Overlay: Original vs. Filtered PCG

Filtered PCG (Cardiac Classic)
— Original PCG

~— Filtered PCG (Cardiac Classic)

— Original PCG

0.1

0.05

Amplitud
=
————
Amplitude

-0.05

0.1

B
Time (s) 1.04 1.06 1.08 1.1 1.12 1.14
Time (s)

(a) (b)

Figure 5.5: (a) Time-domain representation of a representative PCG signal before
and after preprocessing. (b) A zoomed-in view of a single cardiac complex confirming
the applied gain without temporal displacement or morphological degradation.

When evaluated using classical sample-by-sample fidelity metrics, this deliberate
amplitude scaling translates into high numerical difference values. As detailed in
Table 5.3, the filtered dataset exhibits an average Percentage Root-mean-square
Difference (PRD) of 155.62 £+ 2.28% and a negative Signal-to-Noise Ratio (SNR)
of -3.84 4+ 0.13 dB. In this specific context, these metrics mathematically confirm
that the energy of the modified signal heavily outweighs the original due to the
applied gain, rather than indicating actual morphological degradation.
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To accurately assess whether the underlying structural shape of the cardiac cycle
was preserved despite this amplification, the Pearson correlation coefficient (1) was
computed on the Hilbert envelope of the signals. By evaluating the macroscopic
contour of the acoustic events, envelope correlation effectively isolates the temporal
silhouette from absolute amplitude scaling. As shown in Table 5.3, the envelope
correlation remains extremely high (0.9960 + 0.0016), demonstrating that the
morphological integrity of the heart sounds is preserved with near-unity fidelity.

Table 5.3: Preprocessing morphological and clinical timing metrics (mean +
standard deviation).

Condition PRD (%) SNR (dB) Env. Corr. (r) HR Error (%) S1-S2 Error (%)

Filtered vs. 155.62 -3.84 0.9960 0.00 0.00
original + 2.28 + 0.13 + 0.0016 + 0.01 + 0.01

Clinical Timing Preservation

Beyond morphological shape, the ultimate test of clinical neutrality is whether the
filter alters the timing of cardiac events. To verify this, a custom peak-detection
algorithm was implemented to extract and compare the heart rate and S1-S2
intervals before and after filtering. The methodology follows a four-step pipeline:

1. Bandpass Filtering: Signals are filtered using a 2nd-order zero-phase Butter-
worth filter (20-150 Hz) to isolate the fundamental acoustic energy of the
S1/S2 sounds while rejecting high-frequency components.

2. Envelope Extraction: The amplitude envelope is generated using the absolute
value of the Hilbert transform.

3. Peak Detection: The findpeaks function locates the timestamps of the heart
sounds. A 300 ms minimum separation is enforced (corresponding to a
physiological maximum of 200 BPM to prevent double-counting), alongside a
10% relative height threshold to ignore background noise.

4. Metric Calculation: Heart rate (HR) and S1-S2 intervals are computed based
on the median inter-peak distances, ensuring robustness against isolated false
positives.

As detailed in Table 5.3, both the heart rate error and the S1-S2 interval error
are effectively zero (0.00 £ 0.01%). This proves that the filtering process introduces
no clinically relevant temporal distortion.
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Figure 5.6: Heartbeat detection process showing the absolute filtered signal (gray),
the extracted envelope (blue), and the identified cardiac peaks (red markers) used
for temporal validation.

5.2.3 Spectral Reshaping and Band Energy Preservation

The impact of preprocessing in the frequency domain was analyzed using Power
Spectral Density (PSD) estimates through Welch’s method, band-wise energy
variations, and Continuous Wavelet Transform (CWT) scalograms.

Figure 5.7 provides empirical validation of the filter’s spectral shaping behavior
on a representative PCG signal: a significant, controlled gain is applied across the
fundamental frequencies (up to 400 Hz), while out-of-band components above 1
kHz are aggressively attenuated.

Power Spectral Density: Original vs Filtered (Signal: cut_pcg_original)
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Figure 5.7: PSD comparison of a representative PCG signal before and after
preprocessing. The filter strongly amplifies the primary cardiac band while attenu-
ating frequencies above 1 kHz.
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To systematically quantify this spectral reshaping across the entire dataset,
the relative band energy variation (AE,) was computed for established clinical
frequency ranges. As presented in Figure 5.8, the fundamental cardiac bands
(encompassing both S1 and S2) show a highly consistent average energy increase
ranging from +506% to +524%. This empirical result corresponds exactly to the
filter’s theoretical design target of an 8 dB passband gain (10 - log;y(2.5%) ~ 7.96
dB).

Conversely, the Murmur band (400-1000 Hz) and the higher frequency ranges
exhibit massive standard deviations. This high variance is the expected outcome
of the filter’s transition band acting upon the natural variability of high-frequency
environmental noise and transient artifacts across different real-world recordings.
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Figure 5.8: Relative band energy variation (AFE}) after preprocessing. The error
bars represent the standard deviation. Large positive values with low variance in the
lower bands reflect the intended, stable amplification of the cardiac signals, whereas
high variance in the upper bands illustrates the filter’s effect on unpredictable
environmental noise.

While PSD and band energy metrics provide a global view of the frequency
domain, the Continuous Wavelet Transform (CWT) offers a time-frequency per-
spective to observe how these spectral changes align with specific acoustic events.
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Figure 5.9 illustrates this localized impact. The filtered scalogram clearly demon-
strates the filter’s dual objective: the aggressive enhancement of the fundamental
heart sounds (visible as high-intensity red clusters strictly confined below 400
Hz) and the effective, broad-spectrum suppression of out-of-band acoustic noise
(represented by the deep blue regions).

CWT Scalogram: Original Signal

Time (s)

Figure 5.9: Continuous Wavelet Transform (CWT) scalograms comparing the
original (top) and pre-filtered (bottom) PCG signals. Magnitudes are represented
in a unified logarithmic scale (dB) to facilitate direct comparison. The filtered
scalogram demonstrates a targeted energy amplification within the clinically relevant
low-frequency cardiac bands (intense red peaks) alongside a substantial attenuation
of high-frequency background noise.

Performance Across Diverse Clinical Profiles

To further understand the filter’s behavior across varying acoustic scenarios, the

dataset was disaggregated into specific clinical and environmental profiles. For

this particular breakdown, the filtered signals were amplitude-normalized against

their respective original references prior to metric computation. This normalization

compensates for the intentional 8 dB in-band gain discussed previously, allowing

for a direct assessment of waveform distortion (PRD) and noise suppression (SNR).
Table 5.4 presents these detailed individual metrics:

o Normal PCG Signals: The filter shows good SNR improvement (up to 15.6
dB) and moderate PRD, indicating that the normal S1/S2 morphology is
preserved while baseline noise is reduced.
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e Pathological Murmurs: The filter achieves high SNR (up to 25.2 dB) and very
low PRD (down to 5.5%), confirming that mid-frequency pathological sounds
are retained without distortion.

o High-Noise Environments: Classical metrics degrade (high PRD, negative
SNR) due to the heavy noise content. However, the energy variation (A FEao—_400)
shows a +53.9% concentration in the cardiac band, meaning the filter effectively
isolates the useful auscultation frequencies even from highly masked recordings.

Table 5.4: Detailed preprocessing metrics per signal (MATLAB reference,
amplitude-normalized to isolate waveform distortion from intended filter gain).

Signal Type SNR (dB) PRD (%) AEzp_400 (%)
pcg_original Normal 12.0 25.1 +0.64
normal_aceptable Normal 15.6 16.6 +0.71
Murmur Murmur 25.2 5.5 -0.02
extra_hs Murmur 18.9 11.3 +0.00
extra_hs_super_agudo Murmur 15.9 16.1 +0.60
ambient_noise Noisy -0.3 103.4 +19.2
noise_artifact Noisy -0.3 103.4 +19.2
white_noise_85dB Noisy 0.2 98.0 +53.9

In summary, the pre-filtering stage successfully reshapes the signal spectrum to
enhance diagnostically relevant components and suppress noise across a variety of
conditions. While this operation profoundly alters the signal’s absolute amplitude
and band energies, it remains clinically neutral—preserving the temporal envelope
and the precise timing of S1 and S2 sounds. This validates its use as a robust
spectral preconditioning front-end for the subsequent LC3 compression pipeline.

5.2.4 Embedded Implementation Validation

To validate that the C-based implementation of the IIR filter on the microcontroller
preserves the desired mathematical frequency response designed in MATLAB, a
direct digital comparison was performed.

For this test, a clean PCG signal was loaded directly into the MCU’s SRAM
and processed block-by-block by the CMSIS-DSP arm_biquad_cascade_df1_£32
function. The filtered output was extracted via the debug console. This method-
ology strictly isolates the algorithmic performance of the MCU by bypassing the
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entire physical acquisition chain (loudspeaker, room acoustics, and microphone
sensors) that could introduce environmental noise or analog distortion.

Table 5.5 summarizes the numerical equivalence between the embedded 32-bit
floating-point execution and the double-precision MATLAB ideal reference for this
signal.

Table 5.5: MCU vs MATLAB filter equivalence metrics.

Metric Value
PRD (%) 2.26

SNR (dB) 32.93
Envelope Correlation (r) 0.9999

Mean Coherence (< 1 kHz) 0.8971
Log-Spectral Distance (LSD) 2.94 dB

Latency introduced 0 ms

The results confirm high algorithmic fidelity. A Percentage Root-mean-square
Difference (PRD) of 2.26% indicates negligible numerical deviation, and the Signal-
to-Noise Ratio (SNR) is 32.93 dB. Furthermore, the near-unity envelope correlation
(r = 0.9999) confirms the preservation of the macroscopic temporal morphology of
the cardiac cycle.

Visual inspection of the time-domain overlay (Figure 5.10(a)) confirms the signals
are virtually indistinguishable. Importantly, the embedded processing introduced
no measurable latency.

In the frequency domain, Figure 5.10(b) shows that the microcontroller accu-
rately reproduces the targeted spectral shaping, specifically the amplification of the
20-400 Hz cardiac band. This equivalence is supported by strong magnitude-squared
coherence within this clinically relevant range.

Some minor differences appear at higher frequencies reflected by a mean co-
herence of 0.8971 (up to 1 kHz) and a Log-Spectral Distance of 2.94 dB. These
deviations can be explained by the quantization differences between MATLAB’s
native 64-bit double-precision engine and the Cortex-M33’s 32-bit single-precision
Floating-Point Unit (FPU).

Ultimately, these results prove that the theoretical MATLAB filter was success-
fully ported to the hardware, functioning correctly in real time without compromis-
ing the clinical integrity of the signal.
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Figure 5.10: MCU vs. MATLAB implementation comparison. (a) Time-domain
overlay for a normal PCG signal (0-2 s window) showing perfect temporal alignment.
(b) Power Spectral Density (PSD) demonstrating precise replication of the intended
spectral shaping.

5.3 LC3 Audio Compression Analysis

5.3.1 Offline Codec Evaluation

The intrinsic distortion introduced by the LC3 codec was characterized through
offline evaluation on a desktop computer. This approach isolates algorithmic
behavior from hardware constraints, ensuring that measured distortions reflect
the codec itself rather than microcontroller-specific artifacts. The same LC3
encoder/decoder library used in the embedded system was compiled and run on the
PC, ensuring that the compression algorithm, quantization, and internal processing
pipeline were exactly the same across platforms.

The evaluation employed five representative PCG signals covering normal heart
sounds, systolic and diastolic murmurs, extra heart sounds recordings. Each signal
was compressed at six bitrates (16, 24, 32, 48, 64, and 96 kbps), comprising 30
experimental conditions. Additionally, a white noise stress test was conducted
to characterize the codec’s spectral behavior under maximum entropy conditions,
revealing how the codec handles frequency-dependent quantization.

This two-stage validation: offline algorithmic characterization followed by em-
bedded timing verification, ensures both diagnostic fidelity and real-time feasibility.
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5.3.2 Signal Fidelity and Morphological Preservation
Time-Domain Distortion Metrics

Table 5.6 summarizes the fidelity metrics across the PCG dataset. As expected,
reconstruction quality improves monotonically with bitrate. The Percentage Root-
mean-square Difference (PRD) decreases from 8.82+4.87 % at 16 kbps to 0.72+0.55
% at 96 kbps, while Signal-to-Noise Ratio (SNR) increases from 22.68 dB to 47.79 dB.
However, raw waveform metrics like PRD disproportionately penalize imperceptible
phase shifts in high-frequency components. To better assess clinical relevance, the
Pearson correlation coefficient (r) was computed on the Hilbert envelope of the
signals. This evaluates the macroscopic contour of S1/52 sounds and murmurs
rather than sample-by-sample alignment. Envelope correlation exceeded 0.997
across all bitrates, reaching 0.9993+0.0007 at 32 kbps, demonstrating that the
temporal shape of heart sounds is preserved even under moderate compression.

Table 5.6: LC3 fidelity and morphological quality metrics: mean + standard
deviation across 5 PCG signals.

Bitrate PRD (%) SNR (dB) PSNR (dB) RMSE Env. Corr. RZC RMSSD

16 kbps 8.82 22.68 27.40 0.088 0.9975 0.1895 0.0245
+ 4.87 + 6.54 £ 6.56 £0.049 £0.0021 £ 0.1059 = 0.0020
24 kbps 6.13 26.11 30.83 0.061 0.9988 0.2014 0.0244
=+ 3.62 + 7.06 £ 7.08 £0.036 £0.0011 £0.1128 = 0.0019
32 kbps 4.62 28.45 33.17 0.046 0.9993 0.2024 0.0247
+ 2.77 + 6.65 + 6.67 + 0.028 =+ 0.0007 =+ 0.1128 + 0.0021
48 kbps 2.96 32.00 36.72 0.030 0.9997 0.2019 0.0247
+ 1.66 + 5.92 +5.94 + 0.017 £ 0.0003 £+ 0.1121 =+ 0.0021
64 kbps 1.83 36.02 40.74 0.018 0.9999 0.2033 0.0248
£ 0.99 + 5.57 £ 5.59 + 0.010 £ 0.0001 £+ 0.1130 =£ 0.0021
96 kbps 0.72 47.79 52.51 0.007 1.0000 0.2054 0.0249
£ 0.55 + 13.29 + 13.29 + 0.006 £ 0.0000 £ 0.1140 = 0.0022

Morphological Quality Assessment

Following Mei et al. [31], the Ratio of Zero Crossings (RZC) and Root Mean Square
of Successive Differences (RMSSD) were computed on the second-level wavelet
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approximation of the signals. These metrics assess whether compression introduces
excessive high-frequency noise or unwanted temporal smoothing.

The original uncompressed signals exhibited a mean RZC of 0.2078 and a mean
RMSSD of 0.0249. After compression at 32 kbps, these values remain highly stable
at 0.2024 + 0.1128 and 0.0247 £ 0.0021, respectively. These results fall well below
the degradation quality thresholds of RZC < 0.4 and RMSSD < 0.2 proposed by
Mei et al. All evaluated bitrates comfortably satisfy these criteria, mathematically
confirming that LC3 compression preserves the fundamental morphological quality
of the PCG signals without introducing critical structural artifacts.

Clinical Timing Preservation

Cardiac diagnosis depends critically on temporal relationships between S1 and S2
sounds. To verify that LC3 compression does not distort these intervals, the same
peak detection algorithm applied to the preprocessing analysis (bandpass filtering,
Hilbert envelope, and peak detection with a 300 ms minimum distance) was used
to compute the heart rate and S1-S2 intervals the original and compressed and
decompressed signals across all different bitrates.

Table 5.7 confirms timing preservation. At 32 kbps, heart rate error is 0.0340.03%
and S1-S2 interval error is 0.03+£0.03%. This error is several orders of magni-
tude below physiological heart rate variability, confirming that LC3 compression
introduces no clinically relevant temporal distortion.

Table 5.7: Clinical timing preservation: mean 4 standard deviation.

Bitrate HR Error (%) S1-S2 Interval Error (%)

16 kbps 0.0840.04 0.08+0.04
24 kbps 0.05£0.06 0.05+0.06
32 kbps 0.03£0.03 0.03£0.03
48 kbps 0.00+0.01 0.00£0.01
64 kbps 0.01£0.01 0.01£0.01
96 kbps 0.01+0.01 0.01+0.01

Spectral Preservation

Spectral fidelity was evaluated using four complementary metrics: Log-Spectral
Distance (LSD), Spectral Distortion (SD), Magnitude-Squared Coherence, and clin-
ical band energy variation (AE, ). Together, these metrics capture global spectral
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similarity, frequency-dependent attenuation, preservation of spectral structure, and
retention of diagnostically relevant energy patterns.

LSD measures the logarithmic difference between original and reconstructed
power spectra. LSD values decrease from 6.65 + 1.75 dB at 16 kbps to 1.96 4+ 0.41
dB at 96 kbps. At 32 kbps, LSD is 5.60 £ 1.61 dB. Although this is higher than the
2 dB transparency threshold commonly used in audio coding [37], but acceptable in
this context because diagnostic information depends mainly on relative band energy
preservation within cardiac bands rather than exact wideband spectral shape.

Coherence in the 20-500 Hz cardiac band exceeds 0.98 at 32 kbps and approaches
1.0 at higher bitrates, indicating that the codec preserves the linear relationship
between frequency components in the diagnostically relevant range.

Figure 5.11 visualizes the bitrate-dependent behavior of key fidelity and spectral
metrics as mean + standard deviation across all signals. (The dashed reference lines
in the plots serve only as qualitative guides, not strict clinical thresholds, helping
visualize how LC3 performance approaches levels generally considered adequate for
diagnostic auscultation as bitrate increases.)

Key Performance Metrics vs Bitrate (Mean + Std)
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Figure 5.11: LC3 performance metrics versus bitrate: (a) PRD, (b) SNR, (c)
Spectral Distortion, (d) Log-Spectral Distance, (e) Coherence (20-500 Hz), and (f)
Subaudible energy preservation.
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Clinical Band Energy Preservation

For phonocardiographic diagnosis, preservation of energy in specific clinical fre-
quency bands is more important than global spectral similarity. These bands
correspond to the fundamental mechanical components of S1 and S2, valve-closure
transients, and turbulent flow signatures in murmurs.

As explained in Chapter 2, S1 low (20-70 Hz) captures the fundamental vi-
bration of mitral and tricuspid valve closure, while S1 mid (70-150 Hz) reflects
higher-frequency components associated with the same mechanical event. S2 low
(50-150 Hz) and S2 high (150-400 Hz) represent the acoustic energy produced
by aortic and pulmonary valve closure, including their sharper high-frequency
transients. Finally, the murmur band (400-1000 Hz) encompasses broadband tur-
bulent flow phenomena typical of stenosis, regurgitation, and other hemodynamic
abnormalities.

Figure 5.12 shows the relative energy variation AFE, for the five clinical bands
as a function of bitrate across all PCG signals.

Energy Variation by Clinical Band (Mean + Std)

—&— S1 Low (20-70 Hz)
—&— S1 Mid (70-150 Hz)

S2 Low (50-150 Hz)
15+ —&@— S2 High (150-400 Hz)
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Figure 5.12: Relative energy variation AF}, across clinical frequency bands.

At 16 kbps, deviations up to about +5.8% are observed in the murmur band,
reflecting the stronger quantization applied at low bitrates. At 32 kbps, all clin-
ical bands exhibit deviations below +2%. Higher bitrates yield only marginal
improvements as quantified in Table 5.8, indicating that 32 kbps already provides
near—ideal preservation of clinically relevant spectral energy, with 48 kbps showing
comparable band preservation.
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Table 5.8: Relative band energy variation AFEy: mean + standard deviation.

Bitrate S1 Low S1 Mid S2 Low S2 High Murmur
(20-70 Hz) (70-150 Hz) (50-150 Hz) (150-400 Hz) (400-1000 Hz)

16 kbps -2.8+0.4 -5.1£0.6 -3.9£0.5 -4.2+0.7 -7.8£0.9
24 kbps 0.5+0.3 -2.4+0.4 -2.1£0.3 -3.6£0.5 -5.1£0.6
32 kbps 0.9+0.2 -0.4+0.3 -0.6+0.2 -1.1+0.3 -1.7+0.4
48 kbps -0.8+0.3 -1.9£0.3 -1.6+0.3 -1.5+0.4 -2.940.5
64 kbps -1.240.2 0.1+0.2 0.0£0.2 -0.2+0.2 -0.9£0.3
96 kbps -0.3£0.1 -0.2£0.1 -0.1£0.1 -0.3£0.1 -0.4£0.2

White Noise Stress Test: Codec Spectral Behavior

To fully characterize the spectral transfer behavior of the LC3 codec and identify
any frequency bias, a stress test using a generated broadband white noise signal
was conducted across all bitrates. While white noise is not a clinically relevant
signal it serves as a maximum entropy excitation source. Unlike PCG signals, which
have sparse, low-frequency concentrated spectra, white noise uniformly stresses the
codec’s bit allocation algorithm across the entire frequency band.

Table 5.9 quantifies the codec’s performance degradation when subjected to this
spectrally flat input.

Table 5.9: White noise stress test: LC3 spectral transfer characteristics.

Bitrate PRD (%) SNR (dB) SD (dB) LSD (dB)

16 kbps 129.12 1.79 7.60 10.87
24 kbps 120.33 2.40 8.11 11.10
32 kbps 113.12 2.94 8.47 11.24
48 kbps 99.70 4.03 8.66 11.04
64 kbps 88.58 5.06 8.71 10.78
96 kbps 69.79 7.13 9.84 11.35

The metrics reflect severe distortion under these extreme conditions. At 32 kbps,
the white noise test yields a PRD of 113% and significant spectral distortion (SD
= 8.47 dB). In contrast, PCG signals at the same bitrate exhibit 4.6% PRD and
5.6 dB SD. This large discrepancy highlights how the psychoacoustic model works:
when bit availability is restricted it prioritizes perceptually relevant low frequency
components.
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Figure 5.13 illustrates this frequency-dependent gain deviation, revealing a
pronounced low-pass tendency and aggressive high-frequency roll-off as the codec
reaches spectral saturation.

46 White Noise Spectral Behavior

-48 [l
-50 |-
-52

54

= Original
— 16 kbps
— 24 kbps
— 32 kbps
-58 | ——— 48 kbps .
—— 64 kbps
96 kbps
_60 1 1 1
0 2000 4000 6000 8000 10000 12000

Frequency (Hz)

Power Spectral Density (dB/Hz)

Figure 5.13: Power Spectral Density of white noise after LC3 compression. The
aggressive high-frequency roll-off at lower bitrates illustrates the psychoacoustic
model’s prioritization of low-frequency content.

The contrast in broadband behavior is further emphasized in Figure 5.14, which
compares band energy preservation between PCG and white noise at 32 kbps.
While clinical PCG bands are maintained within a tight & 2% margin, the white
noise signal suffers severe high-frequency attenuation ranging from -11.5% to -16.4%
due to bit starvation. This shows that the codec’s psychoacoustic model is highly
dependent on signal spectral characteristics and actively prioritizes low-frequency
components when bit availability is restricted. This validates the PCG-specific
testing: cardiac signals, with their inherently concentrated low-frequency energy,
are perfectly aligned with the codec’s compression strategy.

Impact of Spectral Preconditioning on LC3 Performance

As demonstrated by the stress test, LC3 struggles with high-frequency broadband
noise. Therefore, spectral conditioning inherently improves codec efficiency by
removing unnecessary high-frequency entropy before compression.. The effect of
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Figure 5.14: Band energy variation at 32 kbps: PCG (concentrated spectrum)
vs. white noise (broadband). PCG maintains clinical bands within +2% (green),
while white noise experiences severe high-frequency attenuation (red) due to bit

starvation.

the proposed preprocessing filter on LC3 compression performance was evaluated

at 32 kbps.

Table 5.10 summarizes the comparison between direct compression (Baseline
LC3) and compression applied after pre-filtering (Pre-filtered LC3) to the signals

of the database and presented as mean =+ std dev.

Table 5.10: Impact of pre-filtering on LC3 compression at 32 kbps (Mean + Std

Dev).

Scenario PRD (%) SNR (dB) LSD (dB) Env. Corr. (r)

Coherence

Baseline LC3 4.62 £ 2.77 28.45+£6.65 0.83+£0.49 0.9993 = 0.0007
Pre-filtered LC3  1.19 £ 0.27 38.67 £ 2.18 0.31 £ 0.22  1.0000 £ 0.0000

0.9849 £ 0.0044
0.9962 £ 0.0035

This results show that pre-filtering actually improves the compression perfor-
mance of PCG signals. The PRD decreases from 4.62% to a remarkable 1.19%,
while the SNR increases by more than 10 dB (from 28.45 dB to 38.67 dB). Further-
more, the Log-Spectral Distance is reduced by over 60%, and coherence within the
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diagnostically critical 20-500 Hz cardiac band increases to 0.9962.

As visually demonstrated in Figure 5.15, attenuating out-of-band noise allows
LC3 to allocate its fixed 32 kbps bit budget entirely to the diagnostically relevant low-
frequency bands, actively enhancing codec fidelity and spectral shape preservation.
LC3 Without Filter (Signal: cut_pcg_original)

4 LC3 With Pre-Filter (Signal: cut_pcg_original)
10
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- — - -LC3 Output

Filtered Input
- = — -Filter + LC3 Output
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Figure 5.15: PSD difference demonstrating the impact of spectral conditioning.
By attenuating out-of-band noise, the filter enhances encoding efficiency, allowing
the codec to preserve the original spectral shape more accurately.

5.3.3 Compression Efficiency and Optimal Bitrate Selection

The trade-off between compression ratio and quality was quantified using the
Quality Score (QS = CR / PRD), where higher values indicate better efficiency.
Table 5.11 presents the compression metrics.

Table 5.11: Compression efficiency metrics.

Bitrate Compression Ratio PRD (%) Quality Score Efficiency

16 kbps 24.0 8.82+4.87 272.1 Poor (high distortion)
24 kbps 16.0 6.13+3.62 261.0 Poor (high distortion)
32 kbps 12.0 4.62+2.77 259.7 Optimal

48 kbps 8.0 2.96+1.66 270.3 Good (lower CR)
64 kbps 6.0 1.83£0.99 327.9 Suboptimal

96 kbps 4.0 0.72+0.55 555.6 Poor (low CR)

By analyzing the empirical data alongside the codec’s spectral behavior, the
bitrates can be categorized as follows:
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o 10-24 kbps (Suboptimal Quality): These bitrates yield unacceptable distortion
(PRD > 6%) and significant energy loss in the critical murmur band (> 5%
deviation). The aggressive quantization at these levels discards diagnostically
relevant acoustic information.

o 32 kbps (The Optimal Operating Point): This operating point provides the
ideal engineering compromise. It achieves a 12:1 compression ratio while
maintaining high clinical fidelity (PRD < 5%, SNR > 28 dB, band energy
errors < 2%, envelope correlation > 0.999). Crucially, as demonstrated by
the white noise stress test, the LC3 psychoacoustic model naturally protects
the low-frequency bands where PCG energy is concentrated, making 32 kbps
highly effective for cardiac signals.

e /8 kbps (Diminishing Returns): While 48 kbps offers a marginal improvement
in quality (PRD =~ 3%) and a slightly higher Quality Score, it significantly
reduces the compression ratio to 12:1. Compared to 32 kbps, this 33% reduc-
tion in compression mandates larger wireless payloads, which proportionally
increases the Bluetooth Low Energy (BLE) transmission duty cycle and accel-
erates battery drain on the wearable.

o 64-90 kbps (Unjustifiable for Wearables): Although these bitrates deliver near-
transparent audio quality, their low compression ratios negate the primary
benefit of incorporating an audio codec in a resource-constrained wireless
Sensor.

Based on this evaluation, while the Quality Score increases at higher bitrates
due to very low PRD, this improvement reflects diminishing practical benefits.
The system achieves its optimal engineering compromise at 32 kbps, where a 12:1
compression ratio restricts the output to exactly 40 bytes per 10 ms frame—an
ideal payload size for BLE encapsulation. Because it represents the absolute
minimum bitrate that guarantees diagnostic clinical integrity while maximizing
wireless transmission efficiency, 32 kbps is validated and selected as the definitive
nominal operating point for the embedded deployment.

5.4 End-to-End System Validation

The final phase of the experimental methodology evaluated the complete signal
processing pipeline as an integrated embedded system. Embedded medical sys-
tems require a rigorous evaluation of latency, throughput, memory footprint, and
computational load. Therefore, the primary objective of this section are: first,
to confirm the real-time computational feasibility and stability on the target mi-
crocontroller; and second, to verify that the combined effect of acoustic capture,
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digital preprocessing, and LC3 compression preserves the clinical integrity of the
phonocardiogram.

5.4.1 Embedded Computational Performance

The system’s operational viability was validated against the hardware constraints
of the STM32U545 microcontroller. The system operates on a 10 ms audio frame
architecture (160 samples at 16 kHz). To maintain real-time operation without
buffer overruns, the total processing time per frame must strictly remain below the
10 ms deadline.

Real-Time Processing Latency and Energy Profiling

Execution times for each pipeline stage were measured using hardware cycle counters
on the MCU. As illustrated in Figure 5.16, the total processing latency per 10 ms
frame is highly efficient. The IIR preprocessing stage requires 0.21 ms, while the
LC3 encoding at 32 kbps consumes 3.19 ms, resulting in a total active processing
time of 3.40 ms per frame.

sed: 1000

Figure 5.16: Raw execution-time statistics captured directly from the MCU
console, confirming the measured average latency of 3.40 ms per 10 ms frame.

This execution time translates to a Real-Time Factor (RTF) of 0.34, meaning
the MCU spends only 34% of its available CPU cycles processing audio.

To evaluate the balance between compression performance and processing cost
on the embedded hardware, the Computational Efficiency (CE) metric defined in
Equation 3.18 (Chapter 3) was computed for the optimal 32 kbps operating point.

Using the baseline compression ratio CR=12.0 (Table 5.11) and the measured
encoding time Tcomp = 3.19 ms, the system reaches a computational efficiency of
3.76 ms-1. This shows that the selected LC3 implementation preserves diagnostic
quality while providing a high compression output per unit of processing time,
which is essential for reducing the duty cycle in continuous wearable monitoring.

84



Experimental Setup and Results

Energy Consumption

The system’s energy consumption is directly related to its processing latency. The
calculations are based on the STM32Ub545 microcontroller operating at its maximum
clock frequency of 160 MHz. According to the official datasheet, the core in active
mode draws approximately 16.3 A per MHz.

Given a standard 3.3V supply voltage, the active current (Iyeive) and total
active power dissipation (Pictive) are:

Lctive = 160 MHz x 16.3 A /MHz = 2.608 mA
Pictive = 3.3 V x 2.608 mA ~ 8.61 mW

The audio-processing pipeline occupies 3.40 ms of every 10 ms frame, correspond-
ing to a Real-Time Factor (RTF) of 0.34. This indicates that the MCU uses 34% of
its available CPU cycles for audio processing, while the remaining time is available
for other system modules. Since the device continues executing additional tasks
outside the audio window, no low-power mode is assumed and the active power
remains constant.

Using the measured execution times and the active power, the energy required
to process one complete audio frame is:

Etame = Pactive X 3.40 ms ~ 29.26 uJ

As summarized in Table 5.12, the complete software pipeline consumes approxi-
mately 29.26 uJ per 10 ms frame.

Table 5.12: Active cycles and energy consumption per 10 ms frame (STM32U545
at 160 MHz).

Processing Stage Ezecution Time Active Cycles FEnergy (uJ)
IIR Preprocessing 0.21 ms 33,600 1.81
LC3 Encoding 3.19 ms 510,400 27.45
Total Active Pipeline 3.40 ms 544,000 29.26

On-device Latency

To estimate the total on-device latency, the measured computational time must be
added to the codec’s theoretical algorithmic delay. With an algorithmic delay of
12.5 ms (10 ms framing + 2.5 ms MDCT lookahead) and a measured maximum
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processing time of 3.40 ms (ITR + LC3 encoding), the total preparation time for
a compressed audio payload is approximately 15.9 ms. This provides a highly
responsive audio pipeline, leaving ample time budget for BLE packetization and
air-interface transmission while remaining well below the 30 ms threshold required
for interactive real-time auscultation.

Embedded Resource Utilization and Memory Footprint

To ensure the microcontroller can run the audio pipeline together with the rest of
the system, it is important to check how much memory the implementation uses.
This was measured using the STM32CubelDE Build Analyzer, which reports how
much RAM and Flash the program occupies.

Table 5.13 summarizes the results. The complete audio processing pipeline
—including the LC3 encoder, buffers, and auxiliary data— uses 10.71 KB of RAM,
which corresponds to only 4.18% of the available memory. This means the system
still has plenty of space left for other tasks running on the device.

In terms of non-volatile memory, the program occupies 177.2 KB of Flash, or
34.61% of the 512 KB available. This includes the executable code and the lookup
tables required by the encoder.

Overall, the memory usage is low, and the implementation fits comfortably
within the constraints of the STM32U545.

Table 5.13: Static Memory and Stack Allocation Summary.

Component / Section Size

SRAM (Total: 10.71 KB / 4.18%)
LC3 Encoder State (encoder_memory) 2.54 KB
DMA Audio Buffer (audio_buffer) 1.25 KB
Processing Buffers (temp_float, etc.) 1.25 KB

Flash (Total: 177.2 KB / 34.61%)

.text (Executable instructions) 89.56 KB
.rodata (Lookup tables and matrices) 86.14 KB
IIR Filter Instructions 124 B

Long-Term Stability

To verify sustained throughput and system robustness, the system was subjected
to a continuous 15-minute operational stress test. Operating at the required
throughput of 100 frames per second, the device successfully acquired, processed,
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and encoded 90,000 consecutive audio frames. Throughout the testing period,
the system exhibited no buffer overruns, memory leaks, or temporal drift. These
results confirm that the proposed architecture provides a stable real-time processing
platform for continuous wearable auscultation.

5.4.2 Integrated Signal Pipeline Validation

After confirming the real-time feasibility of the embedded implementation, the
next step was to evaluate the fidelity of the complete signal processing chain.
To thoroughly assess the system, two complementary testing methodologies were
employed: a digital injection test to isolate and extract precise numerical metrics
regarding the internal behavior of the embedded algorithms across various signal
types, and an in-vivo acoustic evaluation to validate the morphological and clinical
integrity of the signals under real-world conditions.

Emulated Acoustic End-to-End Validation

To approximate a wearable deployment scenario and observe the signal evolution
across the entire system, reference PCG signals were reproduced through a loud-
speaker positioned 5 cm from the MEMS microphone. The captured audio was
processed by the embedded IIR filter, encoded with LC3 at 32 kbps, transmitted,
and decoded on a host PC.

Figure 5.17: Acoustic end-to-end validation setup.

The experimental architecture is defined by the block diagram in Figure 5.18,
which establishes five specific extraction points (a through e) for comparative
analysis.
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Figure 5.18: Block diagram of the end-to-end signal validation pipeline, illus-
trating the five extraction points for comparative analysis: (a) original reference,
(b) software-filtered reference, (c) hardware-filtered via digital injection, (d) raw
acoustic capture, and (e) hardware-filtered acoustic capture.

To visually assess the impact of each stage, Figure 5.19 presents the time-domain
waveforms and Continuous Wavelet Transform (CWT) scalograms, strictly mapped
to the extraction points of the block diagram:

o Panel 1 (Extraction point a): The original reference PCG signal.
o Panel 2 (Eztraction point b): The ideal MATLAB-filtered reference.

o Panel 3 (Eztraction point c¢): The hardware-filtered signal via digital injection
(MCU performance).

o Panel 4 (Eztraction point d): The raw, unfiltered acoustic capture via the
MEMS microphone.

o Panel 5 (Eztraction point e): The final embedded output: acoustic capture
after MCU filtering and LC3 decoding.

The digital stages (Panels 1-3) reveal that the MATLAB and MCU filtered
signals exhibit the exact same attenuation of high-frequency components and
enhancement of the cardiac band, confirming that the embedded filter reproduces
the ideal mathematical response with negligible deviation.

The acoustic stages (Panels 4-5) show the expected coloration introduced by
the loudspeaker—air-microphone chain, including excess mid-frequency energy
and reduced low-frequency content. After MCU filtering (Panel 5), however, the
acoustic signal recovers the expected band-limited morphology, demonstrating that
the embedded filter effectively suppresses both environmental noise and transducer-
induced artifacts.

To complement the time-frequency analysis, Figure 5.20 compares the Power
Spectral Density (PSD) of the same five extraction points. The MATLAB and
MCU filtered spectra overlap almost perfectly across the entire cardiac band. The
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Figure 5.19: Time-domain waveform and CW'T scalograms demonstrating the
signal evolution. Panels 1 to 5 directly correspond to extraction points (a) to (e)
from Figure 5.18.

acoustic recordings exhibit characteristic distortions (attenuation below 150 Hz)
consistent with the non-flat low-frequency response of the consumer loudspeaker.
Importantly, despite these acoustic limitations, the filtered acoustic signal still
follows the expected spectral envelope within the passband, indicating that the
MCU is able to correctly process the captured signal.

Digital Injection Validation

To isolate the performance of the embedded algorithms from acoustic distortions,
reference PCG signals were digitally injected into the microcontroller’s memory
and processed entirely on-device. The MCU applied the IIR filter and the LC3
encoding, producing three signal versions for analysis: the original reference (Zoig),
the MCU-filtered signal (zg);), and the MCU-decoded signal (zqec)-

Initial comparisons between MATLAB simulations and the embedded outputs
confirmed that the CMSIS-DSP implementation introduces negligible numerical
deviation. Likewise, the encoded and decoded signals match the reference LC3
behavior, with distortion levels strictly consistent with the codec’s expected perfor-
mance at 32 kbps.

Figure 5.21 provides a comprehensive visual summary of this process for a
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Figure 5.20: Power Spectral Density across the five extraction points: (a) original
reference, (b) MATLAB-filtered, (¢) MCU-filtered, (d) raw microphone capture,
and (e) microphone capture after MCU filtering.

representative PCG signal. Panels A—C display the macroscopic time-domain
waveforms, while the 50 ms zoomed segments (Panels D-F) demonstrate that the
temporal morphology of the cardiac cycle is preserved with near-perfect phase align-
ment, particularly between the filtered and decoded stages (Panel E). Furthermore,
the Power Spectral Density (Panel G) and the Continuous Wavelet Transform
scalograms (Panels H-I) confirm that the decoded signal retains the characteristic
spectral envelope and time-frequency energy distribution of the fundamental heart
sounds.

To thoroughly assess the clinical viability of the pipeline, three pairwise com-
parisons were performed across four representative signals: a normal PCG, a
pathological murmur, an extra heart sounds recording, and an ambient noise stress
test. Table 5.14 details these quantitative results.

Original vs. Filtered For the original vs. filtered comparison, classical error
metrics (SNR and PRD) are mathematically degraded due to the intentional ~8 dB
gain applied by the filter in the cardiac band. However, the envelope correlation
exceeds 0.997 for all cardiac signals, and the energy increase in the 20-400 Hz band
(A FEs9_400) ranges from +511% to +523%, precisely matching the designed spectral
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Figure 5.21: End-to-end digital injection validation for a representative PCG
signal. (A-C) Time-domain waveforms for the original reference, MCU-filtered,
and LC3-decoded stages. (D-F) Detailed 50 ms temporal overlays illustrating
phase alignment and amplitude modifications. (G) Power Spectral Density (PSD)
comparison across the three processing stages. (H-I) Continuous Wavelet Transform
(CWT) scalograms demonstrating the preservation of clinically relevant time-
frequency diagnostic features after on-device filtering and decoding.

shaping without introducing temporal distortion.

Filtered vs. Decoded For the filtered vs. decoded comparison, the metrics
demonstrate exceptional codec transparency. The PRD remains below 1.6%, SNR
exceeds 36 dB, and envelope correlation is above 0.9999. This confirms that LC3
at 32 kbps behaves almost losslessly on the MCU-filtered signals.

Original vs. Decoded Finally, the original vs. decoded comparison evaluates
the end-to-end performance. Despite the filter’s amplification, envelope correlation
remains highly stable (> 0.997) for all clinically relevant signals, and the coherence
in the cardiac band exceeds 0.99. Heart rate and S1-S2 timing errors remain
effectively zero, except for the ExtraHS signal where the complex morphology leads
to a slight increase (still below 2%).

Overall, these results validate that the complete embedded implementation is
mathematically faithful to the reference models. When combined with the acoustic
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Table 5.14: Digital injection test: comprehensive pairwise comparison metrics for
the embedded pipeline.

Comparison  Signal SNR (dB) PRD (%) Env. Corr. LSD (dB) Coh. (<500Hz) AEj_400 (%) HR err (%) S1-S2 err (%)
Normal PCG -3.35 147.03 0.9988 16.38 1.000 +511.85 0.00 0.00
. . Murmur -3.50 149.70 1.0000 7.78 1.000 +523.27 0.00 0.00
Orig vs. Filt
Extra HS -3.37 147.39 0.9976 15.54 1.000 +515.25 0.01 0.01
Ambient noise -1.20 114.84 0.7887 17.63 1.000 +472.99 — —
Normal PCG 38.84 1.14 1.0000 0.65 0.998 +0.22 0.00 0.00
. Murmur 36.35 1.52 0.9999 0.12 0.998 -0.04 0.00 0.00
Filt vs. Dec
Extra HS 36.18 1.55 0.9999 0.56 0.997 -0.08 1.71 1.68
Ambient noise 25.21 5.49 0.9981 3.75 0.998 -0.51
Normal PCG -3.34 146.92 0.9988 16.61 0.998 +513.17 0.00 0.00
. Murmur -3.50 149.66 0.9999 7.79 0.997 +523.04 0.00 0.00
Orig vs. Dec
Extra HS -3.36 147.27 0.9975 15.79 0.997 +514.78 1.70 1.67
Ambient noise -1.13 113.85 0.7929 20.94 0.998 +470.09 — —

Note: For ’Orig vs Filt’ and ’Orig vs Dec’, the negative SNR and high PRD reflect the intentional
gain applied by the IIR filter, not signal degradation. The slightly higher HR/S1-S2 errors in the
EzxtraHS signal are due to its transient, non-periodic morphology.

validation, they confirm that the full acquisition, processing, and transmission
chain preserves the diagnostic integrity of phonocardiogram signals while operating
in real time on the STM32Ub545.

In-Vivo Acoustic Clinical Validation

The loudspeaker-based test confirmed that the system could process captured sound
along the entire hardware path, but it also introduced unavoidable coloration from
the speaker itself. To verify the system’s true diagnostic performance under real
clinical conditions, a final in-vivo evaluation was performed. Unlike previous test
that relied on a pre-recorded reference signal for direct comparison, this evaluation
utilized the embedded system’s direct recording, capturing an acoustic signal
directly from a human subject, fully bypassing the loudspeaker response.

The results of this direct hardware processing, shown in Figure 5.22, demonstrate
that the system preserves both the structural and spectral characteristics of the
natural cardiac signal.

The time-domain waveform shows that the processed signal maintains a clear
and stable morphology. The single-window PSD and the CW'T scalograms confirm
that the main acoustic energy remains within the cardiac frequency band, while
high-frequency artifacts are effectively suppressed. The CWT representation aligns
with the temporal waveform and clearly highlights the rhythmic energy bursts
associated with the S1 and S2 heart sounds.

The lower section of the dashboard illustrates the heartbeat detection algorithm
applied to the hardware-filtered signal. The temporal waveform and Hilbert
envelope provide an accurate heart rate estimation (85.1 bpm) and reliable intervals.
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Figure 5.22: Comprehensive clinical analysis of the real audio capture after
embedded processing. The dashboard shows the time-domain morphology, Power
Spectral Density, 2D Wavelet Scalogram, and the heartbeat detection envelope
used to compute clinical metrics. The low ZCR and RMSSD values confirm the
absence of high-frequency noise and amplitude artifacts.

The peaks in the envelope (red trace) correspond to the energy peaks observed in
the CW'T scalogram, clearly identifying the S1 and S2 beats.

Other metrics further confirm the high morphological quality of the captured
signal. The very low Zero-Crossing Rate (ZCR = 0.0081) indicates a smooth
waveform with minimal high-frequency noise, which would otherwise increase
zero-crossing events. Likewise, the low Root Mean Square of Successive Differences
(RMSSD = 0.0039) shows that the amplitude baseline is stable and free from
sudden fluctuations.

Furthermore, the 3D topological scalogram in Figure 5.23 highlights the periodic
energy bursts corresponding to S1 and S2 across time and frequency. Together,
these results demonstrate that the acoustic-to-digital chain preserves the essential
time-frequency features required for reliable clinical auscultation.
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Figure 5.23: 3D Wavelet scalogram of the embedded output from an in-vivo
auscultation, showing clear energy peaks associated with S1 and S2 heart sounds.
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Chapter 6

Conclusions and Future

Work

6.1 Discussion and Conclusions

The main objective of this thesis was to design and implement an audio driver for a
wearable device capable of performing cardiac auscultation for phonocardiography.
The results presented in this work demonstrate that the proposed architecture
successfully achieves real-time acquisition, preprocessing, and compression on an
ultra-low-power STM32U545 microcontroller, proving to be both computationally
efficient and clinically viable. Table 6.1 summarizes the key performance indicators
of the final integrated system.

Table 6.1: End-to-end system performance summary.

Component Key Metric Achieved Result
Acoustic Capture (MEMS)  In-vivo SNR 11.88 dB
IIR Preprocessing (MCU)  PRD vs. MATLAB reference 2.26 %
LC3 Compression (32 kbps) Cardiac band energy preservation > 98.0 %
Integrated Digital Pipeline End-to-end Envelope Correlation (r) > 0.99
Real-Time Execution RTF (10 ms frame pipeline) 0.34
Overall Latency End-to-end processing delay ~ 15.9 ms

A primary contribution of this work is pioneering the application of the new
Bluetooth LE Audio standard (specifically the LC3 codec) for a medical-grade
wearable device. The successful integration of LC3 into a phonocardiography
pipeline challenges the traditional paradigm of remote auscultation. While previous
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studies have proposed custom compression algorithms for PCG signals—such as
dictionary-based methods [20] or proprietary wavelet transforms—these approaches
often require specialized decoders on the receiver side, severely limiting clinical
interoperability. This thesis validates that a standardized perceptual audio codec,
originally designed for consumer audio, can meet the stringent fidelity requirements
of cardiac diagnostics.

When compared to existing literature, the proposed pipeline demonstrates
highly competitive performance. Custom PCG compression schemes typically
report Percentage Root-mean-square Difference (PRD) values between 2% and 7%
for compression ratios ranging from 8:1 to 15:1 [20]. In this work, the baseline LC3
codec evaluation achieves a 12:1 compression ratio (at 32 kbps) with an average PRD
of 4.62%. However, the complete proposed pipeline—which integrates a targeted
digital pre-filtering stage-significantly enhances encoding efficiency, driving the
average end-to-end PRD down to an impressive 1.19%. Furthermore, unlike custom
algorithms that demand significant computational resources for vector quantization
or complex mathematical transforms, the LC3 encoder executes highly efficiently
on the ARM Cortex-M architecture.

The embedded audio pipeline—data acquisition, digital filtering, and LC3
compression—executes in only 3.4 ms per 10 ms frame, corresponding to a 34%
CPU load. By relying on hardware accelerators and DMA transfers, the system
maintains stable continuous operation while leaving a 66% idle margin. This
headroom ensures that the microcontroller can handle wireless communication,
interrupts from other sensors, and low-power modes. When combined with the
LC3 algorithmic delay of 12.5 ms, the total end-to-end latency is approximately
15.9 ms—well below the 45 ms threshold required for smooth remote auscultation.

A key finding of this work is the strong synergy between the spectral conditioning
stage and the LC3 compression algorithm. The real-time IIR filter successfully
reshapes the acoustic spectrum, amplifying the clinically relevant cardiac bands
by 8 to 12 dB while attenuating the high-frequency noise floor. By attenuating
out-of-band noise before encoding, the filter removes spectral entropy irrelevant for
diagnosis. This enables the codec to allocate its entire bit budget to the frequencies
that matter, compressing the audio stream at 32 kbps without losing morphological
fidelity.

Most importantly, the validation results show that the entire acoustic-to-digital
chain preserves the diagnostic integrity of the phonocardiogram. Classical fidelity
metrics are often insufficient in this context as they penalize intentional filtering gain.
However, clinically-oriented evaluation confirms that the temporal morphology of
the cardiac cycle, quantified by an envelope correlation above 0.999, is preserved
with near-unity fidelity. The precise timing of cardiac events remains undistorted,
with a mean S1-S2 interval error of just 0.03%.

Finally, the architecture relies exclusively on commercial off-the-shelf components
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and standardized communication protocols. This design choice validates that high-
fidelity continuous cardiac monitoring does not require expensive, proprietary
digital signal processors or custom receiver applications, laying the groundwork
for proactive telemedicine, computer-assisted diagnosis at the edge, and overall
healthcare cost reduction.

6.2 Limitations and Future Work

While the proposed system demonstrates strong performance under controlled
conditions, certain limitations highlight clear directions for future development to
prepare the device for a final wearable implementation.

Currently, the digital preprocessing relies on a static IIR band-pass filter. While
effective for stable, stationary noise, it cannot dynamically adapt to the natural
variability of different patients or unpredictable motion artifacts. In a realistic
wearable scenario, triboelectric noise caused by clothing friction will introduce low-
frequency interference that overlaps with the 20 to 150 Hz cardiac band. Therefore, a
primary focus for future work involves improving robustness against motion artifacts
and environmental interference. This will require adaptive filtering strategies that
adjust based on real-time spectral analysis or the continuously detected heart
rate. Combining microphone data with the onboard accelerometer could enable
motion-aware filtering and Active Noise Cancellation (ANC), while moving to a
small microphone array would open the possibility of spatial beamforming.

Beyond signal conditioning, the available computational headroom offers op-
portunities for more advanced processing. Lightweight edge-AI algorithms could
support basic on-device classification of normal versus abnormal heart sounds.
Similarly, features derived from S1 and S2 may eventually support cuffless blood-
pressure estimation [2]. Furthermore, as justified during the system configuration,
the hardware is already equipped to capture pulmonary acoustics. Future firmware
updates could implement parallel filtering pipelines to extract and analyze both
cardiac and respiratory components simultaneously, unlocking true multimodal
cardiopulmonary monitoring.

From a hardware perspective, all experimental validations were conducted using
a microcontroller evaluation board and a raw breakout module. Consequently,
the system must be validated in its final physical form. The next step involves
transitioning to a custom printed circuit board sealed within a designed wearable
enclosure. Because physical constraints, casing resonance, and skin-to-device
coupling impedance will inevitably alter the frequency response, the system’s
acoustic front-end will require specific characterization using precision anechoic
instruments.

Once this hardware is finalized, comprehensive clinical validation will be required.
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The initial characterization was limited by the frequency response of a consumer
loudspeaker, and while algorithmic equivalence was proven, large-scale in-vivo
clinical trials across a diverse patient population and in real-world ambulatory
environments are needed to statistically confirm diagnostic accuracy against gold-
standard echocardiography. Crucially, this clinical phase must include a perceptual
tuning of the IIR filter. While the current filter meets theoretical targets, its
coefficients should be iteratively adjusted based on clinician feedback to match the
acoustic profile of traditional stethoscopes, maximizing both diagnostic accuracy
and perceptual comfort for the physician. This final phase will provide the evidence
needed for regulatory approval and clinical adoption.
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Appendix A

Firmware Implementation
Detalils

A.1 Audio Acquisition Pipeline and State Ma-
chine

The processing pipeline implements continuous MEMS PCG acquisition through
DMA-driven SAI/I?S, real-time IIR filtering, and LC3 compression within 10 ms
frame deadlines.

The function I2S Mic_Mng() implements a three-state sequencer for micro-
phone data: MIC_IDLE (initialisation), MIC_ON (acquisition, preprocessing and LC3
encoding), and MIC_OFF (termination and statistics).

void I2S_Mic_Mng(void) {
switch(mic_status) {
case MIC_IDLE:
MX_DSP_Init ();

enc = 1c3_hr_setup_encoder (...);
HAL _SAI Receive_ DMA (&hsai_BlockA1l,
(uint8_t*)audio_buffer, I2S_BUFFER_SIZE

)
frames_processed = O0;
mic_status = MIC_ON;
break;

case MIC_ON:
if (mic_dr_state !
mic_dr_state

MIC_DR_NONE) {
MIC_DR_NONE;

Preprocess_Frame () ;
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17 Encode_Frame () ;
18 frame_cycles_total += DWT->CYCCNT - start_frame;

20 if (++frames_processed >= TOTAL_FRAMES) {
21 HAL_SAI_DMAStop(&hsai_BlockAl);

mic_status = MIC_OFF;
print_statistics ();

(-

NN NN
o w

¥

break;
case MIC_OFF: break;
}

NN
N O

NN
o

[}

Code A.1: DMA-driven Microphone manager state machine.

DMA callbacks ensure sub-frame latency by processing halves of the circular
buffer:

void HAL_SAI_RxHalfCpltCallback(SAI_HandleTypeDef #*hsai) {
if (hsai->Instance == SAI1_Block_A) {

3 memcpy (audio_buffer_1c3, audio_buffer, FRAME_BYTES);

1 mic_dr_state = MIC_DR_1ST_HALF;

5 I2S_Mic_Mng();

7| ¥

olvoid HAL_SAI_RxCpltCallback (SAI_HandleTypeDef xhsai) {

10 if (hsai->Instance == SAI1_Block_A) {

11 memcpy (audio_buffer_1c3, &audio_buffer [I2S_BUFFER_SIZE/2],
FRAME BYTES);

12 mic_dr_state = MIC_DR_2ND_HALF;

13 I25_Mic_Mng () ;

Code A.2: SAI1 DMA half/full-complete callbacks.

A.2 Real-Time Preprocessing (CMSIS-DSP)

The real-time preprocessing stage is implemented as a 4-stage cascaded biquad IR
filter using the CMSIS-DSP arm_biquad_cascade_df1_£32() routine. Coefficients
are derived in MATLAB (Yule-Walker design) to emphasize the 20-400 Hz cardiac
band.

1|void MX_DSP_Init(void) {
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}

arm_biquad_cascade_dfl_init_£32(&S, 4, filter_coeffs,
filter_state);

void Preprocess_Frame(void) {

int32_t *input = &audio_buffer_1c3[0];

for(uint32 t i = 0; i < FRAME_SAMPLES; i++)
temp_float[i] = (float32_t)input[i] * INV_2P23;

arm_biquad_cascade_df1_£32(&S, temp_float, temp_float,
FRAME_SAMPLES) ;

for(uint32_t i = 0; i < FRAME_SAMPLES; i++)

input[i] = __SSAT((int32_t) (temp_float[i]%*8388608.0f),

24)

Code A.3: IIR initialization and per-frame processing.

A.3 LC3 Compression Pipeline

encoder, operating on the preprocessed frame.

The Encode_Frame () function provides a thin wrapper around the LC3 reference

void Encode_Frame (void) {

1c3_encode (enc,
LC3_PCM_FORMAT S24,
&audio_buffer_1c3[0],
1,
48,

lc3_bytes);

Code A.4: High-level LC3 encoding wrapper.

The LC3 encoder follows a standard audio codec pipeline: PCM loading —

MDCT analysis — perceptual quantization — arithmetic coding and bitstream
packing.

int 1c3_encode(struct 1lc3_encoder* enc, enum lc3_pcm_format fmt,

const void* pcm, int nbytes, void* out) {
struct side_data side;

load[fmt] (enc, pcm, 1);
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}

analyze (enc, nbytes, &side);
encode (enc, &side, nbytes, out);
return O;

static void analyze(struct 1lc3_encoder* enc, int nbytes, struct side_datax* side) {

lc3_mdct_forward(enc->dt, enc->sr_pcm, enc->sr, xs, xd, xf);
float e[LC3_MAX_BANDS];

bool nn_flag = lc3_energy_compute (enc->dt, enc->sr, xf, e);
side->bw = 1lc3_bwdet_run(enc->dt, enc->sr, e);

Code A.5: LC3 reference encode pipeline (excerpt).
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Data Extraction and
Validation Scripts

B.1 MATLAB Filter Design and Export Script

The following MATLAB script demonstrates the design of the 8th-order Yule-Walker
filter used for PCG preprocessing. It defines the target frequency response, verifies
system stability, converts the filter to Second Order Sections (SOS), and formats
the coefficients into a C-compatible array structure required by the CMSIS-DSP
library.

%% PCG EQUALIZER FILTER DESIGN - 16kHz, 10ms blocks

% Preprocessing: boost 10-400Hz cardiac band, strong HF
attenuation

clear; close all; clc;

5| %% SYSTEM PARAMETERS

5| fs = 16000; % Hz
Nyquist = fs/2; % 8kHz
block_ms = 10; % ms

block_samples = round(block_ms * fs / 1000); % 160

%% 1. DESIGN H(f) WITH YULEWALK (custom magnitude curve)
f_norm = [O, 10/Nyquist, 400/Nyquist, 1000/Nyquist, 1];

sjlm_gain = [0.1, 2.5, 2.5, 0.2, 0.05];

orden_yule = 8; ¥ Low order for STM32 (4 biquads)

5| [b_yule, a_yule] = yulewalk(orden_yule, f_norm, m_gain);

%% 2. EVALUATION: Stability
if all(abs(roots(a_yule)) < 1)

fprintf ('Filter is STABLE (All poles inside unit circle)\n');
else
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warning ('Filter is UNSTABLE (Poles outside unit circle)!');
end

%% 3. CONVERT TO CMSIS-DSP BIQUADS (STM32 ready)

fprintf ('\n=== CMSIS BIQUADS EXPORT ===\n');
[sos_yule, g_yule] = tf2sos(b_yule, a_yule); % Second Order
Sections

% Apply global gain ONLY to the first biquad
sos_yule(1,1:3) = sos_yule(1,1:3) * g_yule;
num_stages = size(sos_yule,1);

% CMSIS coefficients: bO, bl, b2, -al, -a2 per stage (NOTE: aO=1
always)
coeffs_cmsis = [sos_yule(:,1:3), -sos_yule(:,5:6)];

fprintf('float32_t coeffs[%d] = {\n', b5*num_stages);

fprintf('%.6f, %.6f, %.6f, %.6f, %.6f, %% stage 1\n',
coeffs_cmsis(1,:));

for i=2:num_stages-1
fprintf ('%.6f, %.6f, %.6f, %.6f, %.6f, %% stage %d\n',
coeffs_cmsis(i,:), i);

end

fprintf('%.6f, %.6f, %.6f, %.6f, %.6f %% stage %d\n};\n',
coeffs_cmsis(end,:), num_stages);

Code B.1: PCG Equalizer Filter Design (Yule-Walker)

B.2 LC3 File Header Reconstruction (Python)

As detailed in Chapter 4, a live BLE stream only transmits the raw audio payload
to conserve bandwidth. Therefore, to validate the embedded compression on a
PC, the .1c3 file header must be artificially reconstructed. This Python script
parses the hex dump from the SWV console and prepends the exact 18-byte 1c3bin
header (plus optional flags) required by the d1c3.exe reference decoder.

import struct
import subprocess

def create_lc3bin_header (frame_us, srate_hz, hrmode, bitrate,
nchannels, nsamples):
"""Generates the exact 1lc3bin_header (20 bytes) + 2 bytes
hrmode nnn
hdr_hrmode = 1 if hrmode else O

hdr = struct.pack('<HH H H H HHHH',
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0xCC1C,
22,
srate_hz // 100,
bitrate // 100,
nchannels,
frame_us // 10,
0,
nsamples & OxFFFF,
nsamples >> 16
)
extra = struct.pack('<H', hdr_hrmode)
return hdr + extra

frame_us = 10000
srate_hz = 16000

il hrmode = False
7| bitrate = 32000

nchannels = 1
nsamples = 160

header = create_1lc3bin_header (frame_us, srate_hz, hrmode, bitrate,

nchannels, nsamples)
frame_prefix = struct.pack('<H', len(frame_data))

1c3_file = header + frame_prefix + frame_data
with open('reconstructed_audio.lc3', 'wb') as f:
f.write(1lc3_file)

subprocess.run(["./bin/dlc3.exe", "reconstructed_audio.lc3",
decoded_output.wav"])

Code B.2: LC3 Header Generation and Decoding Script
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Appendix C

Hardware Configuration

C.1 SAI1l Peripheral Configuration

The SAI1 peripheral is configured as a 16 kHz IS master receiver with 32-bit slots
and a single active channel, used to interface the MEMS microphone.

Table C.1: SAI1 configuration: 16 kHz MEMS microphone interface.

Parameter

Configuration

Audio mode
Protocol

Frame length
Data size
Sample rate
FIFO threshold
DMA mode

Clock source

SAT MODEMASTER RX

I?S Standard

32 bits

24 bits (left-justified)

16 kHz

SATI FIFOTHRESHOLD EMPTY
Circular, double-buffered
PLL1Q (HSE-derived)
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