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Heart sound, or phonocardiogram (PCG), signals are often distorted by noise
from respiration, movement, and the surrounding environment, which
complicates accurate cardiac feature extraction in portable monitoring
systems. This study aims to design and evaluate an effective digital filtering
method to enhance PCG signal quality obtained from a low-cost acquisition
system based on a condenser microphone sensor and an ESP32
microcontroller. The main contribution of this work is the implementation
and comparison of two noise-reduction approaches: Butterworth band-pass
filters of various orders and the Kalman filter applied to PCG signals
acquired from mannequin-based simulations. Data were recorded for 10
seconds at a 1000 Hz sampling rate, processed in MATLAB, and analyzed
using the fast Fourier transform (FFT) to determine the optimal frequency
ranges. Experimental results demonstrate that the 8th-order Butterworth
band-pass filter achieved the highest signal-to-noise ratio (SNR)
improvement, averaging 25.659 dB, outperforming other configurations.
These findings indicate that an appropriately tuned Butterworth filter
provides a simpler yet robust solution for real-time PCG denoising in
embedded systems. Future work will integrate the filtering process directly
into the ESP32 firmware and evaluate its performance on human subjects to
enhance clinical applicability.
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1. INTRODUCTION

Cardiovascular disease (CVD) remains one of the leading causes of morbidity and mortality
worldwide and is the primary cause of death in Indonesia [1]-[4]. Heart disease occurs when the cardiac
system experiences structural or functional abnormalities [5], which may include problems involving the
coronary blood vessels, heart rhythm, cardiac covering, or congenital conditions [6]. Many cardiac disorders
are reflected in the acoustic characteristics of heart sounds, making cardiac auscultation (the act of listening
to these sounds) an essential diagnostic method for early detection of cardiovascular abnormalities [7]-[9].
The stethoscope, as a noninvasive and affordable diagnostic device, enables medical practitioners to assess
cardiac function through auscultation [10], [11]. However, the interpretation of heart sounds remains
subjective and depends heavily on the physician’s experience and hearing sensitivity [12], [13].

Despite continuous advancements in electronic stethoscope technology, significant challenges
persist in accurately capturing and interpreting heart sounds due to ambient noise interference and the
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limitations of traditional acoustic amplification. Conventional stethoscopes amplify sound mechanically,

which makes them vulnerable to environmental disturbances, reducing diagnostic accuracy [14], [15]. The

condenser microphone sensor, commonly used in low-cost electronic stethoscopes, features automatic gain
control (AGC) for dynamic sound capture but remains sensitive to external noise sources. Thus, the use of
robust digital filtering techniques is essential to enhance the signal-to-noise ratio (SNR) and ensure that

primary heart sound components (S1 and S2) are clearly preserved [16], [17].

Several researchers have proposed digital filtering methods to improve the quality of electronic
stethoscope recordings. Wu et al. [18] implemented a 4™-order digital Butterworth band-pass filter
(20400 Hz), effectively reducing high-frequency noise while maintaining S1 and S2 clarity, but the system
performed poorly under nonstationary noise. Zhang et al. [19] developed an Al-assisted electronic
stethoscope using a Butterworth pre-filter followed by a convolutional neural network (CNN) for
classification, improving diagnostic accuracy but revealing that static filters alone were inadequate against
variable acoustic interference. Zhu et al. [20] reviewed phonocardiogram (PCG) processing methods and
highlighted Kalman filters as robust alternatives to Butterworth filters for non-stationary noise, albeit with
increased computational complexity. Nugraha et al. [21] compared Butterworth and Kalman filters in cardiac
monitoring, finding that Butterworth filters preserved waveform morphology and were computationally
efficient, while Kalman filters achieved higher SNR in noisy environments. Malwade et al. [22] developed a
Bluetooth-based digital stethoscope capable of transmitting heart sounds in real time to Bluetooth speakers or
headsets, though the study did not include further signal analysis. In related work, Kjeldsen et al. [23]
employed the condenser microphone sensor and Arduino to detect heart rate and compared data transmission
using an auxiliary cable and Bluetooth. The results showed minimal differences between the two
transmission modes; however, their system did not incorporate any digital filtering stage. Overall, existing
studies highlight the potential of electronic stethoscopes but reveal persistent noise interference and the
limited use of digital filtering, particularly for the condenser microphone sensor. Since heart sound
frequencies typically range between 20 Hz and 500 Hz, this range can serve as the basis for determining
suitable cutoff frequencies in filter design to improve signal clarity and analysis accuracy.

Although adaptive filtering approaches such as least mean square (LMS), recursive least squares
(RLS), and wavelet-based denoising have been widely applied in biomedical signal enhancement [24], their
adoption in embedded stethoscope systems remains limited. These adaptive filters can dynamically adjust
their coefficients to track signal variations, making them suitable for nonstationary environments. However,
their high computational and memory demands pose challenges for resource-constrained microcontrollers
such as the ESP32, which is commonly used in portable biomedical devices [25]. Moreover, adaptive filters
require extensive parameter tuning and large datasets to ensure convergence and stability, which are not
applicable to controlled mannequin-based simulations used in this study. Therefore, despite their theoretical
advantages, adaptive techniques are less practical for low-power embedded implementations, where
efficiency and real-time performance are critical. Previous studies have not systematically compared the
performance of Butterworth and Kalman filters—two well-established yet computationally feasible
algorithms—on embedded hardware using the condenser microphone sensor. This gap motivates the present
work.

Based on the research described above, the electronic stethoscope offers many advantages but is still
affected by noise interference that influences sound detection results, as well as by the limited application of
digital filters on the condenser microphone sensor used as the electronic stethoscope’s front-end transducer.
The signals are processed through an ESP32-based microcontroller, transmitted to a personal computer (PC)
for visualization, and output to a Bluetooth headset for real-time auscultation. Overall, the lowest frequency
range of heart sounds starts from 20 Hz to 500 Hz, which can serve as the basis for determining the cutoff
frequency range of the digital filter applied to the condenser microphone module. The process of analyzing
the effectiveness of digital filter usage in a stethoscope using the condenser microphone module can
influence the final results of the frequency analysis displayed.

a. This study introduces a comparative analysis of Kalman and Butterworth digital filters applied to PCG
signals acquired using the condenser microphone sensor, providing empirical insights into their
noise-reduction effectiveness and computational suitability for embedded stethoscope systems.

b. The research demonstrates that the 8"-order Butterworth band-pass filter achieves the highest average
SNR improvement (25.659 dB), outperforming the Kalman filter and establishing an optimal frequency
range (20-150 Hz) for heart sound enhancement in low-cost electronic stethoscopes.

c. This work contributes a practical implementation framework for integrating digital filtering algorithms
into ESP32-based biomedical devices, offering a foundation for future real-time firmware development
and clinical validation of electronic stethoscope systems.

Based on this, the references above still lack an analysis of electronic stethoscope development.
Therefore, the authors planned to design an electronic stethoscope using the condenser microphone sensor
module as a heart sound transducer, which will be processed using the ESP32 microcontroller, and compare
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the use of the Kalman filter with the Butterworth band-pass filter as digital filters to determine the most
effective approach. The results of signal processing using digital filters will be transmitted to a PC and can be
listened to through a Bluetooth headset. In this case, the use of the condenser microphone sensor is analyzed
for its effectiveness when combined with the Kalman digital filter and the Butterworth band-pass filter. The
two results are further compared using the SNR value method to examine their differences, and the filtered
signals are transmitted to the Bluetooth headset for auditory comparison.

2.  MATERIALS AND METHOD
2.1. Experimental setup

This study used mannequins with a normal sinus rhythm mode as subjects for heart sound data
collection. Heart sounds were recorded from each mannequin 15 times. After acquisition using an electronic
stethoscope, the signal was displayed on PC for further processing with two types of digital filters: the
Kalman filter and the Butterworth band-pass filter implemented in MATLAB. The detected heart sound
signals were also transmitted to a Bluetooth headset for listening purposes.

2.1.1. Materials and tools
The study utilized the condenser microphone sensor, an electret condenser microphone with built-in

AGC and a frequency response of 20-20,000 Hz, to capture heart sounds from mannequins. The ESP32

microcontroller was used for signal acquisition and wireless data transmission, while MATLAB served as the

primary platform for signal filtering and analysis. Two digital filtering methods were applied:

a. Kalman filter, implemented using a one-dimensional state-space model to estimate the true signal from
noisy measurements. The process noise covariance (Q) and measurement noise covariance (R) were
empirically tuned across several configurations (R:100 Q:1, R:10 Q:1, R:1 Q:1, and R:1 Q:0.1) to analyze
their effects on SNR performance.

b. Butterworth band-pass filter, designed with cutoff frequencies of 20-150 Hz, determined empirically
from fast Fourier transform (FFT) analysis of the raw PCG signals and consistent with previous studies
[26]. Filter orders of 2, 4, 6, and 8 were evaluated to examine the trade-off between noise reduction and
signal distortion.

A Bluetooth headset was used to receive the output sound captured by the sensor in real time.

2.1.2. Experiment

After assembling the system, experiments were conducted on 10 mannequins in the normal sinus
rhythm mode. Each heart sound signal was recorded for 10 seconds with a sampling frequency of 1000 Hz.
The condenser microphone sensor was positioned on the chest area of each mannequin, and data collection
was performed in a quiet laboratory environment by a single operator to ensure measurement consistency and
minimize ambient noise. The acquired signals were transmitted from the ESP32 to the PC, where FFT
analysis was used to verify the dominant frequency range (20-150 Hz). Subsequently, each signal was
processed using both the Kalman and Butterworth filters under their respective parameter settings, and the
output was evaluated based on the SNR improvement before and after filtering.

2.2. The diagram block

Figure 1 describes the block diagram of the system. In the block diagram, there are three main
sections: input, process, and output. The input section of the stethoscope captures the sound of the human
heart. The chest piece vibrations of the stethoscope are detected by the condenser microphone sensor, and
once the sound is received, the heart sound data are processed by the ESP32 microcontroller. In the ESP32,
the data are filtered using digital filters, namely the Kalman filter and the Butterworth band-pass filter, which
aim to clarify the heart sound signal within a specific frequency range.

Stethoscope Microcontroller ESP32 Headset Bluetooth
(Chestpiece)
v 3 A
MAX 9814 Filters (Kalman Filter and Personal Computer
Sensors Butterworth Bandpass) i (PC)

Figure 1. The diagram block of the electronic stethoscope
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2.3. The flowchart

Figure 2 describes the program flow diagram. When the device is turned on, the heart rate is
detected by the condenser microphone sensor, and the signal is sent to the ESP32 for data processing. The
heart sound data detected by the sensor are then transmitted to the MATLAB application, where they are
processed using two different types of filters, namely the Kalman filter and the Butterworth band-pass filter.
Based on the results of these two filters, the SNR value is obtained and analyzed.

BEGIN B Input data into the MATLAB
Initialization — *. -
Digital filter analysis (Kalman Filter
+ and Bandpass Butterworth filter)
Sound detection on the MAX 9814 +
sensor
v SNR analysis on MATBLAB
Data Processing —
END

Figure 2. Program flowchart of the electronic stethoscope

Figure 3 illustrates the complete signal processing flow implemented in this study. The process
begins with the acquisition of PCG signals using the condenser microphone sensor connected to the ESP32
microcontroller at a sampling rate of 1000 Hz. The collected data are transmitted to a PC for preprocessing,
including normalization, trimming, and FFT analysis to determine the dominant frequency range
(20-150 Hz). The signal is then processed using two filtering techniques: the Butterworth band-pass filter
and the Kalman filter. After filtering, the SNR is calculated, and the results from both methods are compared
in the time and frequency domains to evaluate filtering performance.

- S

Preprocessing
(Normalization,
Trimming, FFT)

SNR calculation

'

Comparison of filter result

I '

Data Transmission to PC Display Result (Time &
Frequency Domain)
Apply bandpass Apply kalman filter

butterworth filter (R, Q, tuning)

B |« @

Figure 3. Flowchart of PCG signal processing and filtering pipeline

Signal Acquisition
(MAX9814 to ESP32,
fs=1000 Hz)

Kalman Filter?

2.4. Data processing
2.4.1. Butterworth band-pass filter

In this study, a digital Butterworth band-ass filter designed in the MATLAB application was used.
This digital band-pass filter was applied to reduce or eliminate noise that occurs during data acquisition using
the module. The filter works by reducing or removing noise below the lower cutoff frequency (Fcl), passing
the desired frequency components, and then attenuating signals above the upper cutoff frequency (Fc2). The
sampling frequency used in this Butterworth band-pass digital filter is 1000 Hz, with a cutoff frequency
range of 20-150 Hz. The filter orders used in this Butterworth band-pass digital filter are the 2" order, 4™
order, 6" order, and 8" orders.
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a. Analog Butterworth prototype

The design of a Butterworth analog filter begins with the normalized low-pass prototype,
characterized by a cutoff angular frequency of wc = 1rad/s). The poles S, of the normalized n — th
Butterworth filter are located uniformly on the left half of the unit circle in the complex s — plane and are
defined as (1):

k+n-1

.2
Se=e™ 2 k=12, .....n 1)

These satisfy sk = 1 and R (s;) < 0 ensuring system stability and a maximally flat magnitude response in
the passband. The normalized analog transfer function H,(s) can be expressed as (2):

Ho(s) = 2 )

=1 (55K

where B, is chosen so that |H,(0)| = 1 providing a unity DC gain for the low-pass filter. For the normalized
prototype, B, = (—1™) [Ir=1 Sx Which results in a real constant. This normalization facilitates easier
frequency scaling and transformation for high-pass, band-pass, and band-stop filter designs.

b. Frequency scaling (real cutoff)

In practical filter design, the normalized Butterworth prototype with a cutoff frequency of
wc = 1rad/s must often be scaled to meet a desired real cutoff frequency, £, this process is known as
frequency scaling. To achieve the specified cutoff, the poles of the normalized transfer function are scaled
according to (3):

Pr = £ " Sk 3)

where s, are the normalized poles and p,, are the scaled poles corresponding to the desired cutoff frequency.
Consequently, the analog transfer function of the scaled Butterworth filter becomes (4):

B
Ll:l(s_pk)

Hy(s) = (4)
with B is a constant selected to achieve the desired DC gain, which is typically normalized to unity for
low-pass filters. This scaling ensures that the filter maintains its Butterworth characteristics—specifically, a
maximally flat magnitude response in the passband—while shifting the cutoff frequency to the required value.
¢. Mapping to digital: bilinear transform+prewarping
Designing a digital IR Butterworth filter typically uses the bilinear transform. It is calculated as (5):

1-z71 2z-1

s 2 ors =-— (5)

T1+z71 T z+1

where T = 1/f; is the sampling period and f; is sampling frequency.
Prewarping

Because the bilinear transform warps frequency, prewarp the desired discrete cutoff frequency
f-(Hz) into the analog domain. It calculated as (6):

0. = 2f; tan(nf—f (6)

use radians/sec for .. Design the analog prototype with this £, then apply the bilinear transform.

The process of designing a digital filter using the bilinear transformation begins by determining the
filter order n, sampling frequency f, and digital cutoff frequency f.. Next, the prewarped analog cutoff
frequency is calculated as 2c = 2f; tan( ©f./f;) to compensate for frequency distortion introduced by the
bilinear transformation. The normalized prototype poles s, are then computed and scaled using
Pr = .- s,. The analog transfer function is formed as H,(s) = B/[]r=1(s — s;) with the constant B
adjusted so that H,(0)=1. The transformation from the analog to the digital domain is achieved by

substituting s = ;% into H, (s). The result is then multiplied by (1 + z~1) to obtain a rational function in
B(z)
A(Z)
extracted, typically normalized so that a,—,.
d. Digital transfer function and difference equation

1

terms of z~' expressed asH(z) = Finally, the digital coefficients by, ... ... ,b, and a, a,are

........
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After substitution and rearrangement. It calculated as (7):

H(Z) — Zo+b1z‘1+~~+bnz—n (7)
o+alz" 1+ +anz™ "

commonly scaled so a, = 1. The time-domain difference equation for implementation is (8):
y[nl = Xy aky[n — k] + Xy-o bkx[n — k] @)

In (8) represents the time-domain implementation of the digital Butterworth filter, which defines
how the output signal y[n] is computed based on both the current and previous input samples x[n-k], as well
as previous output samples y[n-K]. In this equation, bk are the feedforward coefficients derived from the
numerator of the digital transfer function, while ak are the feedback coefficients obtained from the
denominator, typically normalized so that. The variable ndenotes the filter order, which determines the
number of past samples used in the computation. The term Y:b, x[n — k] represents the weighted contribution
of current and past input samples, while Y.a, y[n — k] accounts for the recursive feedback from previously
filtered outputs. This recursive structure characterizes an infinite impulse response (lIR) filter, allowing it to
produce a smooth and continuous response with fewer coefficients compared to non-recursive finite impulse
response (FIR) filters.

2.4.2. Kalman filter

In this study, a Kalman filter-type digital filter was used. The purpose of using the Kalman filter
digital filter is to reduce noise that enters the data acquisition process using modules [27]. This filter works
by obtaining the gain value set in the Kalman filter formula, which has been modified as (9):
Predict is calculated as (9):

£t|t—1 = 92t—1|t—1 9)
Pye1=Prqpp1 + Q;

Update is calculated as (10):

Kt:Pt\tfl(Pt|tf1HT+Rt)7l
£t|t = £t|t—1 + K (e — Hft|t—1) (10)
Pt|t:(17Kt)|t—1

To change the gain in the Kalman filter, the coefficient value was adjusted with the following
combinations: R=100; Q=1, R=10; Q=1, R=1; Q=1, and R=1; and Q=0.1 RQ [27]. The variables in the
Kalman filter equations represent the key components of the recursive estimation process. The term £;,_,
denotes the predicted state estimate at time t based on information available up to the previous step, while
Xy represents the updated or corrected state estimate after incorporating the current measurement y,. The
matrices P, and Py, correspond to the predicted and updated error covariances, respectively, indicating
the uncertainty associated with each estimate. K, is the Kalman gain, which determines the weighting
between the model prediction and the new measurement; a higher K, gives more importance to the
measurement data. Q.and R, represent the process noise covariance and measurement noise covariance,
which control the filter’s sensitivity and responsiveness to variations in the signal and noise levels. H is the
observation matrix that maps the true state space into the measurement domain, while I denotes the identity
matrix used to maintain the dimensional consistency of the covariance update. Together, these parameters
enable the Kalman filter to iteratively refine its estimation of the true signal by minimizing the mean squared
error between the predicted and observed values.

2.4.3. Signal-to-noise ratio
SNR is a measure used in signal analysis that compares the desired signal level to the background
noise level. It is defined as the ratio of signal power to noise power and is often expressed in decibels (dB).
The higher the SNR value, the better the signal quality. The SNR value can be calculated using a formula that
relates signal strength to noise, as shown in (11):
1

Ps = Z3Y, I (1)

Evaluating the effectiveness of digital filtering techniques in electronic ... (Endang Dian Setioningsih)



1500 O3 ISSN: 2302-9285

In the expression P, = % N . 1x; |2, the variable P, denotes the average power of the discrete-time

signal, representing the mean energy per sample over the observation window; N is the total number of
samples considered, defining the length of the discrete signal segment or analysis window; i is the
summation index, an integer counter that runs from 1 to N, used to reference each individual sample in the
sequence; x; is the value of the signal at the i-th sample, which may be real- or complex-valued depending on
the signal domain; and | x; |? is the squared magnitude of the sample, corresponding to the instantaneous
energy contribution of that sample, where for real signals it reduces to x?, and for complex signals it is
computed as x;x;, with x; being the complex conjugate of x;. To find out the noise value (n), it is necessary
to know the frequency of noise in the heart signal. The noise signal is at the output frequency of the heart
sound signal (20-150 Hz). The noise frequency of the recording signal. Furthermore, (i) is the amplitude of
the signal at a time. It is calculated as (12):

Pn= 3 |n|? (12)

After that, we find the Pn value or mean square value ofthe noise amplitude. N is the number of
samples in the signal and is the amplitude of noise at a time (i) obtained from the noise frequency of the Nn;
heart sound. Broadly speaking, itis the sum of the squares of the entire amplitude of absolute noise from time

(i) the number of samples on the signal. Then we can enter the variables Ps and Pn into the SNR formula,

namely; y: ¥V, |n;|?:

SNR (dB) = 10l0gso— (13)

In the expression (13), the variable SNR 45y denotes the signal-to-noise ratio expressed in decibels,
providing a logarithmic measure of signal quality that facilitates comparison across wide dynamic ranges; P;
represents the average power of the useful signal component, typically obtained as the mean squared
magnitude of the signal samples over a defined observation interval; P, denotes the average power of the

. - . . Ps .
noise component, calculated analogously as the mean squared magnitude of the noise samples; the ratio P—S is
n

a dimensionless linear quantity indicating how many times stronger the signal is relative to the noise; the
constant factor 10 arises from the definition of decibels for power quantities (as opposed to 20 for amplitude
ratios); and log 1, (+) is the base-10 logarithm, which maps multiplicative power ratios into additive decibel
values, enabling more convenient interpretation and analysis in signal processing systems.

3. RESULTS AND DISCUSSION

In this study, the electronic stethoscope was tested using the condenser microphone sensor, and the
measurement results were displayed on a PC for analysis in the MATLAB application. The device output
could also be listened to using a Bluetooth headset. Figure 4 shows the circuit design inside the enclosure.

MAX 9814 CHESTPIECE ESP32

CHARGER STEP UP MODULE
MODUL BATTERY XL6009

Figure 4. Design of the circuit in the enclosure (Box)
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3.1. Signal-to-noise ratio measurement of the signal after the digital filter

Figures 5 and 6 illustrate the time- and frequency-domain responses of the PCG signals before and
after digital filtering. In the time domain, both filters successfully reduce baseline noise; however, the
Kalman filter produces a smoother output with reduced amplitude peaks, indicating slight attenuation of the
primary heart sound components. Conversely, the Butterworth filter (20-150 Hz) maintains the shape and
intensity of S1-S2 waves while effectively suppressing high-frequency components above 150 Hz. The FFT
plots confirm these findings, showing that the Butterworth filter exhibits a sharper cutoff and greater
retention of dominant frequency bands around 30-80 Hz compared to the Kalman filter. This supports the
SNR analysis results, in which the Butterworth filter achieved higher enhancement levels under the same
testing conditions.

PCG Raw Signal &AM AR
o 05 |
°
3
£ o
o
& -0.5 I I
0 5 10 15
Time (s)
ar Butterworth Filter (20-150 Hz)
o T
=
=
E’ 0
05 | |
0 5 10 15
Time (s)
s Kalman Filter (R=100, Q=1 dB)
o ¥
-
2
05 I |
0 k] 10 15
Time (s)

Figure 5. Time-domain comparison of PCG: Butterworth preserves S1-S2; Kalman smooths with attenuation
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0.02 T T T T
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=]
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%1073 FFT - Kalman Filter £, 8EF0Q Q0
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0 50 100 150 200 250 300 350 400 450 500

Frekuensi (Hz)

Figure 6. FFT comparison: Butterworth suppresses >150 Hz; Kalman reduces noise with slight attenuation

3.1.1. Kalman filter results

As shown in Table 1, after the filtering process was performed, the SNR values for 15 heart sound
signals were measured after being filtered using the Kalman digital filter. The measurement results showed
the SNR values for all heart sound signals after the filtering process was conducted with the Kalman digital
filter according to the magnitude of the coefficients applied. The Kalman filter tests were performed on 15
mannequin heart sound signals with a normal sinus rhythm. Each of the 15 signals was then filtered using
digital Kalman filters with different coefficient values, namely R: 100 and Q: 1, R: 10 and Q: 1, R: 1 and
Q:1,and R: 1and Q: 0.1.
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Table 1. SNR results of 15 mannequin signals after being filtered with the Kalman filter
Mannequin Kalman filter SNR Kalman filter SNR Kalman filter SNR Kalman filter SNR
signal Value R:100; Q:1 (dB)  Value R:10; Q:1 (dB)  Value R:1; Q:1 (dB)  Value R:1; Q:0,1 (dB)

1 20.043 19.264 19.040 19.253
2 19.618 18.832 18.630 18.822
3 19.740 19.189 19.016 19.178
4 21.237 20.792 20.605 20.778
5 21.600 21.274 21.099 21.257
6 20.424 19.835 19.630 19.820
7 20.746 20.210 20.016 20.195
8 20.416 19.803 19.597 19.789
9 20.397 20.061 19.908 20.046
10 20.374 20.154 20.025 20.138
11 19.544 19.162 19.015 19.150
12 21.746 21.782 21.677 21.760
13 21.533 21.520 21.418 21.500
14 21.242 21.348 21.262 21.327
15 23.569 23.888 23.818 23.856
Mean 20.815 20.474 20.317 20.458

Based on the average values obtained in Table 1, the SNR values were arranged according to the
Kalman filter coefficient settings as follows: R: 100 and Q: 1 with an average SNR value of 20.815 dB,
R: 10, and Q: 1 with an average SNR value of 20,474 dB, R: 1, and Q: 1 with an average SNR value of
20.317 dB and coefficient values of R: 1 and Q: 0.1 with an average SNR value of 20.458 dB (Figure 7).

25

mR=100;Q=1 ®= R=10,Q=1 =R=1;Q=1 ®R=1,Q=0.1
2
1
1
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Phantom Trial

SNR (dB)
o [8;] o

(8]

o

Figure 7. SNR (dB) for different R and Q parameter

3.1.2. Butterworth band-pass filter results

Based on Table 2, after the filtering process was performed, the SNR values for 17 heart sound
signals were measured before and after being filtered using a Butterworth band-pass digital filter. The
measurement results showed the SNR values for all heart sound signals after the filtering process using the
Butterworth band-pass digital filter according to the given filter order. The testing of the digital Butterworth
band-pass filter was carried out using 15 mannequin heart sound signals with a normal sinus rhythm. Among
these 15 mannequin heart sound signals, they were filtered by a digital Butterworth band-pass filter with
different orders, namely 2, order 4, order 6, and order 8. Based on the average values obtained in Table 2, the
SNR values were arranged as follows: band-pass filter order 8 with an average SNR value of 25.659 dB,
order 6 with an average SNR value of 25.585 dB, order 4 with an average SNR value of 25.362 dB, and
order 2 with an average SNR value of 24,590 dB. These results are also illustrated in the FFT visualization
for each filter order (Figure 8).
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Table 2. SNR results of 15 mannequin signals after being filtered with the Butterworth band-pass filter

Mannequin Band-pass filter SNR Band-pass filter SNR Band-pass filter SNR Band-pass filter SNR
signal (order 2) (dB) (order 4) (dB) (order 6) (dB) (order 8) (dB)
1 23.231 24.227 24.658 24.857
2 24.289 24.833 24.833 25.068
3 23.627 24.706 25.101 25.251
4 24.477 25.306 25.551 25.609
5 24.794 25.548 25.758 25.791
6 23.780 24,793 25.181 25.333
7 24.115 25.061 25.395 25.502
8 23.793 24,781 25.165 25.319
9 24.561 25.361 25.616 25.691
10 24.872 25.578 25.771 25.811
11 24.289 25.199 25.496 25.579
12 25.599 26.148 26.237 26.207
13 25.534 26.077 26.149 26.149
14 25.766 26.255 26.309 26.261
15 26.130 26.561 26.555 26.462
Mean 24.590 25.362 25.585 25.659
27
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Figure 8. SNR (dB) for different orde

3.1.3. Statistical analysis of filter performance

To evaluate whether variations in filter parameters significantly affected the SNR, a one-way analysis
of variance (ANOVA) was performed for both filtering methods. For the Kalman filter, the ANOVA results
showed an F-statistic of 0.414 with a p-value of 0.743, indicating no significant difference in SNR among the
tested R and Q coefficient configurations. This suggests that within the examined range, changes in these
coefficients do not significantly influence SNR enhancement. For the Butterworth band-pass filter, the
ANOVA vyielded an F-statistic of 8.437 and a p-value of 0.00010, demonstrating a statistically significant
effect of filter order on SNR improvement. A subsequent Tukey HSD post-hoc test revealed that filters with
higher orders (4", 6%, and 8™ produced significantly higher SNR values compared to the 2"-order
configuration (p<0.05). However, differences among the higher-order filters (4™ vs. 6™ vs. 8") were not
statistically significant (p>0.05), suggesting that increasing the order beyond four does not yield additional
measurable gains. These results indicate that the Butterworth filter’s order parameter significantly influences
noise suppression and signal clarity, whereas the Kalman filter’s R and Q parameters exhibit more stable but
less sensitive SNR performance across parameter variations.

3.2. Discussion

In the Kalman filter, the configuration with higher coefficient values (R:100, Q:1) achieved the
highest average SNR of 20.815 dB, followed by R:10, Q:1 and R:1, Q:0.1, with SNR values of 20.474 dB
and 20.458 dB, respectively. The lowest SNR was obtained with R:1, Q:1 (20.317 dB). Larger R coefficients
improve signal stability by emphasizing measurement accuracy, although excessively high values can over
smooth the waveform and reduce amplitude detail. For the Butterworth digital band-pass filter, higher orders
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produced better noise suppression and clearer heart sound signals. The 8™-order configuration achieved the
highest average SNR (25.659 dB), followed by the 6™ (25.585 dB) and 4™ (25.362 dB) orders, while the 2"
order provided the lowest improvement (24.590 dB). Increasing the order improves passhand selectivity and
removes unwanted frequencies more effectively, thereby enhancing the PCG waveform quality within the
20-150 Hz range that contains the main S1-S2 components.

The statistical analysis supports these findings. The one-way ANOVA showed no significant
difference in SNR among Kalman coefficient settings (p=0.743), indicating stable but less sensitive
performance. In contrast, the Butterworth filter showed a significant effect of order on SNR (F=8.437,
p=0.00010). Tukey post-hoc results confirmed that SNR increased significantly from the 2™ to the 4™ order,
while higher orders provided no further statistical benefit (p>0.05). Thus, a 46" order Butterworth filter
provides an optimal balance between computational efficiency and noise reduction accuracy.

The performance differences between the two filters reflects their underlying principles. The
Kalman filter estimates the true signal through recursive state modeling and adapts dynamically to noise
characteristics, making it suitable for nonstationary environments. Meanwhile, the Butterworth filter operates
in the frequency domain, offering a maximally flat response in the passband and efficient suppression of
frequencies beyond 150 Hz. The Butterworth design is simpler and more predictable for fixed-frequency
biomedical applications, whereas the Kalman filter provides adaptive flexibility under changing conditions.

From an electrical engineering perspective, both algorithms can be effectively implemented on
embedded systems such as ESP32, STM32, or Arduino. The Butterworth filter’s low complexity allows
real-time processing using IIR structures with minimal computational cost. Although the Kalman filter
requires heavier computation, it can be optimized using fixed-point arithmetic or lightweight recursive
matrices, making it feasible for adaptive filtering in low-power biomedical devices. These results align with
previous studies highlighting the integration of digital filters into microcontroller-based bio signal systems
for real-time enhancement [28], [29]. Implementing these algorithms in embedded firmware would enable
real-time filtering and denoising of PCG signals without relying on MATLAB or PC-based computation,
thereby improving portability and efficiency [30]-[32].

From an informatics viewpoint, the ESP32 platform provides wireless connectivity via Wi-Fi and
Bluetooth, allowing filtered heart sound data to be transmitted to hospital servers or mobile applications in
real time. Storing filtered PCG data in standardized formats such as CSV, EDF, or HL7 ensures compatibility
with electronic medical record (EMR) systems. This capability supports telemedicine applications and
long-term cardiac monitoring, facilitating integration into digital healthcare infrastructures [33].

However, several limitations remain. The Bluetooth output currently transmits unfiltered audio, and
filtering was performed offline in MATLAB. Future integration directly into the ESP32 firmware will enable
true real-time operation. Automatic beats per minute (BPM) detection have not yet been implemented, and
analog front-end conditioning (PSC) may be needed to stabilize condenser microphone input signals.
Moreover, benchmarking against commercial stethoscopes and Al-based enhancement methods have not yet
been performed. Comparative evaluation with systems such as Littmann Core or Eko DUO and machine-
learning-based denoising algorithms would strengthen clinical relevance and validate professional-level
performance. Although this study focused only on heart sound (PCG) signals from mannequins with normal
sinus rhythm, future work should extend testing to other biomedical sound types such as lung or vascular
sounds to evaluate generalization capability. Comparing SNR improvements across multiple signal
modalities will enhance the robustness of the proposed method for multi-organ auscultation systems.

Overall, the findings confirm that higher-order Butterworth filters achieve superior SNR
enhancement and waveform preservation, making them ideal for low-cost, real-time embedded applications.
The Kalman filter, while yielding slightly lower SNR, provides adaptability in dynamically changing noise
environments. Combining both (using Butterworth filtering for baseline denoising followed by Kalman-based
adaptive smoothing) could yield more stable and noise-resilient performance in future designs. Future
research will focus on embedding these filters directly into ESP32 firmware, integrating Al-based
classification for cardiac anomaly detection, and validating system performance using human-subject data.
With these advancements, the proposed system can evolve into an efficient, connected, and clinically
applicable digital stethoscope within modern biomedical informatics and telehealth frameworks.

4. CONCLUSION

The purpose of this study was to develop and evaluate an electronic stethoscope system using a
condenser microphone sensor to detect mannequin heart sounds with normal sinus rhythm and to investigate
the effectiveness of two digital filtering methods (the Kalman filter and the Butterworth band-pass filter) in
enhancing signal quality. The key finding from this investigation is that the 8th-order Butterworth band-pass
filter achieved the highest SNR performance with an average value of 25.659 dB, while the best Kalman
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filter configuration (R:100, Q:1) produced an average SNR value of 20.815 dB. These results confirm that
the frequency-selective Butterworth approach provides more effective noise suppression than the recursive
estimation technique of the Kalman filter. In summary, the condenser microphone sensor successfully
detected mannequin heart sounds, the Butterworth band-pass filter consistently outperformed the Kalman
filter across all tested parameters, and the filter’s order or coefficient selection significantly influenced the
output SNR. It is recommended that future research focus on integrating real-time digital filtering within the
ESP32 firmware, incorporating automatic pulse rate (BPM) detection, benchmarking against commercial and
Al-based filtering systems, and validating the system using human-subject data to enhance clinical
applicability and diagnostic reliability.
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