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Abstract—Addressing the shortcomings of traditional
stethoscopes and existing electronic stethoscopes in terms of
objective analysis, intelligence, and continuous monitoring, this
paper proposes a smart cardiopulmonary sound monitoring
system based on piezoelectric sensors, wavelet decomposition,
and deep learning. The system hardware achieves signal
acquisition and wireless transmission through high-sensitivity
piezoelectric sensors and an embedded microcontroller. On the
software level, it employs Butterworth filtering combined with
wavelet decomposition techniques for efficient noise reduction
processing. Utilizing the PyTorch framework, intelligent
classification of normal/abnormal cardiopulmonary sound
states is achieved based on the ResNeXt deep learning model,
whose performance is superior to various existing models. The
system integrates signal acquisition, processing, monitoring,
and alarming functionalities, providing a feasible solution for
the convenient, accurate, and continuous monitoring and
auxiliary diagnosis of cardiopulmonary sounds.
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wavelet decomposition, deep learning, cardiopulmonary sounds,
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I. INTRODUCTION

According to the World Health Organization (WHO)
report [1], the world's leading causes of death (ranked by
total fatalities) are primarily associated with two categories:
cardiovascular diseases and respiratory system diseases.
Specifically, ischemic heart disease is the largest cause of
death globally, accounting for 13% of total fatalities, while
chronic obstructive pulmonary disease (COPD) ranks as the
third leading cause, responsible for 5% of total deaths.

Clinically, cardiopulmonary sounds are two highly
important physiological signals of the human body. They
serve as crucial evidence for disease diagnosis and are a
primary means for physicians to assess cardiovascular and
respiratory system conditions. As the primary tool for
physicians' auscultation, the performance quality of the
stethoscope directly impacts the accuracy of disease
diagnosis [2].

Traditional acoustic stethoscopes face significant
limitations in diagnosis, relying heavily on physician's
experience and auditory capabilities and lacking quantitative
objective criteria. Furthermore, the sounds they acquire are
transient and cannot be recorded, replayed, or quantitatively
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analyzed, which hinders disease tracking and remote
consultation. Simultaneously, without noise reduction
capabilities, they struggle in noisy environments or when
identifying subtle abnormal sounds.

In contrast, current mainstream electronic stethoscopes
still exhibit various deficiencies in terms of portability and
intelligence. They are often limited to basic digitalization and
single function, lacking effective intelligent auxiliary
diagnosis, consequently offering little significant advantage
over traditional stethoscopes. Moreover, they do not provide
capabilities for continuous monitoring, making frequent
hospital visits for follow-up examinations burdensome for
patients, particularly those with chronic illnesses.

To address these shortcomings, the development of a
portable electronic stethoscope capable of continuous
monitoring and auxiliary diagnosis is highly desirable. Such
a device would enable real-time monitoring of patients’
health status. Coupled with remote consultation, this could
significantly reduce the burden of medical visits for patients
and facilitate the timely detection of lesions without
requiring hospitalization.

Therefore, building upon the foundations of traditional
stethoscopes and existing mainstream electronic stethoscopes,
this  paper  proposes a  full-process intelligent
cardiopulmonary sound acquisition system. This system
covers the entire process from signal acquisition and noise
reduction processing to intelligent diagnosis. It not only
enables real-time auscultation but also provides functions
such as visualization, storage, replay, continuous monitoring,
and auxiliary diagnosis, aiming to meet the requirements of
continuous monitoring and telemedicine.

II. HARDWARE DESIGN OF THE CARDIOPULMONARY SOUND
ACQUISITION SYSTEM

A. Design Scheme of the Cardiopulmonary Sound

Acquisition System

In order to meet the requirements for portability, real-
time auscultation, visualization, storage, replay, continuous
monitoring, and auxiliary diagnosis, as well as to provide
high-precision, low-noise output, the hardware system has
been designed with the following key modules: a
piezoelectric thin film sensor, an amplification module, a
main control module, a power module, and a Bluetooth
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communication module. The overall functional block
diagram of the system is shown in Fig. 1.
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Fig. 1. Functional block diagram of the cardiopulmonary sound
acquisition system.

B. Piezoelectric Film Sensor

This system utilizes the CM-01B contact sensor. It is
composed of a high-sensitivity, stable piezoelectric film
combined with a low-noise preamplifier circuit. Compared to
condenser microphones, it offers advantages such as a
relatively simple structure, less susceptibility to failure
during long-term wuse, primary sensitivity to contact
vibrations, and relative insensitivity to ambient noise,
making it more suitable for continuous monitoring
application scenarios. The frequency response curve of this
sensor is smooth within the 8Hz to 2.2 kHz frequency band,
with no significant attenuation [3]. While the frequency
range of heart sound signals is 20~150 Hz [4], and that of
lung sound signals is 50~2500 Hz [5]. Therefore, this sensor
essentially meets the requirements of this system. Fig. 2
shows the frequency response curve of the CM-01B sensor.
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Fig. 2. Frequency response of the CM-01B.

C. Power Amplifier Module

The output signal of the CM-01B piezoelectric film
sensor is usually weak. Therefore, an amplification module is
needed to perform amplification and noise reduction
processing on the signal, to ensure the signal is clear and
reliable for subsequent signal processing and display. This is
mainly achieved through the following three steps:

(1) Signal Amplification: Amplify the weak voltage
signal output from the sensor to a usable amplitude through
an amplification circuit.

(2) Noise Suppression: Reduce interference from external
ambient noise and internal circuit noise through a low-noise
design.
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(3) Signal Conditioning: Perform filtering and buffering
on the amplified signal to ensure signal quality.

D. Main Control Module

This  module primarily contains the MCU
(Microcontroller Unit) and its surrounding circuitry. Its main
functions are to convert the analog signal from the
amplification module into a digital signal and then package it
into frames. The processor used is the STM32F103C8T6,
and the AD conversion utilizes the integrated 12-bit
successive approximation ADC of the STM32F103C8T6.
The STM32F103C8T6 offers advantages of low cost, low
power consumption, and stability. The input voltage range of
the 12-bit ADC is 0 to 3.3 V, and the maximum sampling
rate can reach up to 1 MSPS, essentially meeting the
requirements of this system. The sampling rate is set to 5
kHz. The 12-bit data obtained from ADC sampling is
packaged into frames, with each frame being 5 bytes in size,
and transmitted to the PC via the subsequent Bluetooth
communication module.

E. Bluetooth Communication Module

The Bluetooth module used in this system is the HC05
[6]. It employs the Bluetooth V2.0 protocol and operates in
the 2.4 GHz frequency band. The maximum baud rate is up
to 1382.4 kbps. The HCO5 Bluetooth module communicates
with the STM32 via a serial port. Data is transmitted to the
subsequent software system by pairing with the PC.

III. PC END SIGNAL PROCESSING AND AUXILIARY
DIAGNOSIS

The software part of this system utilizes the signals
collected by the hardware through a combination of software
signal processing and continuous monitoring. The software
signal processing part is programmed using MATLAB,
which implements the functions of dual-mode noise
reduction, visualization, and audio storage. The continuous
monitoring part employs deep learning to perform real-time
binary classification recognition on the audio files obtained
from the signal processing part, while also incorporating
functions for re-listening and abnormal state alarming. A
GUI (Graphical User Interface) is developed for both parts to
improve ease of use.

A. Software Noise Reducing

In the software noise reduction part, this system employs
a noise removal method that combines a Butterworth filter
with wavelet decomposition noise reduction. Firstly,
targeting the distinct frequency bands of heart and lung
sounds, two separate Butterworth filters are designed to
attenuate high-frequency and low-frequency noise present in
the signal. However, traditional band-pass filters struggle to
completely remove residual noise within the passband and
some aliased signals. To further enhance signal purity, the
system integrates a wavelet decomposition algorithm after
the filtering stage, performing noise separation on the filtered
signal. Through the synergistic application of the
Butterworth filter and wavelet decomposition, the system
simultaneously ensures the integrity of the main signal
frequency bands and significantly enhances the noise
reduction effect, thereby achieving high-quality extraction of
heart and lung sound signals.

1) Butterworth filtering: Relevant research indicates that
the main frequency bands for various pathological heart and



lung sounds differ. The primary frequency band for heart
sounds is 20-250 Hz, and for lung sounds it is 100-1000 Hz
[7]. Therefore, two separate band-pass filters can be
designed to remove noise and simultaneously reduce the
overlap between the two types of signals.

Comparing the amplitude-frequency and phase-frequency
characteristics of Butterworth filters with those of Chebyshev
and Bessel filters, it can be intuitively seen that Butterworth
filters possess a very flat amplitude response within the
passband. Furthermore, their phase characteristic is relatively
smooth, which significantly minimizes phase distortion [8].
For these reasons, Butterworth filters are selected for heart
and lung sound signal processing. Fig. 3 presents a
comparison of the magnitude-frequency characteristic curves
and phase-frequency characteristic curves of the three filter

types.
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Fig. 3. Bode diagram of three filter types.

2) Wavelet Denoising: Heart and lung sound signals are
non-stationary. Traditional time-frequency analysis methods,
such as the Short-Time Fourier Transform (STFT), are
limited by fixed time-frequency windows, making it
difficult to simultaneously achieve high time resolution and
high frequency resolution. In contrast, the wavelet transform
offers superior time-frequency localization capabilities,
adaptively adjusting the time-frequency window. The multi-
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resolution analysis characteristic of wavelet transform is
very suitable for analyzing non-stationary signals, and it can
characterize the local features of heart and lung sound
signals in the time-frequency domain. This makes wavelet
transform widely used in heart and lung sound analysis [9-
11].

In this system, after the signal passes through the
Butterworth filter, the output data will inevitably contain
some noise within the passband. At the same time, the
collected heart and lung sound segments also exhibit overlap.
By performing wavelet transform analysis and processing on
heart and lung sound signals, residual circuit and
environmental noise can be suppressed to some extent.
Furthermore, by using different wavelet decomposition
methods for heart sounds and lung sounds separately and
applying targeted denoising to the two signals, the effect of
characterizing the features of the two signals separately and
reducing overlap can be achieved.

This system uses Daubechies wavelets to process heart
and lung sound signals [12]. An N=6 Daubechies wavelet is
used for heart sounds, and an N=4 Daubechies wavelet is
used for lung sounds. Both undergo 1-level decomposition,
balancing  computational efficiency and denoising
requirements. Using the wavedec function, the signal is
decomposed into approximation coefficients cA and detail
coefficients cD. Subsequently, the detail components of each
level are extracted using detcoef.

Addressing the differences in signal characteristics
between heart and lung sounds, a differentiated thresholding
strategy is employed. For heart sounds, a global hard
threshold (using the wthresh function) is applied to directly
filter out low-amplitude noise:

cD —thr, c¢D > thr
cD,,, =10, |eD| < thr (1)
cD +thr, ¢D < -thr

where cD represents the detail coefficients and thr is the
threshold, which is determined by the statistical properties of
the noise in the heart sound frequency band, with priority
given to ensuring the amplitude integrity of the S1/S2 heart
sounds.

For lung sounds, on the other hand, dynamic threshold
calculation is employed, based on the median absolute
deviation (MAD) of the detail coefficients for each level to
estimate the noise level:

o = median(|cD|)/0.6745 )

thr =a - o\/2log(N) 3)

where a is the layered decay factor (0.3-0.5), which increases
with the decomposition level to adapt to the high-frequency
noise distribution.

The thresholding employs a continuous threshold

function:
cD, =sign(cD)- |cD| o thr 4)
new 1 + e—‘cD‘/thr

This function smoothly transitions near the threshold,
preserving weak lung sound features.



B. Design of Auxiliary Diagnosis Algorithms

In this system, an audio classification method is
employed to perform binary classification diagnosis and
alarming on the processed cardiopulmonary sounds. The
principle is to utilize a deep learning model to classify the
processed audio into normal and abnormal categories, and to
trigger an alarm for audio classified as abnormal [13].

Audio classification refers to the process of classifying
audio signals based on the categories of their content. The
purpose is to efficiently organize, retrieve, and understand
large volumes of audio data by means of automatic
classification. Based on the PyTorch framework, this system
utilizes ResNeXt series models, which were trained on a
GitHub open-source heart sound dataset and the ICBHI2017
lung sound database [14]. The trained models are
subsequently used for intelligent cardiopulmonary sound
diagnosis within this system. Fig. 4 presents the process flow
diagram of the auxiliary diagnosis system.
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Fig. 4. The process flow diagram of the auxiliary diagnosis system.

This system utilizes PyTorch's highly efficient audio
processing  interface to  convert the  collected
cardiopulmonary sound signals into Mel spectrograms [15]
for subsequent feature extraction and classification. To
enhance the richness of feature representation, the Mel
spectrogram size is adjusted to 512x512, effectively
preserving more detailed information and further enhancing
the model's learning capability and recognition performance

in high-resolution cardiopulmonary sound classification tasks.

Subsequently, the ResNeXt101 network is used to perform
deep feature extraction and classification on the
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spectrograms, enabling the automatic classification of
cardiopulmonary sounds.

The ResNeXt101 32x8d model employed by this system
is an improved convolutional neural network architecture
belonging to the ResNeXt series of models. It introduces the
concepts of grouped convolutions and cardinality based on
ResNet, significantly enhancing the model's feature
representation capability while maintaining efficiency in
complex computations. This model has a convolutional
neural network depth of 101 layers, a cardinality of 32, and 8
channels per group. The number of layers represents the
model depth, while cardinality and the number of channels
per group control the model's parallelism. This model
improves performance by increasing network width rather
than depth, while avoiding parameter explosion. The model
output is a binary classification result, classifying the
cardiopulmonary sound signals as "normal" or "abnormal”,
thereby enabling the monitoring and alarming for real-time
collected abnormal cardiopulmonary sounds.

At the start of the training process, a warmup strategy is
implemented to gradually increase the learning rate from a
minimum value of 0 to the set initial learning rate of 0.001
during the initial stage. Additionally, a step-based learning
rate decay strategy is added, where the learning rate is
reduced to 0.5 times its value every preset period of 50
epochs. This is done to balance the model's convergence
speed and accuracy, thereby preventing parameters from
oscillating around the optimal value.

Simultaneously, the following five data augmentation
strategies [16] are employed: time masking, frequency
masking, Gaussian noise, random loudness, and adversarial
sample augmentation. This effectively improves the model's
generalization capability. Specifically, the time masking
strategy involves randomly masking consecutive frames on
the time axis of the spectrogram, simulating the absence of
audio segments; the frequency masking strategy involves
randomly masking consecutive frequency bands on the
frequency axis of the spectrogram, simulating the loss of
frequency information; the Gaussian noise strategy involves
adding random Gaussian noise to the audio waveform,
simulating environmental noise interference; the random
loudness strategy involves randomly adjusting the audio
loudness, simulating different volume scenarios; and
adversarial sample augmentation involves generating
adversarial perturbations and adding them to the audio,
enhancing the model's robustness against adversarial attacks.

IV. SYSTEM TEST RESULTS

During the actual testing process, the sensor's sensing
point was placed on the corresponding auscultation site of
the test subject, in both heart sound and lung sound modes
separately [17]. After adjusting the corresponding parameters
on the PC, in both modes, the original signal and the
cardiopulmonary sound waveforms after Butterworth
filtering and wavelet decomposition could be clearly
observed on the GUI interface of the MATLAB program.

By default, the acquisition of cardiopulmonary sound
signals is performed automatically. Both types of signals
(heart and lung sounds) are acquired every 10 seconds and
then processed immediately. During this processing, the
waveforms on the GUI are updated, and the audio files are
stored simultaneously. Subsequently, the processed signals
are delivered to the auxiliary diagnostic system for further



analysis.

The heart sound test results are shown in Fig. 5, and the
lung sound test results are shown in Fig. 6.

Raw Waveform

During the classification validation on the heart sound
and lung sound test sets, the proposed ResNeXt101 32x8d
model achieves a classification accuracy of 93.52%. To
further verify its effectiveness in cardiopulmonary sound
diagnosis, this paper compared this model with commonly
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approximately 120 milliseconds.




Clinical data indicate that the rescue of conditions such as
cardiac arrest and sudden cardiac death is extremely urgent.
Take cardiac arrest as an example: as one of the most acute-
onset and fatal cardiovascular emergencies, it causes most
patients to begin suffering irreversible brain damage within
4-6 minutes, followed by a transition to biological death
within a few minutes. The critical golden rescue time limit is
generally defined as within 4 minutes. Prior to its onset, there
is a rapid deterioration in cardiac pumping function,
accompanied by characteristic changes in heart sound signs
(significant weakening or disappearance of heart sounds, or
the occurrence of pathological murmurs/rhythm disorders).

This system supports continuous monitoring. In the
presence of pathological signals, it can quickly identify
abnormalities and trigger alarms, thereby gaining valuable
time for pre-sudden death interventions. The system
performs diagnosis every 10 seconds, with the total response
cycle accounting for only about 4% of the emergency time
window. The processing cycle is far shorter than the
progression time of the condition while being longer than the
cycle scale of cardiopulmonary sounds. Even if signal
fluctuations occur during monitoring, the system can
complete analysis and trigger alarms within milliseconds,
securing several minutes of rescue time for patients.
Therefore, it meets the clinical requirements for real-time
performance.

V. CONCLUSION

This paper developed a smart cardiopulmonary sound
monitoring system based on wavelet decomposition and deep
learning. By selecting high-sensitivity sensors, employing a
software noise reduction method combining Butterworth
filtering and wavelet decomposition, and utilizing ResNeXt
series models for recognition, the system achiecves a
complete closed-loop process from signal acquisition and
noise reduction processing to intelligent diagnosis. It also
includes features such as storage, real-time listening, real-
time display, continuous monitoring, and abnormal alarming.
This system provides raw data support for subsequent cloud
data synchronization, remote consultation, and other related
applications, demonstrating broad application prospects.
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