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Abstract. Various unwanted and unavoidable noises corrupt Heart Sound Signals
(HSSs). It is strongly required to suppress respiratory sound and ambient noise due
to significant reduction of clarity and interpretation of HSSs. In this paper, we pro-
pose a joint heart sound denoising using Dual-Tree Complex Wavelet Transform
(DTCWT) and Adaptive Sparsity-assisted Signal Smoothing (ASASS) algorithm.
In this research, the signal is first decomposed by DTCWT to obtain the multi-scale
feature representation of the signal. Subsequently, ASASS suppresses pseudo-Gibbs
artifacts around signal boundaries of DTCWT while implementing adaptive thresh-
olding strategies to maximize the Signal-to-Noise Ratio (SNR). Experimental vali-
dation on the PhysioNet/CinC 2016 database and Open Access Heart Sound Dataset
(OAHS Dataset) demonstrates that the proposed method significantly outperforms
existing techniques. Under conditions involving Gaussian white noise (GWN) SNR
of 0 dB, the proposed method achieves an SNR of 9.01 dB and a Root Mean Square
Error (RMSE) of 0.032, outperforming standalone DTCWT and multiple existing
models.

Keywords: Heart Sound Signals, Denoising, Adaptive Sparsity-Assisted Signal
Smoothing, Dual-Tree Complex Wavelet Transform.

1. Introduction

Internet of Things (IoT)-based digital stethoscopes are rapidly entering the field of fam-
ily healthcare monitoring [[1]]. Heart sounds are collected by various digital stethoscopes,
which contain a great number of biomedical signals of cardiac activity. In practice, heart
sound is corrupted by unavoidable entities that easily lead to the clinical misinterpreta-
tions. Ambient noise, respiratory sound and even signals from various complex environ-
ments overlap with the heart sound signals (HSSs), making their quality degraded. In
particular, the spectrum of respiratory sound overlaps perfectly with that of heart sound.
Besides, electronic interferences and recording artifacts corrupt HSSs to a certain extent.



688 Jianqiang Hu et al.

HSS is a non-linear, non-stationary weak signal with a low frequency and weak ampli-
tude. Obviously, heavy noises bring about the poor the diagnostic interpretations. In order
to obtain accurate diagnostic performance, it is necessary to effectively suppress noise
contaminants from HSSs. As a result, HSS denoising has become a primary challenge in
research and clinical practice.

Over the past few decades, the researchers have developed various effective denoising
methods to maximize the preservation of critical components of HSSs while eliminat-
ing noises. First, multiple time-domain methods have been employed for noise removal,
including conventional filters and auto-correlation techniques. For instance, Butterworth
band-pass filters and Finite Impulse Response (FIR) filters can eliminate noises outside
the frequency range of HSS [2]. Second, various frequency-domain methods such as
Wavelet transform (WT) [3]], Fourier transform [4], Empirical Wavelet Transform (EWT)
[5]], Singular Value Decomposition (SVD) [6] and Dual-Tree Complex Wavelet Transform
(DTCWT) [7]] have been utilized to for HSSs denoising. Among these, WT-based denois-
ing relies on adaptive thresholding of wavelet coefficients, enabling simultaneous noise
suppression and preservation of singularity points in HSSs. Compared to WT, DTCWT
offers advantages including time-invariance, superior reconstruction capability, and ab-
sence of aliasing effects-exhibiting excellent anti-aliasing performance and near-shift in-
variance. However, a common challenge across all WT-based denoising methods is the in-
troduction of pseudo-Gibbs artifacts at the singularities. This occurs primarily because the
amplitude of local oscillations decreases near signal discontinuities (singularity points).
Finally, machine learning and deep learning have been applied to remove noise contami-
nations from HSSs. Machine learning-based denoising, such as particle Swarm optimiza-
tion (PSO) [8]] and Twin Support Vector Machine [9]], demonstrates limited generaliza-
tion capability when confronted with diverse noise types. While deep learning possesses
stronger feature representation capabilities than machine learning, it struggles with han-
dling unbalanced datasets. For instance, loss functions of fully convolutional networks
(FCNs) [10], denoising convolutional neural network (DnCNN) [[11]] and Enhancement
Adpversarial Convolutional Neural Network (EACNN) [12]], remain challenging in prac-
tice due to the requirement for maximizing the preservation of subtle details within HSS
fluctuations.

In this work, we develop a joint denoising method for HSSs based on DTCWT and
Adaptive Sparsity-Assisted Signal Smoothing (ASASS) algorithm, called DTCWT+ASASS.
While DTCWT exhibits excellent near-shift invariance, it may still be insufficient for ef-
fectively capturing detailed components of HSSs. By integrating ASASS with DTCWT,
the proposed approach simultaneously processes low-pass recursive filters and zero-phase
non-causal high-pass filters as banded matrices to denoise diverse signals. Notably, the
zero-phase characteristic eliminates phase distortion caused by causal Linear Time-Invariant
(LTY) filters, thereby preserving the original morphology of HSSs.

The principal contributions of this study are summarized as follows:

1. We propose a joint HSS denoising method using DTCWT and ASASS. This method
prevents distortion in denoised HSS while suppressing pseudo-Gibbs artifacts at sig-
nal boundaries in DTCWT, consequently enhancing denoising adaptability.

2. We introduce an ASASS algorithm incorporating an adaptive thresholding mecha-
nism. This algorithm smoothens HSSs and suppresses unwanted overlapping noise
frequencies to recover noise-free signals. Crucially, its adaptive mechanism dynami-
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cally adjusts thresholding strategies based on sub-band energy distribution and direc-
tional correlations, achieving optimal balance between noise suppression and feature
preservation.

3. To validate the effectiveness of the proposed method, multiple experiments were
performed on the PhysioNet/CinC 2016 Challenge database [13]] and the Open Ac-
cess Heart Sound Dataset (OAHS Dataset) [[L1]. The experiments demonstrate that
our proposed method achieves significant improvements over state-of-the-art meth-
ods. Under conditions involving Gaussian white noise (GWN) Signal-to-Noise Ratio
(SNR) of 0 dB, the proposed method achieves an SNR of 9.01 dB and a Root Mean
Square Error (RMSE) of 0.032, outperforming standalone DTCWT and multiple ex-
isting models.

The paper is organized as follows. The next section introduces a quick survey of re-
lated work of HSS denoising. Section 3 focuses on the systematic processes of a joint
HSSs denoising based on DTCWT and ASASS algorithm. The content of Section 4 is the
experiment and the results are presented. Finally, a comprehensive summary of the entire
text in Section 5.

2. Related work

HSS is susceptible to various types of noise during acquisition, such as Electromagnetic
Interference (EMI) from the surrounding environment, power frequency interference, bio-
electrical interference from the body, breath sounds, and Lung sounds (LS). Denoising
methods have been explored across multiple branches of biomedical engineering, includ-
ing Electrocardiography (ECG), Electroencephalography (EEG), respiratory sounds, and
heart sounds, allows to extract from it the maximum amount of efficient and meaningful
information.

(i) ECG Denoising. Recent research indicates that the filtering stage should employ
an architecture based on Adaptive Filters (AF). Adaptive algorithms enable real-time dy-
namic optimization by adjusting filter parameters to adapt to input ECG signal character-
istics [[14]. Additionally, the conventional low-pass and high-pass filters in wavelet trans-
forms have been replaced by fractional-order wavelets. Studies demonstrate through sim-
ulations that fractional-order wavelets outperform traditional wavelets in ECG denoising,
with their efficacy dependent on wavelet decomposition level selection and coefficient
thresholding strategies [15[][16]. Deepak H. A. et al. proposes an adaptive thresholding
technique combining Empirical Mode Decomposition (EMD) and DTCWT [[17]. Tradi-
tional Discrete Wavelet Transform (DWT) is prone to induce Gibbs oscillations and fre-
quency aliasing, whereas DTCWT significantly mitigates these issues through enhanced
time-frequency decomposition properties [18]]. Separate research systematically evaluates
the impact of threshold selection, algorithms, and distribution functions on denoising per-
formance within DTCWT frameworks[19]. To address the issue of multi-category noise
contamination in real-time acquisition, the Adversarial Denoising Convolutional Network
(ADnCNN) was proposed, which enhances model robustness through adversarial training
[20]. Enhan Liu et al. introduced the method of Noise Prediction-based ECG Denoising
method (NPED) [21]. This method effectively solves noise problems in grayscale images
scanned from Paper-based ECGs in hospitals. Furthermore, it overcomes the limitations
of traditional waveform redrawing approaches by performing direct denoising to prevent
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waveform distortion. For dynamic interferences such as Baseline Wander (BW), Electrode
Motion (EM), and Muscular Artifact (MA), the ECG denoising diffusion model (EDDM)
was developed to establish a generative diffusion model for signal reconstruction [22].
CNN-SWT integrates the convolutional kernel constraints and architecture of Stationary
Wavelet Transform (SWT) into a convolutional neural network (CNN), significantly en-
hancing the learning efficiency for denoising both linear and nonlinear time-frequency
features in ECG signals [23].

(ii) Respiratory sound & EEG Denoising. LS signals are severely contaminated by
background noise from multiple sources. Conventional denoising methods may exhibit
limited effectiveness due to the non-stationary characteristics of LS and its spectral over-
lap with various noise sources. A joint denoising approach based on the Butterworth band-
pass filter and Sparsity-Assisted Signal Smoothing (SASS) algorithm is proposed, which
significantly enhances the signal-to-noise ratio of LS through frequency-domain filter-
ing and sparse-constrained signal reconstruction [24]] [25]. An adaptive denoising tech-
nique utilizing Discrete Wavelet Transform and Artificial Neural Network (DWT-ANN)
has been developed. This method integrates the multi-resolution analysis capability of
DWT with the nonlinear adaptive filtering properties of ANN to achieve refined purifica-
tion of LS signals a noisy environment [26]. In EEG signal processing, Variational Mode
Decomposition-based Blind Source Separation (VMD-BSS) and DWT-BSS effectively
isolate physiological artifacts while preserving essential neural information [27]]. Addi-
tionally, researchers have combined EMD with DTCWT to achieve high-fidelity EEG
denoising through a two-stage processing framework [28]]. Furthermore, an EMD-Hurst
analysis combined with spectral subtraction has been implemented to optimize LS denois-
ing through mode selection and energy correction [29]]. Besides, a novel deep encoder-
decoder-based denoising architecture (LU-Net) has been presented to suppress ambient
and internal lung sound noises [L1].

(iii) PCG & HSSs Denoising. Digitally acquired heart sound signals via stethoscopes
are often distorted by environmental and physiological noise interference, altering their
key distinctive characteristics. To address superimposed noise, Xiahou S. et al. employs
variational mode decomposition (VMD) for hierarchical filtering [30] [3]]. Linear filters
have been to utilized to eliminate distortion and interference in fetal phonocardiogram
(fPCG) signals [31]. Additionally, integrating Hilbert envelope and homomorphic enve-
lope techniques, combined with reusing pretrained CNN filters for denoising, significantly
enhances data utilization efficiency in implantable devices [32]]. Incorporating DTCWT
with an adaptive neuro-fuzzy inference system (ANFIS) classifier enables simultaneous
optimization of signal enhancement and classification [33]]. Another study establishes an
objective threshold calculation method for DTCWT denoising, optimizing the noise re-
duction process by quantifying edge preservation and noise elimination as objective func-
tions [34]. In deep learning-based heart sound denoising, Duggan D. et al. proposes a
fully convolutional network (FCN) denoising model based on the Spleeter U-Net archi-
tecture [10]. For generative adversarial network (GAN)-based models generating normal
heart sounds, incorporating EWT denoising effectively reduces GAN training cycles and
computational costs [35].
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3. Methodology

In this paper, a joint HSSs denoising using DTCWT and ASASS algorithm is adopted.
Firstly, the original HSS is denoised by Butterworth filter, and then the denoised HSS
X(t) is sent to 4-layer DTCWT for decomposition. And then, sparse-assisted signal
smoothing (SASS) algorithm, including sparse-assisted signal extraction layer and sig-
nal smoothing layer, is used to extract and smooth the decomposed HSS, and adaptive
parameter algorithm is set to adjust the SASS parameters. Finally, it is combined with the
decomposed signal and the inverse DTCWT transform is used to reconstruct the signal,
so as to better realize the denoising of heart sound signal X (t). The architecture of our
proposed method is shown in Fig. [T}

DTCWT-SASS

Original Heart Butterworth
Sound Signal filter

Fig. 1. The architecture of the joint HSSs denoising using DTCWT and ASASS

3.1. DTCWT

DTCWT is a wavelet transform method possessing time-frequency localization and mul-
tiscale characteristics. Compared to traditional single wavelet transforms, it can more ef-
fectively capture the time-frequency information of signals. DTCWT decomposes a signal
multiscale using a set of orthogonal wavelet basis functions, where the wavelet basis func-
tions at each scale consist of a pair of low-pass and high-pass filters. Unlike traditional
wavelet transforms, DTCWT employs two parallel wavelet transform trees, processing
the real and imaginary parts of the heart sound signal separately. This structure better
preserves the signal phase information and provides superior time-frequency resolution.
Fig2]illustrates the typical structure of DTCWT, encompassing both decomposition and
reconstruction stages.

In the decomposition stage, the input signal is fed into two signal processing trees,
referred to as the real tree and the imaginary tree. Collectively, these two trees are termed
the Complex Wavelet Transform. Each tree can be viewed as a Filter Bank (FB) tree,
where the upper tree (Top Tree) contains the real part’s low-pass filter (hg) and high-pass
filter (h1). The lower tree (Bottom Tree) contains the imaginary part’s low-pass filter (gq)
and high-pass filter (g1), respectively.
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Fig. 2. The architecture of DTCWT

At the Level 1 decomposition, the real part is split into low-frequency information
(hg) and high-frequency information (h1). The low-frequency coefficients are termed ap-
proximation coefficients (cAy), while the high-frequency coefficients are called detail
coefficients (cD1). This process is repeated at Level 2, where the previous low-frequency
component, cA1, is sub-decomposed into the low-frequency cAs and the high-frequency
CDQ.

The decomposition progresses iteratively, concluding at Level 4. Consequently, four
approximation coefficients (cA;—cA,) and four detail coefficients (cD1—cD,) are gener-
ated for the real part’s Discrete Wavelet Transform (DWT). Similarly, during the decom-
position stage, this identical process is applied to the imaginary part. This yields a parallel
set of four approximation coefficients (cA;—cA4) and four detail coefficients (cD1—cDy)
for the imaginary component. This dual-tree structure effectively mitigates limitations in-
herent in the standard DWT, such as spectral aliasing and lack of shift-invariance. This
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process is repeated at Level 2, where the previous low-frequency component, cAj, is
sub-decomposed into the low-frequency cAs and the high-frequency cD5. The decom-
position progresses iteratively, concluding at Level 4. Consequently, four approximation
coefficients (cA;—cA,) and four detail coefficients (¢cDy—cD,) are generated for the real
part’s DWT.

In DTCWT, the given signal is expressed in terms of shifted and dilated forms of
the mother wavelet function v, (k) and a scaling function ¢, ,, (k). cA; denotes the
approximation coefficient at level j and formally expressed as

cAj(n) = x (k) v;n(k) )
k
.1 n—Fke2j

where 1/Jj,n(/€) represents the mother wavelet function, k is the shift parameter, and j
indicates the DTCWT decomposition level.

Similarly, detail coefficients cD;(n) capturing high-frequency components at decom-
position level 7 and formally expressed as

cDj(n) =Y (k) p(n— k) 3)

k

where ¢ (n — k) represents the mother wavelet function and defined as ¢ (n) = (—1)" ¢(N —

1 —n), and k is the shift parameter.

3.2. Sparse-assisted Signal Extraction

The fundamental principle of the SASS algorithm leverages the concept of sparse repre-
sentation, combining linear time-invariant (LTI) filtering with sparse optimization prin-
ciples to model signals as the sum of a piecewise-smooth component and a low-pass
component. By solving the sparse optimization problem, it identifies the sparsest vector
that optimally represents the original signal, revealing its primary structure and essen-
tial characteristics. The algorithm operates similarly to wavelet denoising but performs
denoising via sparse optimization, thereby avoiding the pseudo-Gibbs phenomena com-
monly encountered in DTCWT.
Let y (n) denote the noisy HSS, which can be represented as

y(n)=s1(n)+s3(n)+wn),nez %)

where s; (n) represents a low-frequency signal, s (n) has the sparse derivative of M-
order, and w(n) is additive white Gaussian noise (AWGN). The signal y can be written
as

y=AQ'PTPt+aAT QT Qip ©)
1 B _ 2
C(n) = 5[t = AT PTPt = a A7 Q" Qup |, + Allull, ©)

where p is sparse and is determined by the cost function C' (i), P and @ are the banded
Toeplitz matrices [24].
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To achieve enhanced denoising performance, this paper integrates the SASS algo-
rithm with DTCWT. After sub-band decomposition, sparse-assisted signals are extracted
from the sub-bands to obtain superior signal characteristics. Through this integration, the
sparse-assisted signal is ultimately extracted by solving the following optimization prob-
lem

s (t) = arg,min ||cD — s||3 + A| |s| |, @)

Here, ¢D denotes the detail coefficients obtained via DTCWT gecomposition, and
s represents the sparse-assisted signal. The final smoothed signal X (¢) is obtained by
weighting and summing the sparse-assisted signal with the decomposed signal as

B(t) = (t) +s(t) ®)

where 7y is a smoothing parameter that controls the influence of the sparse-assisted sig-
nal during the smoothing process. However, as the four-level DTCWT decomposition
through high-pass and low-pass filters yields sub-bands with varying scales, orientations,
and threshold requirements, a fixed SASS algorithm cannot uniformly process these het-
erogeneous sub-bands. Consequently, this paper proposes an adaptive threshold of SASS
to further process these sub-band signals. The adaptive strategies dynamically adjust the
threshold based on sub-band energy distribution and directional correlations, achieving a
balance between noise suppression and feature preservation.

3.3. An Adaptive Threshold of SASS Based on Sub-band Energy Distribution

First, the sub-band signals obtained from a four-level DTCWT decomposition are grouped.
For each sub-band signal s;, its energy E; is calculated by summing the squares of its val-
ues and can be represented as

N
Ei=) (si(n)’ ©

where NV is the length of the sub-band signal.

Subsequently, we need to set an initial threshold, adopting the standard deviation
threshold method. This is a simple and intuitive approach that uses the standard devi-
ation of the signal as the threshold. It is typically assumed that the noise in the signal
follows a Gaussian distribution. Therefore, the standard deviation of the signal can be
used to estimate the noise level. The threshold can be chosen as a multiple of the stan-
dard deviation with the expression as follows T' = ko, where T is the threshold, k is the
multiplier coefficient, and o is the standard deviation of the signal.

Finally, by comparing the sub-band energy FE; with the threshold 7', the sub-band
signals are divided into a high-energy group and a low-energy group. For each group
of sub-band signals, we dynamically adjust the parameters of the SASS method based
on their characteristics. As for optimal denoising performance, the SNR of the sub-band
signal s; is used as the metric to design an adaptive algorithm for dynamically tuning the
SASS parameters. The SNR is expressed as
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N 2
> (z(n)
SNR =101g — =2 (10)

(a(n) = &(n))*

M=z

n=1

Here, N denotes the number of HSS samples, (n) denotes the original HSS, &(n) de-
notes the denoised HSS.

We continue to set the signal threshold and define the objective function F' as the
relative change rate of the SNR, specifically the ratio of the post-processing SNR to the
pre-processing SNR. Its formula is as

SNRpost — SNRpre
SNRpe
where SN R, is the processed SNR, SN R, is the original SNR.

For each group of sub-band signals, parameters are iteratively updated using the gra-
dient descent method. The parameter update formula is as

F =

(In

Opi1 = 0, — VU (6,) (12)

where 0,, ;1 denotes the updated parameter value, 6,, represents the current parameter
value, and « is the gradient of the objective function and controlling the step size of each
iteration. U(0) is the objective function, characterizing its dependence on parameters 6.
VU (0) is the gradient of U(6) with respect to 6, indicating the magnitude and direction
of change in the objective function at the current parameter value. We set a convergence
criterion to stop the iteration when the change in the objective function is less than a
predefined threshold, as illustrated by the following

|U (0pt1) —U (0,)| < e (13)

where ¢ denotes the set convergence decision threshold. The adjusted parameters and
the processed sub-band signals are returned. Ultimately, through this adaptive algorithm,
we dynamically adjust the parameters of the SASS method based on the characteristics
of the sub-band signals, maximizing the relative change rate of the SNR to enhance the
denoising effect.

4. Experiment

4.1. Data Resources

Publicly available heart sound datasets are used to evaluate the performance of our pro-
posed method. (i) PhysioNet Computing in Cardiology Challenge 2016 dataset. All recorded
data in this dataset are categorized as normal or pathological (abnormal) samples. We
select five imbalanced recording categories (Training-A through E), comprising a total
of 3,126 heart sound recordings, with uneven distribution of cardiac condition severity.
Additionally, each category contains extraneous emergency noises, such as uncontrolled
ambient sounds. We merge Category C and Category D data due to their limited quan-
tity of heart sound signals and excludes significantly distorted signal recordings. 2,735
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heart sound recordings are extracted, including 546 pathological recordings and 2,189
normal recordings, representing approximately 87.5% of the entire dataset. (ii) Open Ac-
cess Heart Sound (OAHS) Dataset. OAHS Dataset is a publicly available cardiac audio
database providing researchers with noise-free heart sound data. This dataset contains
1,000 heart sound samples, and the samples are divided into five distinct categories based
on cardiac pathological characteristics: Normal (N), Aortic Stenosis (AS), Mitral Regur-
gitation (MR), Mitral Stenosis (MS), and Mitral Valve Prolapse (MVP). Each category
comprises 200 independent representative recordings.

4.2. Performance Metrics

In order to evaluate the entire SNR performance, the global error measures include ex-
ploited E(SNR), var(SNR) and PE(SNR). E(SNR), var(SNR) and PE(SNR) are the mean
value, variance and Percentage error of SNR. Besides, RMSE is another metrics that pop-
ular in HSSs analysis. RMSE measures the similarity between the denoised HSS and the
original clean HSS by calculating the deviation between them. A smaller RMSE value
indicates a smaller difference between the denoised signal and the original clean signal,
meaning better denoising performance. RMSE is expressed as

N
— 1 PR A_ 2
RMSE = | + ; (z; — &) (14)

Here, x; is the i sample value of the original clean HSS, %; is the it" denoised HSS, and
N is the number of signal samples.

4.3. Denoising Results

To verify whether our proposed method can perform noise reduction on HSSs in real-
world scenarios, we use noisy HSSs from PhysioNet Computing in Cardiology Challenge
2016 dataset, which are polluted by various unavoidable entities. To validate the stability
of our proposed method, one being a normal heart sound and the other a pathological heart
sound. Fig.[3]and Fig.[4|clearly demonstrates the method’s exceptional denoising efficacy
on HSSs. For normal heart sounds, it visually preserves the characteristic waveform of
S1 and S2 while effectively eliminating interference noise during intervals. Crucially, the
model retains pathological features in abnormal heart sounds during denoising, providing
essential auxiliary diagnostic information. Notably, post-processing observation reveals
significant noise reduction at S1 and S2 locations in original signals. This confirms the
model’s capability to filter out non-cardiac noise from respiration and muscle movement,
resulting in enhanced signal clarity. Importantly, pathological signatures, including mur-
murs or accentuated heart sounds, remain well-preserved even in cardiac pathology cases.
Hence, DTCWT+ASASS can denoise HSSs effectively under real-world noisy environ-
ments.

Based on the numerical analysis of E(SNR) and var(SNR) from the Table[T, DTCWT+
ASASS exhibits significant superiority in signal processing. DTCWT+ASASS consis-
tently outperforms DTCWT in output E(SNR), var(SNR) and PE(SNR). In the case of
Training-A, DTCWT+ASASS provides a E(SNR)(dB) (8.1 vs. 7.9 vs. 7.1), a var(SNR)(dB)
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Time Domain Plot of Original Heart Sound Signal

Spectrogram of Original Heart Sound Signal
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Time Domain Plot of Original Heart Sound Signal

Spectrogram of Denoised Heart Sound Signal
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Fig. 3. Time-domain and Spectrogram Plots of Normal and Denoised Normal HSSs

(2.2 vs. 2.4 vs. 2.4) and a PE(SNR)(dB) (+0.14 vs. +0.11 vs 0). In particular, a total
of 357 samples (255 normal HSSs, 102 abnormal HSSs) from 409 heart sound record-
ings (292 normal HSSs, 117 abnormal HSSs) were included for analysis in 121 pa-
tients with MVP. These samples included HSSs denoised by DTCWT, HSSs denoised by
DTCWT+ASASS, and the original HSSs as a control. E(SNR), var(SNR), and PE(SNR)
significantly increased with the increase in denoising degree (p < 0.001). This indicates
that the observed result differences are extremely unlikely to be caused by random vari-
ation, further demonstrating the superiority and reliability of DTCWT+ASASS in HSSs
denoising.

Fig.[5]and Fig[6] presents (a) Original HSS, (b) Noise-contaminated HSS, (c) HSS de-
noised by WT, (d) HSS denoised by DTCWT, and (e) HSS denoised by DTCWT+ASASS.
WT achieves noise reduction but concurrently introduces significant signal distortion. Al-
though DTCWT mitigates signal distortion, it demonstrates suboptimal denoising perfor-
mance in overlapping noise-original signal segments and exhibits susceptibility to pseudo-
Gibbs phenomena at signal boundaries. DTCWT+ASASS not only delivers superior noise
suppression but also preserves clinically relevant acoustic features (e.g., S1/S2 energy
retention) while eliminating perceptible distortion. For the denoised normal HSSs, the
spectral energy distribution is uniform, with a clear boundary between the S1 and S2 fre-
quency bands, and the energy is highly concentrated. For the denoised pathological HSSs,
mitral stenosis leads to the disappearance of the high-frequency components in S1, with
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Time Domain Plot of Original Heart Sound Signal

Spectrogram of Original Heart Sound Signal
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Fig. 4. Time-domain and Spectrogram Plots of Pathological and Denoised Pathological
HSSs

energy shifting to the low-frequency band, while aortic insufficiency causes an increase
in the low-frequency energy in S2. Compared with DTCWT, DTCWT+ASASS can ef-
fectively suppresses pseudo-Gibbs artifacts, and outperforms both benchmark methods in
denoising efficacy metrics for both normal and pathological heart sounds.

Table [2| compares the denoising performance of multiple algorithms for HSSs con-
taminated by GWN at different SNRs of -5 dB, 0 dB, 5 dB, 10 dB, 15 dB, and 20 dB. The
results show that DTCWT+ASASS consistently outperforms other comparison methods
in terms of SNR and RMSE metrics across all noise levels. Similarly, Table[3|compares the
denoising effect of HSSs contaminated by pink noise at different noise levels (including -
5dB, 0 dB, and 5 dB). Under conditions involving GWN SNR of 0 dB, DTCWT+ASASS
can reduce the RMSE 30.43% and 15.78%, compared to WT and DTCWT. Correspond-
ingly, under conditions involving pink noise SNR of 0 dB, DTCWT+ASASS can re-
duce the RMSE by 9.89% and 46.42%, compared to WT and DTCWT. Unlike GWN,
pink noise has more energy concentrated in the low-frequency range and gradually di-
minishes in the high-frequency range. In contrast, we select EMD, which is currently
commonly used, as the comparison method for HSSs denoising. This table also shows
that DTCWT+ASASS has greater advantages over EMD and DTCWT in terms of SNR
and RMSE metrics. Overall, compared to WT, EMD, and DTCWT, DTCWT+ASASS
stronger anti-noise ability and greater stability.
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Table 1. Denoising performance comparison among DTCWT, DTCWT+ASASS

Recording Categories Methods E(SNR) var(SNR) PE(SNR)
Original HSS 7.1 24 0
Training-A DTCWT 7.9 24 +0.11
DTCWT+ASASS 8.1 22 +0.14
Original HSS 0.7 0.6 0
Training-B DTCWT 10.8 3.5 +13.96
DTCWT+ASASS 11.1 35 +14.86
Original HSS 5.6 3.7 0
Training-C+D DTCWT 8.9 4.0 +0.58
DTCWT+ASASS 9.5 3.8 +0.69
Original HSS 5.6 3.0 0
Training-E DTCWT 9.3 4.8 +0.65
DTCWT+ASASS 10.5 39 +0.88

In this way, DTCWT+ASASS has the following characteristics:

(i) The DTCWT achieves time-shift invariance through its unique dual-tree structure,
enabling more effective handling of transient features in non-stationary signals while
preserving time-frequency localization properties. Compared to conventional WT, the
DTCWT demonstrates superior noise separation capability during HSS denoising, thereby
enhancing reconstruction accuracy.

(i1) The ASASS algorithm is an advanced HSS processing technique primarily used
to smooth high-frequency signals and suppress overlapping noise frequencies in selected
bands, thereby recovering noise-free signals. By effectively capturing fine features within
HSS fluctuations, the DTCWT+ASASS method achieves superior SNR compared to the
DTCWT.

Table 2. Comparison of Denoising Performance at Gaussian White Noise Levels
Noise Level Performance metrics WT DTCWT DTCWT+ASASS

5dB SNR 478 4.66 5.65
RMSE 0.064 0.052 0.050
0dB SNR 7.53 8.62 9.01
RMSE 0.046 0.038 0.032
s 4B SNR 11.76 11.48 13.23
RMSE 0.028 0.026 0.024
10 dB SNR 16.12 18.01 18.18
RMSE 0.017 0.016 0.013
15dB SNR 19.01 20.96 21.52
RMSE 0.013 0.010 0.008
20 dB SNR 23.88 24.37 25.68

RMSE 0.007 0.006 0.005
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Fig. 5. Denoising Effects of Three Methods on Normal HSSs under Gaussian White Noise
with SNR=0 dB: (a) Original HSS, (b) Noise-contaminated HSS, (c) HSS denoised by
WT, (d) HSS denoised by DTCWT, and (e) HSS denoised by DTCWT+ASASS
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Table 3. Comparison of Denoising Performance at Pink Noise Levels
Noise Level Performance metrics EMD DTCWT DTCWT+ASASS

5dB SNR 3.25 2.82 4.43
RMSE 0.162 0.188 0.101
0dB SNR 1.62 2.63 5.62
RMSE 0.093 0.084 0.045
5 B SNR 6.51 7.62 11.33
RMSE 0.053 0.043 0.023

5. Conclusion

In this work, we propose a joint HSSs denoising method using DTCWT and ASASS.
First, HSS undergoes preprocessing via Butterworth filtering to reduce high-frequency
noise. Subsequently, the signal is decomposed using DTCWT to obtain its multi-scale fea-
ture representation. The decomposed signal is then fed into the ASASS algorithm, which
automatically adjusts its parameters through a designed adaptive mechanism. Leveraging
its sparse adaptive characteristics, the DTCWT+ASASS model extracts critical feature
information from the signal and reconstructs it. This approach addresses the limitations
of conventional denoising methods, such as signal distortion and low SNRs, while si-
multaneously overcoming the inherent pseudo-Gibbs phenomena of DTCWT at signal
boundaries. Besides, we have validated it on PhysioNet/CinC 2016 database and OAHS
Dataset, and both healthy and pathological recordings. Both normal and aortic stenosis
HSSs contaminated with AWGN or pink noise at different levels of SNR, our approach
achieves significant improvements over state-of-the-art methods. Under conditions in-
volving GWN SNR of 0 dB, the proposed method achieves an SNR of 9.01 dB and a
RMSE of 0.032, outperforming standalone DTCWT and multiple existing models.
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