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Robust graph-based denoising for cardiac acceleration signals
Salman Almuhammad Alali, Amar Kachenoura, Lotfi Senhadji, Alfredo I. Hernandez, Cindy Michel, Laurent Albera, Ahmad
Karfoul

• Efficient graph-based method for denoising cardiac ACC signals
• Pseudo-periodicity of cardiac cycles as a relevant feature for denoising ACC signals
• Targeting events of interest on well-tailored graph structures
• Denoising problem as constrained low-rank matrix inference one
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A B S T R A C T
This paper proposes an efficient approach for denoising heart vibration signals captured by a 3D
accelerometer in an implantable device located in the gastric fundus, aimed at improving heart
failure monitoring. The approach leverages the inherent consistency (i.e. pseudo-periodicity) of heart
vibration signals across cardiac cycles, reformulating the denoising problem as the inference of a
low-rank matrix under the assumption of signal smoothness on graph structures associated with the
target signals. Both the group sparsity and the total graph variation concepts are employed to describe
the aforementioned assumptions. The effectiveness of this method, compared to standard denoising
techniques, is confirmed by using real 3D accelerometer signals acquired from seven pigs with and
without heart failure.

1. Introduction
Heart Failure (HF) poses a significant public health

challenge, a concern that is exacerbated by aging popula-
tions and currently impacting around 64 million patients
worldwide [1, 2]. The severity of HF is evidenced by fre-
quent unplanned hospitalizations resulting from Acute De-
compensated HF (ADHF). Hospitalizations are a common
occurrence among HF patients and are associated with in-
creased mortality, higher rates of readmission and economic
burden [3]. These acute episodes have a bleak prognosis,
with patients hospitalized twice facing a 40% risk of death
within the following year. Longitudinal monitoring of car-
diovascular biomarkers is adequate for a continuous patient
follow-up and early detection of ADHF events, thereby
providing tailored personalized therapy [4, 5, 6] and alle-
viating the economic burden. Recent advancements have
shown the potential of implantable devices to fulfill the
aforementioned requirements. Indeed, such a device enables
continuous monitoring of cardiac function without the need
of frequent supervision from clinicians or active patient
involvement in data collection [7]. However, despite these
technological advancements, there is still a real need to
develop methods that can reliably collect high-quality lon-
gitudinal heart-related recordings [4].

For this purpose, our research group has recently pro-
posed a novel implantable device designed for minimally
invasive placement in the gastric fundus [4, 8]. This im-
plantable device is equipped with a 3D accelerometer to cap-
ture heart ACCeleration (ACC) signals that reflect cardio-
mechanical activity, complemented by an ECG module for
cardio-electrical activity acquisition. Numerous studies have
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highlighted the significance of leveraging ACC signals as
a viable alternative to the PhonoCardioGram(PCG) ones,
renowned for its relevance for monitoring heart conditions.
More precisely, PCG signals are mainly characterized by
two key components S1 and S2 sounds, occurring with each
heartbeat, that are crucial for monitoring heart conditions
[9, 10, 11, 12, 13]. The S1 sound marks the beginning of
heart contraction through the closing of the atrioventricular
valves, whereas the S2 sound, caused by the closure of the
semilunar valves, indicates heart relaxation. In a previous
work [4], a signal processing chain has been proposed to an-
alyze the signals acquired by the above-mentioned implant,
enabling the segmentation of the ACC signals and the iden-
tification of critical S1 and S2 cardiac events. The findings
during pre-clinical experiments on pigs demonstrated the
viability of long-term cardiovascular monitoring using such
a gastric implant, for early medical intervention. However,
the main remaining challenge involves the improvement of
the signal-to-noise ratio (SNR), particularly in managing
the inevitable complex noise generated by multiple sources
associated with the gastric acquisition site. This complex
noise, stemming from physiological activities like respira-
tion and movements of internal organs, can mask the critical
S1 and S2 events in the signals, posing difficulty in precisely
diagnosing heart conditions [4]. Graph Signal Processing
(GSP) has emerged recently as a promising framework for
handling structured data [14] with efficacy being confirmed
in various real-world applications. These include sensor net-
works [15], human brain [16], image and video processing
[17, 18, 19, 20], as well as artificial intelligence and data
science [21, 22, 23, 24].

In this paper, a GSP-based denoising approach is pro-
posed to address the noise issue in the acquired 3D ACC
signals using the recently proposed implantable device. Un-
like conventional denoising techniques such as Principal
Component Analysis (PCA) [25], Independent Component
Analysis (ICA) Canonical Correlation Analysis (CCA) [26],
the graph-based denoising approach delves deeper into the
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structure of the signal under study. This structure, which
is well qualified as irregular [15], is not conducive to the
aforementioned standard denoising methods that are defined
in the Euclidean space. The main idea of the proposed ap-
proach is to leverage the inherent consistency (i.e., pseudo-
periodicity) of the events of interest, namely the S1 and
S2 heart sounds, over cardiac cycles. This reframes the
denoising problem as inferring a low-rank matrix while pro-
moting the smoothness of the graph signal over an adequate
structure. To address this problem, two distinct graphs corre-
sponding to the S1 and S2 heart events are constructed based
on their physiological characteristics and pseudo-periodicity
across cardiac cycles. With these specific graphs defined
as proposed in this study, S1 and S2 heart events can be
represented as smooth signals over their respective graphs.
It is noteworthy that the low-rank matrix approximation
problem combined with the smoothness on graph has been
explored in several studies [27, 28, 29, 30, 31]. However, the
low-rank matrix inference problem is typically addressed by
minimizing the nuclear norm, which often leads to compu-
tationally prohibitive optimization algorithms. To overcome
this limitation, the mixed L21-norm is employed in the
current study as it stands for a physiologically interpretable,
low-cost, and more tractable alternative. In fact, recent re-
search of our group has demonstrated that, beyond its cost-
effectiveness and tractability, the mixed L21-norm is a better
candidate than the nuclear norm for approximating the rank
function, especially when the target matrix is full-column
rank [32].

A comparative analysis to assess the performance of
the proposed method relative to several well-known signal
processing techniques. The evaluation encompasses classi-
cal matrix factorization approaches, including PCA [25],
CCA [33], and ICA [34]; adaptive multiscale decomposition
methods such as Empirical Mode Decomposition (EMD)
[35], transform-based approaches like Wavelet analysis [36]
and a Deep Learning (DL)-based method utilizing Convo-
lutional Neural Networks (CNNs) [37] recently proposed by
our group.

The main contributions in this study are:
• A graph-based denoising of ACC signals that lies on

the intrinsic pseudo-periodicity of the events of inter-
est (here S1 and S2 heart sounds) over cardiac cycles.
Specifically, the denoising task is cast as the inference
of a low-rank matrix subject to the smoothness of the
events of interest on tailored graph structures that en-
code the aforementioned pseudo-periodicity property.

• Denoising performance that not only removes noise
and isolated artifacts but also preserves the morpho-
logical characteristics of heart sounds.

• Significant SNR improvement for S1 and S2 heart
sounds compared to well-established unsupervised
and supervised denoising approaches.

The remainder of this paper is organized as follows: Sec-
tion 2 outlines the notations and definitions used throughout

this paper. Section 3 provides a detailed description of
the dataset employed in the study. Section 4 presents the
proposed methodology, including the observation model,
graph construction process, and the optimization problem
being addressed. Experimental results and the discussion
of the findings are presented in Section 5. Finally, Section
6 provides the conclusion along with key highlights and
potential directions for future work.

2. Notations and definitions
Throughout this paper, scalars are denoted by italic lower-
case letters (e.g., 𝑎), vectors by bold lowercase letters (e.g.,
𝐚), and matrices by bold uppercase letters (e.g., 𝐀). Sets
are represented by blackboard bold type (e.g., 𝔼), with |𝔼|
indicating the cardinal of the set 𝔼. The 𝑛-th component of
a vector 𝐚, the (𝑖, 𝑗)-th entry and the 𝑛-th column vector
of a matrix 𝐀 are denoted by 𝑎𝑛, 𝐴𝑖,𝑗 and 𝐚𝑛, respectively.
The Frobenius norm of a matrix is denoted by ‖.‖𝐹 , Tr(.)
is the matrix trace. The max(.) operator returns the largest
component of its argument vector and (.)⊤ stands for the
transposition operator. Besides, the operator ⊙ denotes the
Hadamard product (i.e., element-wise matrix product) and
𝐈𝑁 is the identity matrix of size 𝑁 × 𝑁 . The L2-norm and
L21-norm are denoted respectively by ‖ ⋅‖2 and ‖ ⋅‖2,1, with

‖𝐀‖2,1 =
∑

𝑖

√

∑

𝑗
|𝐴𝑖,𝑗|

2 = Tr(𝐀⊤𝚪𝐀) (1)

The entries of the diagonal matrix 𝚪 are defined as

𝛤𝑖,𝑖 =
1

√

∑𝐽
𝑗=1 |𝐴𝑖,𝑗|

2

Definition 1: An undirected, unweighted graph (𝕍 ,𝔼,𝐀)
is a collection of 𝑁 nodes (vertices), defined in the set 𝕍
of graph nodes (𝑁 = |𝕍 |) that are interconnected by a set
of edges gathered in 𝔼. The interaction among the graph
nodes is fully encoded in the symmetric adjacency matrix
𝐀(𝑁 ×𝑁) defined as follows:

𝐴𝑖,𝑗 =

{

1, if nodes 𝑖 and 𝑗 (𝑖 ≠ 𝑗) are connected,
0, otherwise. (2)

More precisely, each non-zero entry of 𝐀 encodes a similar-
ity between the associated pair of nodes. This similarity is
possibly measured in terms of correlations, coherence, etc.
Definition 2: The graph Laplacian matrix 𝐋 associated with
(𝕍 ,𝔼,𝐀) is given by

𝐋 = 𝐃 − 𝐀 (3)
where 𝐃 ∈ ℝ𝑁×𝑁 denotes the degree matrix, which is a
diagonal matrix, such that

𝐷𝑖,𝑖 =
𝑁
∑

𝑗=1
𝐴𝑖,𝑗
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Definition 3: A graph signal is a function 𝑓 ∶ 𝕍 → ℝ that
assigns a real number to each graph node. Therefore, the
𝑛-th component of the 𝑁-dimensional graph signal stands
for the value of the graph signal at the 𝑛-th graph node (see
Figure 1).
Definition 4: A smooth signal on a graph (𝕍 ,𝔼,𝐀) is a
signal that exhibits a slow variation over the graph nodes. An
example of a non-smooth and conversely a smooth signal on
a graph established from five mechanical cardiac cycles are
illustrated in Figure 1 (a) and Figure 1 (b), respectively. The
smoothness of a graph signal 𝐱 over (𝕍 ,𝔼,𝐀), or the total
graph signal variation in a more general term, is quantified
using the Laplacian quadratic form defined as follows [14]:

Δ𝐋(𝐱) =
∑

𝑖,𝑗∈𝔼
𝐴𝑖,𝑗(𝑥𝑖 − 𝑥𝑗)2 = 𝐱⊤𝐋𝐱 = ‖

‖

‖

𝐋1∕2𝐱‖‖
‖

2

2
(4)

where the summation is taken over all edges. According to
equation (4), a low vs. high value of Δ𝐋(𝐱) corresponds to
a smooth vs. non-smooth variation of the graph signal over
the graph nodes (i.e., low vs. high frequency graph signal)
[14], as shown on Figure 1b and Figure 1a, respectively.

𝒕

(a) High frequency graph signal

𝒕

BaselineS1 S2

(b) Low frequency graph signal

Figure 1: Smoothness of a signal on a graph comprising five
interconnected nodes, each of which stands for a mechanical
cardiac cycle. (a) case of a non-smooth (high frequency) graph
signal; (b) case of a smooth (low frequency) graph signal.

3. Dataset
Synchronized ElectroCardioGrams (ECGs) and 3D ACC
signals acquired via an implantable device located in the
gastric fundus of seven pigs (four healthy and three with
HF), are used in the current study. Two versions, V1 and
V2 of this implant, shown in Figure 2, were used to collect
the data: version V1 was used for healthy pigs while version
V2 was used for those with HF. Both versions V1 and V2
recorded 3D ACC signals at a sampling rate of 4 kHz [4].
Observations were recorded during 30-seconds every hour
over a period of 14 days. The noises and artefacts are mainly
originating, on one hand, from the location of the implant in
the gastric fundus and, on the other hand, from the implant

Gastric module

(a) Gastric module

X
Y

Z

(b) Implant V1

X
Y

Z

(c) Implant V2

Figure 2: Implant prototypes used for acquiring the ECG and
ACC data, (a) A module at the pig gastric site (b) Schematic
representation of the implant V1, (c) Schematic representation
of implant V2 [4].

itself. Location-induced noise encompasses gastric distur-
bances, movements of adjacent muscles, and various sounds
from the pigs, including growls and digestive noises. Device-
related noise involves data saturation issues, stemming from
the implant’s hourly transitions between sleep and active
modes [4].

4. Methodology
4.1. Observation model
The mechanism of heart function involves quasi-repetitive
electrical and mechanical actions that result in consistent
patterns of electrical and mechanical activities throughout
the ACC cardiac cycles. These activities can be monitored
using various implantable cardiac devices, including the
recently proposed gastric one [4]. As depicted in Figure 2,
the gastric implant is equipped with an accelerometer and
ECG modules that enable the recording of both the heart’s
mechanical and electrical activities. From now on and fol-
lowing [4], the term ACC signal will refer to the cardiac
ACC signals which are acquired using the embedded 3D
accelerometer. As pointed out previously, acquired ACC
signals are tainted by various forms of noise and artefacts
associated with the gastric site. The presence of such activ-
ities impedes the precise detection of critical heart events,
specifically S1 and S2 sounds, and subsequently hinders
the reliable monitoring of heart functions. To address this
issue, the current study entails denoising each ACC axis
separately through a graph-based formulation of the denois-
ing problem. Here, the description of the proposed method
focuses on a single ACC axis, keeping in mind that it can
be similarly applied to all ACC axes. Let 𝐘 ∈ ℝ𝑁×𝑇 denote
the observation matrix, constructed by gathering𝑁 T-length
cardiac cycles from the ACC signal under consideration.
Here, 𝑇 is defined as the duration of the longest cardiac cycle
in the recording, and all shorter cycles are zero-padded to
this length. Subsequently, the observation matrix is assumed
to follow the linear model:

S. Almuhammad Alali et al.: Preprint submitted to Elsevier Page 3 of 10
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𝐘 = 𝚿 + 𝐁, (5)
where 𝚿 ∈ ℝ𝑁×𝑇 is a low-rank matrix comprising the clean
cardiac cycles matrix including S1 and S2 events, and 𝐁 ∈
ℝ𝑁×𝑇 accounts for an additive noise matrix. As the S1 and
S2 cardiac events show intrinsic consistency throughout the
cardiac cycles, each column vector of 𝚿 wich is associated
with a given time sample, can be figured out as a smooth
graph signal. More precisely, such a column vector exhibits
low variation over two graph structures, S1(𝕍S1,𝔼S1,𝐀S1)and S2(𝕍S2,𝔼S2,𝐀S2) associated with the cardiac events of
interest (S1 and S2) and constructed from the segmented car-
diac ACC cycles (see more details in Section 4.2). Besides,
it is worth noting that for a clean ACC signal, the columns
of 𝚿 that are related to baseline segments (i.e., segments
between S1 and S2 events as shown in Figure 1) are assumed
to be all-zero vectors, as these segments are devoid from
any activity of interest. Thus, with regard to the consistency
among cardiac cycles and the presence of all-zero vectors
that the matrix 𝚿 is enjoying, the low-rank assumption on 𝚿
holds valid.
4.2. Graph Construction
Let 𝜃(𝕍𝜃 ,𝔼𝜃 ,𝐀𝜃), 𝜃 ∈ {S1, S2} be the graph associated to
the heart sound 𝜃 where 𝜃 encodes the intrinsic consistency
of this event overall the available segmented ACC cardiac
cycles. In this study, the 𝑛-th node in 𝜃 is associated with
the time segment of the 𝑛-th cardiac cycle where the event
𝜃 occurs. Notably, unlike the waveform consistency of S1
and S2 heart sounds throughout the ACC cardiac cycles,
these signals exhibit slight variations in their respective start
and end times across cycles due to Heart Rate Variability
(HRV) [38]. Thus, two nodes in 𝜃 are assumed to be
connected if their associated consistency, measured here in
terms of the cross-correlation, exhibits a value that is higher
than 0.6 (more details about the choice and the relevance
of this value is given in supplementary materials-Section
I). More precisely, a cross-correlation matrix, denoted here
by 𝐂 ∈ ℝ𝑁×𝑁 whose (𝑖, 𝑗)-th entry, 𝐶𝑖,𝑗 , refers to the
maximum normalized cross-correlation coefficient among
a set of normalized cross-correlation coefficients computed
at different time-lags (i.e., considering HRV), is computed.
The normalized cross-correlation coefficient between the 𝑖-
th and 𝑗-th, 1 ≤ 𝑖 ≠ 𝑗 ≤ 𝑁 , graph nodes, at a given time-lag
𝜏, is given by:

𝐶𝑖,𝑗(𝜏) =
∑𝑇−𝜏

𝑡=1 𝑌𝑖,𝑡𝑌𝑗,𝑡+𝜏
√

∑𝑇
𝑡=1 𝑌

2
𝑖,𝑡

√

∑𝑇−𝜏
𝑡=1 𝑌 2

𝑗,𝑡+𝜏

, (6)

Once the matrix 𝐂 is computed, the derivation of the as-
sociated adjacency matrix, 𝐀𝜃 , and subsequently the graph
Laplacian one, 𝐋𝜃 , is straightforward according to equation
(2), for a threshold value of 0.6 as pointed out above, and
Definition 2, respectively. More specifically, the S1 event

occurs within the first half of the cardiac cycle, correspond-
ing to the systole phase, while the S2 event takes place
during the diastole phase in the latter half of the cycle [39].
Consequently, the first graph, S1, was created based on the
cross-correlation coefficients between the first half of the
cycles, while the second graph, S2, was built using the
cross-correlation coefficients between the last 60% of heart
cycles, suggesting a 10% overlap to handle HRV.
4.3. Optimization problem
Under the intrinsic low-rank property of the latent matrix
𝚿 together with the fact that each of its column vector is a
smooth graph signal on S1 and S2,denoising the observed
cardiac ACC signals can be summed up to minimizing, with
respect to 𝚿, the following cost function:

Minimize
𝚿

‖𝐘 −𝚿‖

2
𝐹 + 𝜆1 ‖𝚿‖2,1 + 𝜆2

‖

‖

‖

𝐋1∕2
S1 𝚿‖

‖

‖

2

𝐹

+ 𝜆3
‖

‖

‖

𝐋1∕2
S2 𝚿‖

‖

‖

2

𝐹

(7)

where the mixed L21-norm encodes the low-rank property
of 𝚿 as recently shown in [32], and 𝜆1, 𝜆2 and 𝜆3 stand for
the penalty parameters. It can be clearly stated that the above
optimization problem is convex but non-differentiable due to
the mixed L21-norm. Typically, this problem can be solved
within the proximal optimization framework by computing
the proximal operator associated with the mixed L21-norm,
which is a complex and tedious task. To address this limi-
tation, the optimization problem can be reformulated as an
iterative process alternating i) the minimization with respect
to 𝚿 of a convex and cost differentiable function given by:

𝑔(𝚿) = ‖𝐘 −𝚿‖

2
𝐹 + 𝜆1 Tr(𝚿⊤𝚪𝚿) + 𝜆2

‖

‖

‖

𝐋1∕2
S1 𝚿‖

‖

‖

2

𝐹

+ 𝜆3
‖

‖

‖

𝐋1∕2
S2 𝚿‖

‖

‖

2

𝐹

(8)

where 𝚪 is a constant diagonal matrix assumed, at this
stage, to be independent from 𝚿 ; and ii) the update of 𝚪
recalling then, as pointed out in Section 2, its mathematical
dependence on 𝚿. In fact, the full independence being first
assumed between 𝚿 and 𝚪 enables the estimation of 𝚿 in a
closed form solution by computing the stationary point of 𝑔
in (8) with respect to 𝚿. This leads to estimate 𝚿 as follows:

𝚿 =
(

𝐈𝑁 + 𝜆1𝚪 + 𝜆2𝐋S1 + 𝜆3𝐋S2
)−1

𝐘 (9)
Next, the diagonal matrix 𝚪 is derived from the last estimate
of 𝚿 by recalling that these two matrices are linked as
follows (see Section 2):

𝛤𝑖,𝑖 =
1

√

∑𝐽
𝑗=1 |𝛹𝑖,𝑗|

2
(10)
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Figure 3: Diagram of proposed graph-based denoising method.

Then, following an expectation-maximization like scheme,
the optimization procedure operates on an alternative esti-
mation of both 𝚿 and its associated diagonal matrix 𝚪.
At each iteration of the proposed approach, the matrices 𝚿
and 𝚪 are computed alternately, with each matrix being up-
dated while the other is fixed to its last estimate. This process
is repeated until the relative error in the estimation of 𝚿
between two successive iterations exhibits a value less than
a predefined threshold, or until a maximum number of itera-
tions is reached. Note that solving the optimization problem
as proposed in this paper implicitly boils down to the well-
known block coordinate optimization problem, but with
the involved variables being highly dependent rather than
independent. However, despite the dependencies between
the involved matrices (i.e. 𝚿 and 𝚪), the block-coordinate
approach still demonstrates convergence, as recently shown
in [40, 41]. A visual illustration of the proposed graph-based
denoising methods is given in Figure 3.

4.4. Sensitivity analysis
As the optimization problem at hand requires the three

penalty parameters, 𝜆1, 𝜆2, and 𝜆3, to be wisely fixed, a sen-
sitivity analysis to identify the influence of each parameter is
mandatory prior to the selection of their adequate respective
values. To this end, a sensitivity analysis using the well-
known Morris method is performed [42]. More specifically,
the parameters were varied in the range [0.01, 50] to assess
their impact on denoising performance with respect to both
SNRS1 and SNRS2. Morris’ analysis reveals, as shown in
Figure 4, that among the three penalty parameters, 𝜆2 consis-
tently exerts the most significant influence. It produces both
the highest average elementary effect and the greatest vari-
ability, indicating a strong impact on denoising performance
of the proposed method and notable sensitivity to interac-
tions with the other parameters. In contrast, 𝜆3 demonstrates
a moderate mean effect and moderate variability, suggesting
that while tuning it can yield additional improvements, these
gains are relatively limited and more stable. Finally, 𝜆1shows minimal and consistent influence, as its mean effect
remains close to zero.
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(a) SNR𝑆1

Figure 4: Morris sensitivity analysis shows Mean and standard
deviation of Elementary Effect (EE).

5. Results and discussion
In this section, the performance of the proposed graph-

based approach for denoising 3D ACC signals acquired
from gastric implant, of 4 healthy pigs and 3 pigs with
HF, is evaluated and compared to established denoising
techniques such as PCA [25], CCA [33], EFICA [34], EMD
[35] and Wavelet [36], as well as the DL-based technique
recently proposed in [37]. The PCA, CCA, and EFICA
methods were applied to each 3D ACC record representing a
spatio-temporal observation matrix of size (number of axes
× record length). EMD, Wavelet, and DL-based methods
were applied to each ACC axis separately. Regarding the
proposed graph-based approach, it was also applied to each
ACC axis separately, as described in Section 4. However,
before assessing the effectiveness of the proposed method,
we introduce hereafter the strategy being adopted to fix the
suitable triplet of the regularization parameters, (𝜆1, 𝜆2, 𝜆3).
5.1. Selection of regularization parameters

Based on the Morris sensitivity analysis discussed in
Section 4.4, 𝜆1 has the lower influence on the proposed
method performance, thus, we fix 𝜆1 = 1 and focus our
optimization efforts on 𝜆2 and 𝜆3 which have the highest
effect on the performance of the proposed method. With this
latter choice of 𝜆1 value, a grid search over several candidate
values of 𝜆2 and 𝜆3 is performed to find the best value of the
triplet (1, 𝜆2, 𝜆3) in terms of SNR improvement. According
to Figure 5, a subset of (1, 𝜆1, 𝜆2) triplets yields the highest
SNR improvements for the S1 and S2 events across the
ACC axes. Consequently, for all the results presented below,
the triplet (1, 2, 10) was selected in accordance with the
proposed method (See pink square highlighted in Figure 5).

Note that for a fair comparison, similar to our proposed
method, each benchmark approach also requires tuning of
some parameters to achieve its best SNR improvement.
More precisely, for PCA, all combinations of the three
principal components (individual components, pairs, and the
full set) were evaluated, and the combination that yielded
the highest SNR for S1 and S2 events in each recording
was selected. Similarly, for CCA and EFICA, we tested
all possible combinations of source components derived

from the 3D ACC signal. For EMD, several levels of In-
trinsic Mode Functions (IMFs) were tested, with the best
performance achieved using the first three IMFs from an
8-level decomposition. Regarding the Wavelet approach,
we evaluated multiple Wavelet families and decomposition
levels. The biorthogonal 3.9 Wavelets at five decomposition
levels provide optimal results. As far as DL-based method
is concerned, the CNN denoising filter was selected using a
greedy search strategy as described in [37], and the filter that
resulted in the best SNR improvement was retained.
5.2. Evaluation of denoising performance

The addressed approaches were assessed based on their
respective improvements in the SNR of S1 and S2 seg-
ments. To this end, the terms SNR𝜃

denoised and SNR𝜃
noisy,

will refer to the SNR value of the segment 𝜃 ∈ {S1,S2}
after and before applying the denoising step, respectively.
The values of SNR𝜃

noisy were computed using the pipeline
recently introduced by our group [4]. This pipeline involves
calculating a coherent mean cardiac cycle from the input
data (i.e., either 𝐘 or 𝚿) and segmenting it into S1 and
S2 waves. These segments are then projected back, for a
comprehensive segmentation, onto the entire heart cycles of
the cardiac record under study. Note that the same pipeline
was also used to calculate the SNR𝜃

denoised. An example of a
segmented heart cycle is illustrated in Figure 6, highlighting
the segments corresponding to the S1 and S2 heart sounds,
as well as a noise/baseline activity segment. In the sequel,
the 𝑇𝐯-dimensional vector 𝐯, with 𝑇𝐯 being its time period
will refer to the noise/baseline activity.
Then, the SNR of the event 𝜃 at the 𝑛-th, 𝑛 ∈ {1,⋯ , 𝑁},
segmented ACC cardiac cycle is computed as suggested in
[4, 43]:

SNR𝜃
𝛽,𝑛 = 10 × log10

⎛

⎜

⎜

⎜

⎜

⎝

max
(
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)⊙2

)

1
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|

|

|
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|

|

|

2
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⎠

(11)

with 𝛽 ∈ {noisy, denoised} and where
(

𝐳𝜃𝛽,𝑛
)⊙2

= 𝐳𝜃𝛽,𝑛 ⊙
𝐳𝜃𝛽,𝑛 with 𝐳 being a 𝑇𝜃-dimensional vector gathering the
time samples constituting the event 𝜃. Finally, the SNR
enhancement index of the heart sound 𝜃, denoted here by
𝜉𝜃 , is computed as follows:

𝜉𝜃 =
SNR𝜃

denoised − SNR𝜃
noisy

|

|

|

SNR𝜃
noisy

|

|

|

× 100 (12)

where SNR𝜃
𝛽 = 1

𝑁
∑𝑁

𝑛=1 SNR𝜃
𝛽,𝑛. 𝜆1, 𝜆2 and 𝜆3 are the

penalty parameters of equation (9), their respective values
(1, 2 and 10) are determined as discussed in Section 5.1.

Table 1 shows the mean and the standard deviation of the
computed SNR𝜃

𝛽 over the 𝑁 heart cycles for the three ACC
axes X, Y, and Z. The proposed method demonstrates supe-
rior performance in denoising both S1 and S2 events when
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Figure 5: 3D bar-plot surfaces of SNR (dB) for signals S1 (top row) and S2 (bottom row) along the X, Y, and Z axes, as
a function of regularization parameters 𝜆3 and 𝜆3 sampled logarithmically from 0.01 to 20. The bright pink bar and downward
triangle at (𝜆2 = 2 , 𝜆3 = 10 ) highlight the operating point selected in our experiments.
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Figure 6: Segmented ACC heart cycle comprising both S1 and
S2 heart events with a noise/baseline segment (in red).

compared to PCA, CCA, EFICA, EMD, Wavelet, and CNN.
For instance, in the case of the X axis, the noisy ACC has a
mean SNR of 14.3(9.9) dB for S1(S2) and the mean SNR
values provided by PCA, CCA, EFICA, EMD, Wavelet,
and CNN are 14.7(10.0) dB, 15.8(11.4) dB, 15.6(10.9)
dB, 14.3(10.0), 14.4(10.1), and 16.9(11.7) respectively.
This corresponds to respective SNR enhancement ratios
of 3.4%(2.4%), 10.5%(14.6%), 9.2%(9.7%), 0.0%(1.4%),
0.6%(2.4%) and 18.2%(18.2%). In contrast, the proposed
method achieves significantly higher mean SNR values of
18.2 dB for S1 and 12.4 dB for S2, indicating a higher
enhancement in the SNR, even for the more challenging S2
wave due to its lower initial SNR value. In fact, the proposed
method ends up with a higher SNR improvement of 27.5%
for S1 and 24.8% for S2. A similar superior performance of
the proposed method is also obtained for the Y and Z axes,
shown in Table 1. These SNR improvements are further
confirmed from a statistical perspective through a one-tailed
t-test conducted on the set of SNR𝜃

𝛽 values (obtained from

all denoised ACC cycles) between the proposed approach
and each of the considered standard methods, namely PCA,
CCA, EFICA, EMD, Wavelet, and CNN. The p-values are
≤ 10−3 for denoising S1 and S2, whatever the compared
classical method and the analyzed axes, demonstrating the
significance superiority of the proposed method.

To complete our performance analysis study, a visual
inspection of the performance of each denoising method
is provided in Figure 8. This figure shows an example of
denoising a set of ACC heart cycles extracted from a 29-
second recording of axis Y of a gastric implantable device
using PCA, CCA, EFICA, EMD, Wavelet, CNN, and the
proposed method. Clearly, we can observe that the proposed
approach promotes intrinsic consistency among different
ACC cardiac cycles, with S1 and S2 heart sounds being
properly denoised compared to the other standard denoising
approaches. In addition, the proposed methodology demon-
strates enhanced efficacy in accurately denoising the base-
line segment situated between the S1 and S2 heart sounds,
thereby yielding superior delineation of these cardiac events.
Note that, similar denoising behavior is observed for the
other two ACC axes (X and Z), whatever the used denoising
method, as shown in supplementary material-Section II.
5.3. Impact of segmentation misalignment

As pointed out previously, the key idea of graph-based
denoising method is to exploit the intrinsic pseudo-periodicity
of the events of interest (here S1 and S2 heart sounds)
over cardiac cycles. Indeed, the smoothness on graph as-
sumption of the events of interest requires the alignment of
ACC cycles. However, misalignment can be encountered in
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Figure 7: SNR degradation with time shift for S1 and S2 events
across Y-axis.

practice due to the noise and heart variability. To assess the
robustness of our approach in the presence of segmentation
errors, we performed an analysis by intentionally introduc-
ing controlled misalignments at the boundaries of cardiac
cycles. More precisely, we introduced random time shifts at
the beginning of each cycle within the range of [±1, ±50]
milliseconds to emulate realistic segmentation inaccuracies,
such as those caused by R-peak detection variability or heart
rate fluctuations. Figure 7 illustrates the SNR variation as a
function of the introduced time shift for the Y axis. It can
be noticed from the latter figure that the SNR improvement
achieved by the proposed denoising approach for both S1
and S2 heart sounds demonstrates that the proposed method
remains robust to time shifts up to approximately ±10 ms.
This demonstrates the robustness of the graph-based method
with respect to the heart rate variability and the segmentation
errors. Similar performance is obtained for the other ACC
axes (X and Z) and provided as supplementary material-
Section III.
5.4. On the limitation of the proposed approach

As claimed before, the proposed denoising approach
is initially tailored to denoise heart sound waves (i.e., S1
and S2) captured through 3D-ACC signals in a very noisy
environment. To this end, the pseudo-periodicity inherent
to these events is exploited and encoded in a graph total
variation constraint. In practice, this pseudo-periodicity as-
sumption holds valid in several cardiac pathologies, such as
chronic HF and right bundle branch block. In these cases, our
proposed denoising methodology is well adapted. However,
the same property (i.e., pseudo-periodicity of the target
events) that makes the proposed method effective reduces
its ability to preserve isolated or non-periodic events, which
might be related to some pathologies. Indeed, these kinds
of isolated patterns will be vanished on the expense of high
denoising quality. This is because they do not fulfill the
smoothness on graph constraint and consequently will be
recognized as artifacts. To preserve these isolated patterns,
for diagnostic perspectives, one can think about retuning the
regularization parameters, but this would be at the expense
of the denoising effectiveness.

5.5. Numerical complexity
The numerical complexity of the proposed method and

the other considered ones is expressed in terms of numerical
flops. Note that since there are more multiplications than
additions, a numerical flop is accounted for only by the
number of multiplications and additions required for each
operation. For a detailed description of the computation of
the numerical complexity of the proposed method, please
refer to the supplementary material-Section IV. The nu-
merical complexity of the proposed graph-based method
is (

𝑁2𝑇 log 𝑇 + 𝑘 (𝑁3 + 𝑁2𝑇 )
), where 𝑁 is the num-

ber of variables, 𝑇 the length of each signal, and 𝑘 the
number of components or iterations. Compared to the six
considered methods (see Table IV, supplementary materials-
Section IV), the graph-based method presents a numerical
complexity comparable to PCA, CCA and ICA, and EFICA.
EMD and Wavelet exhibit the lowest numerical complexity,
while the CNN one is clearly of computational burden. To
sum up and regarding the obtained denoising results, the
proposed graph-based method provides the best complexity-
denoising performance tradeoff.

6. Conclusion
In this paper, we proposed an efficient denoising ap-

proach for heart sounds captured by a 3D accelerometer
embedded in an implantable device located in the gastric
fundus. This approach leverages the intrinsic consistency of
heart sounds across different cardiac cycles. The denoising
problem was reformulated as the inference of a low-rank
matrix under the constraints of a smooth signal on graph
structures specifically tailored to the heart sounds of interest.
The group-sparsity technique expressed by the L21-norm
was used in this paper for the estimation of the low-rank
matrix leading to a more tractable optimization problem.
The combination of graph total variation and group sparsity
techniques has proven effective in addressing the denoising
problem, outperforming standard denoising methods. This
efficacy was validated using real data acquired from seven
pigs. Future work will focus on evaluating the proposed
approach on a broader animal real-world dataset and also
on investigating the automatic choice of the regularization
parameters.
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Figure 8: Denoising a set of ACC heart cycles extracted from
a 29-second recording of a single accelerometer Y-axis of a
gastric implantable device using PCA, CCA, EFICA, EMD,
Wavelet, CNN, and the proposed method.
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