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Abstract— Standard recordings of electrocardiograhic
signals are contaminated by a large variety of noises and
interferences, which impair their analysis and the further
related diagnosis. In this paper, we propose a method,
based on compressive sensing techniques, to remove the
main noise artifacts and to locate the main features of the
pulses in the electrocardiogram (ECG). The motivation is
to use Trend Filtering with a varying proximal parameter, in
order to sequentially capture the peaks of the ECG, which
have different functional regularities. The practical imple-
mentation is based on an adaptive version of the ADMM
(alternating direction method of multiplier) algorithm. We
present results obtained on simulated signals and on real
data illustrating the validity of this approach, showing that
results in peak localization are very good in both cases and
comparable to state of the art approaches.

Index Terms—ECG signal processing, compressive
sensing, trend filtering, denoising, delineation.

[. INTRODUCTION

Since the development of computer-assisted signal process-
ing, the denoising and analysis of electrocardiographic record-
ings remains thoroughly investigated [1]. The main reason
for these developments lies in the fact that the physiological
causes of the noise and interferences (artifacts), as well as
their influence on the recorded signals, are well known. It is
therefore important to provide accurate measurements, and to
discard the perturbations that could have a bad influence on
the diagnosis. Following [1], we can distinguish four common
perturbations which can be observed on external ECG record-
ings: baseline wander (a low-frequency activity generated by
numerous sources, such as body movement and respiration), as
shown in Figures 1a and 1d; electrode motion (noise caused by
alterations in electrode-skin impedance due to movement), as
in Figures 1b and le; muscle (a.k.a. electromyogram (EMG))
artifacts, where the muscles’ electrical activity perturbs the
good recording of the heart activity, as in Figures 1c and 1f;
and powerline interference, stemming from nearby electrical
equipment.

Historically, discarding the noises’ perturbations in recorded
ECGs has been done using digital signal processing tech-
niques. Due to their simplicity, these FIR/IIR digital filters
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are still in use nowadays, and we refer to [2] for an in-
depth discussion of the specifications that such digital filters
should comply with for real-life apparatus. Once the signal has
been denoised, the peaks are usually located on a smoother
version of the signal, for example by means of an adaptive
threshold, as done in [3]. However, this approach has several
shortcomings, due to the compromise between amplitude and
phase distortions brought by the digital filter. This issue is
particularly obvious, for example, when trying to suppress the
power-line interference: highly selective notch filters typically
introduce ringing artifacts after the QRS complexes, which are
unacceptable in practice [1]. Reducing the filter’s selectivity
allows us to reduce these artifacts, but comes with the price
of a more contaminated signal.

Due to the previous considerations, ECG denoising and de-
lineation remains a very active field of research, even though it
has been studied for a long time. Indeed, no single method can
claim to outperform all the others with respect to removing the
different noises and interferences. Consequently, practitioners
are forced to use specialized algorithms to remove all the
perturbations in the ECG signal [7], [8]. Similarly, regarding
wave segmentation and delineation, different methods provide
the best performance for P, QRS and T waves, as shown in the
extensive comparison undertaken in [9]. Hence, the quest for
a single method that can provide a reliable performance on all
types of perturbations is still ongoing. Furthermore, a method
able to simultaneously perform wave segmentation/delineation
and denoising would be very welcome, since it would allow
practitioners to rely on a single algorithm to perform these
two crucial tasks required for diagnosis.

Many of the existing ECG denoising schemes are
regression-based methods. These techniques consider the ob-
served ECG signal as a noise-contaminated curve, and try to
estimate the unknown clean signal from the noisy one. For ex-
ample, a large class of algorithms relies on a representation of
the ECG signal on a relevant, pre-defined function basis, such
as wavelets. Indeed, multiresolution wavelet-based threshold-
ing methods have been applied to denoising [10], [11], and
have also been successfully used in delineation [12], [13].
In a more recent and related contribution, [14] used Variable
Frequency Complex Demodulation techniques to provide an
effective time-frequency decomposition of noisy ECG signals,
sharing some similarities with wavelet denoising. However,
regression-based methods strongly rely on a suitable choice of
basis functions and carefully tuned parameters. For example,
the performance of wavelet denoising methods is strongly in-
fluenced by the number of detail levels kept for reconstruction,
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Fig. 1. Time and frequency characteristics of three of the main artifacts in ECG signals [4]: baseline wander, electrode motion, and muscle (EMG)
artifacts. All the signals were taken from the first 10 seconds of the first channel of the corresponding record ('’bw’, 'em’ and ‘'ma’, respectively) from
the MIT-BIH noise stress test database [5], as downloaded from Physionet [6].

the threshold used to remove the contribution of the noise, and
the choice of the wavelet mother function. Thus, a fixed setup
might yield significantly different performance from one ECG
recording to another.

On the other hand, the developments in the theory of
compressive sensing (CS) have also allowed researchers to
provide good reconstruction and representation of the ECG
signals with an excellent level of compression, suitable for
real-time applications [15]-[19]. For example, [20] considers
the denoising of ECG signals as a regression problem. In
previous contributions, the authors have also considered ECG
recordings as a sparse linear combination of Gaussian shapes
to locate peaks in recorded intracardiac signals [21]-[24].
In another recent contribution, [25] suggested an iterative
filtering procedure based on a group-sparse reconstruction in
the frequency domain. The sparsity framework is well tailored
for ECG signals, which exhibit refractory periods and are
sparse by nature. However, one important shortcoming of these
methods is that they rely on a known, user-defined dictionary.
This requires either fine tuning or trial-and-error approaches to
obtain a suitable adequacy between the data and the dictionary.

Finally, many deep learning (DL)-based approaches, based
on different types of deep neural networks (DNNs), have
been recently proposed for both denoising and delineation
in several contexts. For example, a scheme based on a 1D
convolutional neural network (CNN) for R peak detection in
noisy, low-quality Holter recordings was proposed in [26],
and the combination of a CNN with a Long-Short Term
Memory (LSTM) network has been described in [27], [28].
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Multiple DL-based methods for denoising have also been pro-
posed, for instance, using deep convolutional encoder-decoder
networks [29], CNNs [30], sophisticated deep score-based
diffusion models [31], or a combination of a convolutional
auto-encoder and a conditional generative adversarial network
[32]. DL-based methods provide excellent results, but they
require fully supervised training on large datasets to attain
this performance level, and lead to heavy models from a
storage/memory point of view. Hence, given the increasing
amount of ECG recordings daily obtained from cardiac mon-
itors, there is a growing need for unsupervised methods [33].
Furthermore, with the increasing number of low-cost and
portable ECG monitoring devices, the need for reliable, low-
power, low-cost and low-memory ECG analysis algorithms
remains paramount [34].

In this paper, we present a new method (AdapTrend) for
denoising and delineation based on trend filtering. This paper
details three main contributions. First, we present a unified
framework, based on sparse regression and trend filtering,
jointly with an adaptive scheme, to both remove the noise from
ECG recordings and to locate the peaks of the pulses. Besides
its simplicity, the method has the additional advantage of
being independent of any user-defined dictionary, in contrast to
previously described ML and compressive sensing approaches.
Then, we detail the implementation of the proposed method,
and we provide practical rules-of-thumb to set up the hyper-
parameters of the algorithm. Eventually, we illustrate the good
performance of the proposed approach, both on simulated and
real data.
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We notice that the proposed approach has three key advan-
tages with respect to the existing techniques:

1) Although the proposed approach looks similar to
regression-based methods, like wavelet-based denoising
or CS schemes, it does not rely on any pre-defined
shape. Indeed, though we add a sparsity penalty in the
functional of equation (3), this sparsity is enforced in
the functional regularity, and no dictionary of shapes is
present in (3).

2) Unlike DL-based approaches, which require a large
amount of labelled training data, our approach is com-
pletely unsupervised and can work with the short record-
ings which are acquired in some applications. Further-
more, being unsupervised it is immune to label noise and
can be applied to the many unannotated ECG recordings
available both in clinical and ambulatory settings.

3) Compared to DL-based approaches, AdapTrend requires
a negligible amount of memory (compared to the mil-
lions of parameters that DNNs need to store), training
time (minutes vs. hours or even days) and computa-
tional power (no GPUs or any other specific hardware
required). Although developing an efficient version of
AdapTrend that can be implemented in a portable ECG
monitor is out of the scope of this paper, the proposed
approach is clearly better suited for this setting than
existing DL-based methods.

Also related in a sense to time-frequency analysis, Empirical
Mode Decomposition methods have also been successfully ap-
plied, both for ECG denoising [35]-[37] and delineation [38].
This approach shares a few similarities with the proposed
method, in the sense of being unsupervised and the fact that
the iterative computation of the envelope of the residual is
strongly related to the signal’s regularity. However, from a
mathematical point of view, AdapTrend is completely differ-
ent, as it relies on compressive sensing ideas rather than on
time-frequency analysis.

The validation of the proposed method is performed in two
steps. At first, we generate synthetic signals based on the
well known ECGSYN model, on which real recorded noise
(baseline wander, electrode motion and EMG artifacts), taken
from the MIT-BIH noise stress test database [5], available
from PhysioNet [6], is added, and we compare the perfor-
mances on peak location with another state-of-the-art approach
(ECGDeli). Then, we investigate the performance of the
denoising and delineation procedure using the real annotated
signals from the LUDB [39], taken from the PhysioBank
dataset [6]. In this case, the proposed approach has been
tested on all the available leads (i-iii, v1-v6, avf, avl or
avr) and with respect to the different heart conditions of the
available subjects (sinus rhythm, AF, sinus arrhythmia and
bradychardia), showing an excellent performance in all cases.

The rest of the paper is organized as follows: the next
section presents the model used and the proposed algorithm.
We provide an example on a synthetic signal as a proof of
concept, and show how the method can be implemented in
practice using the alternating direction method of multipliers
(ADMM). Section III presents the results obtained on synthetic
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and real data, which confirm the success of the proposed
method in jointly performing signal denoising and peak lo-
calization. Finally, Section IV contains the conclusions and
some possible future lines.

[1. ALGORITHM OVERVIEW

In this section we provide an overview of the model we
investigate, and recall the the different /; penalized regression
that will be used for noise reduction.

A. Model Description

Along the paper, we investigate the following model:
y[n] = s[n] +r[n] +en], n=1...N. (1)

In Equation (1), s[n] denotes a slowly varying signal repre-
senting the baseline of the ECG recording and the respiration
noise, r[n| denotes a more-rapidly varying signal representing
the ECG pulses we wish to retrieve, and £[n] is an additional
noise term including all the perturbations with higher fre-
quencies (e.g., EMG and electrode motion artifacts), with the
addition of a Gaussian noise with known variance. Obviously,
the model described can be vectorized as

y=s+r+e¢ 2)

where the vectors y, s, rand € are N-dimensional, denoting
respectively the overall recorded signal, and the separate
contributions of the baseline wander, the ECG pulses, and
the higher-frequency additive noise. Using (2), the general
objective of any denoising and delineation algorithm is to
isolate r from y, while introducing as little distortion as
possible in r, and to locate relevant features from the obtained
estimate of r. In this paper, we will focus on the denoising
and peak finding (that is, locating the local maxima of the P,
QRS, and T waves of the obtained recordings) tasks.

If the waveforms of the ECG signals were perfectly known,
a possible approach to address the delineation problem would
be to build a dictionary from these known shapes, A, and build
a sparse representation of y in which the non-zero entries of
the regressor would indicate each waveform’s location. Such
methods have been investigated in previous contributions [21],
[22]. However, these approaches strongly rely on the fact that
the dictionary is precisely defined, which can be challenging
in most biomedical applications.

Without any parametric shape assumption, we shall exploit
a different specificity of the ECG signal: the fact that it is
a narrow-band signal, which can be interpreted as a kind
of sparsity for the signal’s rate of variation. For example,
the baseline varies much slowlier than the ECG waverforms,
and the powerline interference much faster. In a given ECG
pulse, the QRS complex evolves faster than the P and T
waves. Thus, we might locate the waveforms from the ECG
recordings using this information inside a regression model;
more specifically, we wish to penalize the derivatives of the
signal rather than the regressor itself. Such ideas are common
in functional data analysis [40], [41], and are used in ECG
delineation when approximating the recorded signals using
cubic splines. However, in the references mentioned above,
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the penalties introduced are usually defined by means of the
{5-norm, which does not induce sparsity. Thus, we will detail
in this paper a variation of a more recent type of sparsity-
inducing regressor, namely ¢; trend filtering.

B. Denoising and Delineation Framework Using
Adaptive Trend Filtering

Trend filtering is a relatively new method for nonparametric
regression, proposed independently by [42] and [43]. Given
a user-specified order k > 0, the trend filtering estimate is
defined as

Stren 3 1
RTn(N) = arg min {Qy - x|z + A|Dk“xll}v 3)

where the minimization of (3) is performed with respect to the
free variable x, and where A denotes a user-defined parameter,
which controls the trade-of between the solution’s precision,
appearing in the ¢;-norm, and the polynomial behavior of
xtrend described by the £1-norm. The DF+1 ¢ RIV-k—1)xN
is the discrete difference (or derivative) operator of order
k + 1, and is defined recursively as

-1 1 0 0

0 -1 1 0
D=

0 o ... =11

and D1 = DD for £k > 1. As shown in [43], the
penalty term ||D*x/||; introduced in (3) enforces the solution
%trend()\) to exhibit a piecewise polynomial behavior, where
the number of knots between the different pieces decreases as
A increases, and where the order of the polynomials appearing
in the reconstruction is defined by &k (for example, setting
k = 0 provides a piecewise linear solution, and so forth).
Contrary to standard sparse regression techniques, we can see
trend filtering as a sparse penalty applied on the functional
smoothness of the result. This property makes it suitable to
smooth noisy data, and to estimate the localization of portions
of signals with different rates of variation. In this paper, since
the relevant waveforms in ECG recordings are usually very
smooth, we found k = 1 to be a good compromise to properly
model the desired P-QRS-T waves and avoid overfitting (i.e.,
capturing undesired oscillations due to noise and artifacts).
The approach we suggest is summarized in Figure 2. At
first, the regular trend filtering algorithm is used to remove the
baseline wander and any low-frequency perturbations from the
noisy signal y. Then, we perform the iterations of the trend
filtering optimization, but with time-varying parameters (see
the later part detailing the implementation of the optimization
solver). In the following, we denote this method as AdapTrend,
for adaptive trend filtering. In practice, both stages can be
solved numerically using the well-known ADMM algorithm;
as detailed later on, this algorithm depends on the choice
of a (possibly varying) parameter p[n]. During this stage,
we are interested in performing several iterations of adaptive
trend filtering, which will allow us to estimate the fiducial
points’ locations based on these iterations. At each iteration,
the position of the local maxima of the current estimate
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of r are recorded. Based on these local maxima and the
residual obtained after all the ADMM iterations, we first
derive the position of the QRS complexes. Then, based on
this information and the reminaing local maxima found, we
derive the position of the P and T waves extrema. Though
the theoretical study of this estimator is beyond the scope of
this contribution, we can advance some intuitive explanation in
defense of AdapTrend. First, we observe that QRS complexes
are narrow peaks, which have little influence on the term
lly — x||3 appearing in (3). Thus, this part of the ECG signal
can be easily detected in the residual y — § — xt**7d(}\) in
the last step of the algorithm. Furthermore, making the trend
filtering parameter vary has a direct influence on the number
of knots appearing in the solution. More specifically, as the
parameter p, defined later on in the implementation, decreases,
the number of intervals in which the solution is piecewise
polynomial increases. Thus, by choosing large values for both
A and p, as detailed later, we can obtain a baseline which does
not take into account the ECG pulses. However, making p vary
and decrease (as already mentioned, for example, in [43]) with
the ADMM iterations allows us to detect the waves of the
ECG pulses recursively, based on the QRS location. Indeed,
since the obtained solution is piecewise polynomial, the local
extrema of the pulse’s waves can be extracted from the zeroes
of the numerical differentation of the obtained solution for
each p[n].

To illustrate this intuitive explanation, we present the results
obtained step by step on an artificial signal generated by
means of the ECGSYN model [44], [45]. Figure 3 shows the
original signal and the baseline obtained after the first trend
filtering step. Note that up to a constant (basically, the signal’s
average), the baseline obtained is close to a sine wave, which is
consistent with the simulated baseline (a slowly varying sine)
in the ECGSYN model.

At each iteration of the algorithm, we record the local
maxima obtained on Xt**?d()). The results are displayed in
Figure 4. Indeed, since trend filtering tends to minimize the
£o-norm, it will tend at first to retrieve the peaks providing the
largest contribution in this sense. In the case of the specific
simulated signal at hand, since the T-waves have both a large
support and a relatively high amplitude, the reconstruction will
start with them. QRS complexes will follow, and eventually the
contribution of the P-waves will be acknowledged, as shown
in Fig. 5. Finally, the residual at the end of the process (100
iterations in our case) is an excellent signal to locate the QRS
complexes, as shown in Fig. 6.

We now summarize AdapTrend in a more formal manner.
We denote by m;[n| the sample path of the local maxima
locations at iteration ¢ (that is m;[n] = 1 if a local maxima is
present at the sampling time n, and 0 otherwise), and £,,,;, <
lmaz are two integers. We also define the history of the local
maxima as

Zl mi[n], )
i=Lmin

In the previous sum, the parameters /., is introduced to
acknowledge that trend filtering might estimate the additive
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filtering with the given p[n]. From iteration 70 and beyond, the peaks of
the P, QRS and T waves are well located.

noise for small values of p[n], and ¢,,;,, accounts for the “burn-
in” of the preliminary iterations, as explained later on.

The delineation procedure starts with the localization of
the QRS complexes. They are selected based on a threshold
applied on the residual y — § — xt**nd()\). More specifically,
all the local extrema above thrice the average of the values
of y — & — xtrend()\) are selected as QRS complexes. We
denote the sampling points selected as the maxima of the QRS
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complexes by {qi,...,qn}. We then define the k-th anchor
point in the local maxima’s history m[n] as

ap =argmin|j —qx|, 1<k<M
F€Cm
where C,,, is the set of the local maxima present in m[n]. Then,
the T and P waves extrema are estimated based on the history
of the trajectories and the QRS locations. The k-th T-wave
and k-th P-wave extrema, denoted by ¢; and py, respectively,
are estimated as

tr, = qr + offp + arg min |7 — akl
JE€Cm, ap+offr<j<akti
pr = qi — offp + arg min |7 — akl-

JE€Cm, ar_1<j<ar—offp

The additional offsets offt and offp are introduced in the
latter to take into account physiological constraints and ensure
that the retained local extrema are not too close to one from
the other. In practice, taking a number of sampling points
equivalent to 0.2s for offp and offr provided satisfactory
results, and we used this value for all the results presented
in this paper.

The use of £, and £,,4, in (4) is of little importance
for the example presented before, since the synthetic signal
is noise-free. However, these parameters are critical to obtain
satisfactory results on real, noisy recordings. To illustrate this
point, we present in Figure 7 the obtained local maxima for a
small part of a noisy recording taken from the LUDB dataset
(further details and results on this dataset appear in the last sec-
tion of the paper). At the early stages of AdapTrend, for large
values of p[n], the algorithm does not take into account spiky
parts of the signals, since they do not contribute significantly
to the minimization of the ¢5-norm in (3). Thus, the obtained
local maxima change from one iteration to another and do
not represent ECG fiducial points. On the other hand, at the
latest stages, the algorithm tends to overfit; thus, we observe
numerous local maxima detected due to the noise. In light of
this example, we understand that it is necessary for real data to
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discard the local maxima obtained in early and late iterations
of AdapTrend in (4), to locate ECG peaks more precisely. A
good practical rule-of-thumb that gave satisfactory results in
our experiments is to keep about 60% of the iterations, in-
between the initial and the final step, for the computation of
m[n]. However, as seen in the later section, this percentage
can be higher for noise-free signals or recordings with very
high SNR.

Results on this specific signal are displayed in Figure 8. On
this specific example, it seems that trend filtering is enough
to address both the denoising and delineation problem for
ECG recordings, and this procedure is both simple and fast.
Before trying to validate the approach at a larger level, we
now discuss its practical implementation using the alternating
direction method of multipliers (ADMM).
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Fig. 8. Local maxima positions obtained at each iteration of the trend
filtering with a decreasing p[n] as described in (11), £yin = 1 and
Lmax = 100. Note that all the P, QRS and T waves are well located.

C. Practical Implementation

ADMM is a simple but powerful algorithm that is well
suited to distributed convex optimization in general, and in
particular to problems arising in applied statistics and machine
learning. ADMM solves problems by breaking them into
smaller pieces, each of which is then easier to handle. The
algorithm solves problems in the form

f(x) +9(2)
Ax+Bz=c

minimize
subject to

(&)

where x € R",z € R™,c € RP are vectors and A €
RP*™ B € RP*™ are matrices. To solve this problem we
need to replace the problem with a similar problem as follows:

f(x) +g(z) + §]|Ax + Bz — c|f3
Ax+Bz—-—c=0

minimize
subject to

(6)

This problem is clearly equivalent to the original problem (5),
since for any feasible x,z the term added to the objective is
zero. The augmented Lagrangian for problem (6) is

Ly(x,2,u) =f(x) + g(z) + u” (Ax + Bz — ¢)

+LllAx + Bz — |} %
where L,(x,z,u) is the augmented Lagrangian, and p > 0
is a user-defined parameter, possibly varying with the itera-
tions. ADMM finds the candidate points in (7) iteratively by
sequentially solving the following equations:

x(n+1)  — argmin L, (x, Z(n)a u(n))
z(nt+l)  — arg min Lp(X(n+1)7 z, u(n)) ®)
u("+1) _ u(n) + p(Ax(n+1) + Bz(n+1) — C)
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where x("), z("™) and u(™ denote the values of the minimizers
at iteration n. ADMM can be interpreted as iterating the
optimization one variable after the other in (8), until the
algorithm convergences to a local minimizer.

In the case of trend filtering, the problem in (5) can be
rewritten as

ly —xII3 + Allzll:
DFtlx —z =0,

minimize
subject to

so the iterations become (see [46] for additional details):

X(n+1) _ (I+p(Dk+1)TDk+1)71

Xy + P () —ul))
z(n+1) S)\/p(Dk'HX(n'H) +u)
u(n+1) — u(n) + Dk+1X(n+1) _ Z(71,+1)

where S, in (9) is the soft thresholding operator, defined by

a—x, a> T
Sm(a’) = 07 |a‘ S xZ;
at+xz, a<-—x.

In practice, this optimization procedure depends on two free
parameters, A and p. [47] suggested a way to estimate the
largest A parameter that will give us good convergence, as well
as the Lagrangian parameter p, for regular trend filtering. We
will use this choice for the first step of the proposed method,
since its objective is the baseline removal. More specifically,
we set A = p = A\jqz, Where the parameter A, is defined
by

Amaz = [|[(DEFD D)) =Y DI Ty (10)

For example, the baseline removal in Figure 3 was obtained
using this choice of parameters. The choice of the sequence
parameter p[n| should also be made carefully: small values of
p[n] provide a trend filtering regressor x close to the original
signal y, at the expense of its smoothness. On the contrary,
when p[n| is large, we obtain a very smooth solution, which
does not reflect the presence of sharp peaks such as QRS
complexes. Since the peaks we aim to retrieve have different
dynamics, we suggest in this paper to define p[n] as a slowly-
decreasing sequence. The results obtained in Figures 5 and 8,
for example, were obtained with 100 iterations of the ADMM
and

pln] = 10", z, =2 — —

..100. (1)

We shall later on use sequences of this type in our simulations
and applications on real-life datasets.

[1l. RESULTS

The results obtained for delination of ECG recordings, both
on synthetic and real signals, are presented in this section.

A. Simulations Overview

As shown in the algorithm description, the ECGSYN in-
troduced in [44] provides regular, almost noise-free, simu-
lated ECG signals. We illustrated in the previous section
the performances of the proposed approach on this type of

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

signals, showing the excellent location ability of our proposed
AdapTrend method on clean signals in Figure 8. However, a
simulation uniquely based on them would provide little insight
about the algorithm’s shortcomings.

Therefore, the simulations performed are described as fol-
lows. We draw 1000 simulated ECGs of N = 1000 points and
N = 5000 points, based on the ECGSYN model. For each
generated signal, noise is randomly added in some parts of
the signal, this noise being either from a real baseline wander,
from electrode motion or from EMG. The noise recordings are
taken from the MIT-BIH noise stress test database [5], [6].
For each simulated example, we investigate the algorithm’s
robustness to the different kinds of noise for the following
SNRs: 20dB, 12dB, 10dB, 6dB, 3dB, 0dB, —3dB and
—6dB. This robustness is evaluated by means of the positive
predictive value (PPV), which is evaluated separately for each
type of waves (P, QRS and T) as

PPV (M)
#{k;3Im ; |xg — T < M}

T # kI ok — @] < MY+ #{m VE; Jog — @] > MY
(12)

where # A denotes the cardinality of the set A, xj is the true
position of the k-th peak, Z,, is the estimated position of the
m-th peak and M — 1 is the maximum absolute deviation
allowed between the true and the estimated peak positions.
Based on (12), we decide that a peak was well located if
the algorithm provides a location close to a true one, up
to 10 samples. The method presented in this paper is then
compared to the results obtained for the same signals with
the ECGDeli Matlab library [48], which provides excellent
results on real signals for delineation of multichannel ECG
recordings. The parameters in AdapTrend were set up as
follows: for the iterations, the parameter A was set based on
(10). For the baseline removal part of AdapTrend, we used
a constant p = 100 in the ADMM, and ran 100 iterations.
For the peak localization step, we ran also 100 iterations of
the ADMM, while we set the parameter p[n] = 10~ 1+37/100,
Since the signals obtained with the ECGSYN model are noise-
free (besides our manual addition), we can rely on most of the
history of the local maxima, and chose for (4) ,,;, = 20 and
lmaz = 100.

B. Results on Simulations

As a visual example, we present results obtained for baseline
wander, EMG noise and electrode motion in Figures 9, 10 and
11, respectively. It can be noted that the localization of all the
relevant peaks is excellent, though we observe a predictable
decrease in performance when dealing with electrode motion
noise.

The global results for QRS complexes, P-wave and T-wave
detections obtained with different SNRs for signals of size
N = 1000 points are displayed, for both algorithms (Adap-
Trend and ECGDeli), in Figures 12, 13 and 14, respectively.
The results obtained on signals of size N = 5000 are presented
in figures 15, 16 and 17.
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Fig. 9. Example of peak localization for a simulated ECG with baseline
wander (blue) - true positions are in dashed bold colors, and estimated
locations are in plain colors. Estimated baseline is displayed in red.
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Fig. 10. Example of peak localization for a simulated ECG with EMG
noise (blue) - true positions are in dashed bold colors, and estimated
locations are in plain colors. Estimated baseline is displayed in red.

C. Results on Real Data

We present the obtained results on the Lobachevsky Univer-
sity Electrocardiography Database (LUDB), available on Phys-
ionet [39]. LUDB includes recordings with marked boundaries
and peaks of P, T waves and QRS complexes. The database
consists of 200, 10-second, 12-lead ECG signal recordings
representing different morphologies of the ECG signal, sam-
pled at 500Hz and manually annotated. The ECGs were
collected from healthy volunteers and patients suffering from
various cardiovascular diseases at the Novgorod Hospital in
2017-2018. We evaluated the performances of the proposed
approach on all the recordings, and for all channels. However,
it should be noticed that one particularity of the LUDB dataset
is that the first and last seconds of the recordings are not
manually annotated, thus the quantitative evaluation of our
algorithm cannot be performed on these parts of the signals.
Furthermore, the signal is not annotated where no peak is visu-
ally distinguishable from the baseline. For this , we performed
for both parts of AdapTrend 100 iterations of the ADMM. For
the peak localization, we set p[n] = 102+67/100 p — (... 99,
lmin = 20 and l,,4. = 80.

We present in Figures 18, 19, 20, 21 and 22, some results
obtained on different recordings, for patients with variable
heart conditions (atrial fibrillation, sinus arrhythmia, sinus
rhythm, sinus bradycardia and sinus tachycardia, respectively).
Lead iii was chosen due to its resemblance with the artificial
signals generated by the ECGSYN model in the simulation
sections; as shown in Table I, however, this lead is not
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Fig. 11.  Example of peak localization for a simulated ECG with elec-
trode motion noise (blue) - true positions are in dashed bold colors, and
estimated locations are in plain colors. Estimated baseline is displayed
in red.
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Fig. 12.  Performances in terms of PPV (10) for QRS complexes
localization on ECGSYN signals (N = 1000) with different kinds of
additive noises. Blue: AdapTrend. Red: ECGDeli

necessarily related with the most precise results. These figures
illustrate that the proposed method is relatively robust to
different heart conditions, even when some peaks (particularly
the P-waves) are hard to detect in practice. Furthermore, even
with the lack of annotations at the signals’ tails, it can be
observed visually that the proposed approach performs quite
well on the unannotated parts of the signals.

Lead P-wave peak localization = QRS localization = T-wave peak

localization
i 0.9709 0.99293 0.94303
ii 0.97445 0.99728 0.95152
iii 0.94543 0.98152 0.94286
vl 0.98862 0.98424 0.94165
v2 0.95516 0.97444 0.93489
v3 0.96165 0.98152 0.95455
v4 0.96793 0.98912 0.94909
v5 0.95878 0.98586 0.93277
v6 0.94026 0.97009 0.92611
avf 0.92832 0.98370 0.94852
avl 0.92629 0.99402 0.95581
avr 0.95529 0.98586 0.96002

TABLE |
PEAK LOCALIZATION RESULTS (PPV (60)) OBTAINED ON THE LUDB
DATASET, FOR EACH LEAD PROCESSED INDIVIDUALLY

In order to quantitatively assess the performances of the
proposed approach, we follow the methodology described in
[9] and assume that a difference greater than 120ms (60
sampling points for the LUDB dataset) between the annotation
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Fig. 13. Performances in terms of PPV (10) for P-wave localization
on ECGSYN signals (IN = 1000) with different kinds of additive noises.
Blue: AdapTrend. Red: ECGDeli
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Fig. 14. Performances in terms of PPV (10) for T-wave localization on
ECGSYN signals (IN = 1000) with different kinds of additive noises.
Blue: AdapTrend. Red: ECGDeli

and the output provided by our method is considered to be
a missed detection. This allows us to compare the obtained
results with other existing methods described in [9]. The
obtained results are summarized in Table I. We summarize,
for the sake of comparison, the results obtained by other state-
of-the-art methods, described in [9], in Table II. Note that the
comparison is only partial, since all the concurrent methods
were tested on the QT database, which contains longer and
cleaner signals than LUDB; however, the performances of the
method proposed in the paper fall within the range of the
others. Thus, AdapTrend appears to be a valid alternative for
peak localization. Furthermore, the most competitive methods
appearing in the table strongly rely on wavelet decompositions,
and thus we can expect a degradation in their performances
with shorter signals, such as those in the LUDB database.

D. Discussion

From the results obtained on the ECGSYN model, it appears
that AdapTrend outperforms ECGDeli in most of the cases
for short signals (/N = 1000 points). Indeed, regarding the
QRS detection task, AdapTrend is better than ECGDeli for all
SNRs. It is also interesting to compare these results with the
well-known Pan-Tompkins method. Though the comparison
does not rely on the same signals, it is remarkable that the
obtained results for QRS detection are always very close to the
ones obtained in [55, Table 3] for Pan-Tompkins. This seems
to indicate that the proposed algorithm is a valid alternative
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Fig. 15.  Performances in terms of PPV (10) for QRS complexes
localization on ECGSYN signals (N = 5000) with different kinds of
additive noises. Blue: AdapTrend. Red: ECGDeli
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Fig. 16. Performances in terms of PPV (10) for P-wave localization
on ECGSYN signals (IN = 5000) with different kinds of additive noises.
Blue: AdapTrend. Red: ECGDeli

to Pan-Tompkins for QRS detection, with the theoretical
advantage of relying on a single framework for full wave
delineation. Though further investigations on similar signals
should be done, this comparison alone is very encouraging.

For longer signals (N = 5000 points), performances are
more balanced, with ECGDeli performing better than the
proposed method against EMG noise, while this tendency
is reversed for electrode motion noise; for baseline wander,
both approaches perform more or less similarly. The most
interesting point to notice is that AdapTrend is very robust
to changes in NN, while ECGDeli needs lots of sampling
points to delineate the recorded signal efficiently; indeed,
ECGDeli returns significantly better results for N = 5000
than for N = 1000. In contrast, AdapTrend results are
invariant with respect to /N. This last point can be explained
by the methodology used in ECGDeli; since it relies on a
discrete wavelet decomposition to locate pulses, longer signals
yield more decomposition levels, and therefore a more precise
result. On the other hand, AdapTrend relies on the functional
regularity of the signal to reconstruct, rather than on the
signal’s length. This is a crucial advantage for the short ECG
recordings used in many practical applications (e.g., single
beat ECG-based biometric recognition [56] or beat-to-beat
sensing in implantable devices [57]).

In the case of P-wave detection, we notice that for very low
SNRs, ECGDeli outperforms the presented approach by about
10% of precision; however, both algorithms behave similarly
for a wide range of signal to noise ratios for baseline wander
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Fig. 18. Peak localization on lead i< for an AF patient. The estimated
positions appear in dotted bold lines, and the manual annotations in
plain lines.

and EMG noise, and our algorithm performs substantially
better in the case of electrode motion. For QRS detection,
AdapTrend’s performance is subtantially better than ECGDeli
for N = 1000, as already mentioned above. For N =
5000, AdapTrend still performs better for EMG noise and
similar results are obtained for baseline wander, but ECGDeli
outperforms AdapTrend for EMG noise. Finally, for T-wave
detection AdapTrend performs much better than ECGDeli in
general. Indeed, the T-wave detection yielded surprisingly poor
results for ECGDeli with N = 1000. This issue is investigated
further in the Appendix.

In summary, based on the results obtained on the simulated
data, we note that the proposed method provides very good
localization capabilities for both P and T waves, with PPV
higher than 90% for SNRs as low as 0 dB for baseline wander
and EMG noise. Not surprisingly, we note a degradation in the
precision with electrode motion, while remaining reasonable.
A similar conclusion can be reached with respect to QRS
detection: AdapTrend attains very good results for baseline
wander and EMG noise, both for shorter and longer signals.
Once more, a performance degradation is appreciated for
electrode motion, though not as much as that of ECGDeli.

Regarding the results obtained on clinical recordings, using
the LUDB dataset, the overall the results (shown in Table
I) are quite good. Indeed, one important point to emphasize
is that AdapTrend is quite robust, both with respect to the
lead used (i-iii, v1-v6, avf, avl or avr) and with respect to
the different heart conditions tested (sinus rhythm, AF, sinus
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Fig. 19. Peak localization on lead i for a sinus arrhythmia patient.

The estimated positions appear in dotted bold lines, and the manual
annotations in plain lines.
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Fig. 20.  Peak localization on lead ¢z for a sinus rhythm patient.
The estimated positions appear in dotted bold lines, and the manual
annotations in plain lines.

arrhythmia and bradychardia). When comparing the leads i,
ii and iii to the results obtained in [9], we can observe that
the peak detection results obtained with AdapTrend fall within
the range of the performances displayed by all the other state-
of-the-art algorithms, which makes it relevant with respect
to alternative methods. Furthermore, AdapTrend allows us to
remove the noise from the recording quite efficiently, as seen
for example in Figure 23, and the results on peak localization
remain quite satisfactory even for very noisy signals, as seen
from Figure 24.

IV. CONCLUSION

In this paper, we have presented AdapTrend, an algorithm
based on ¢; Trend Filtering to automatically remove additive
noise from ECG recordings and jointly perform peak local-
ization. We have showed that though simple, the proposed
method performed very well on simulations, and attained
localization rates identical to most existing methods in the field
on real data. Furthermore, the results obtained on the LUDB
dataset show that the method is quite robust to recording
conditions and heart rate variability. Future contributions will
focus on the peak limits localization and the theoretical study
of AdapTrend, to propose optimal decreasing rates for its
adaptive parameters. The robustness of AdapTrend to different
heart conditions and the resulting retention of pathological
ECG waveforms will also be part of this future work.
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Fig. 21. Peak localization on lead iz for a sinus bradycardia patient.
The estimated positions appear in dotted bold lines, and the manual TABLE II

annotations in plain lines.
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Peak localization on lead iz for a sinus tachycardia patient.

The estimated positions appear in dotted bold lines, and the manual
annotations in plain lines.
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