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Highlights

FDP-TF: A Fast Two-Pass Trend Filtering for ECG Delineation

Tom Trigano, Yann Sepulcre, Matan Masika, Asher Perez, David Luengo

e We present an improvement of the Adaptive Trend Filtering for ECG
delineation.

e The new method is over 10x faster than Adaptive Trend Filtering.

e The method can be efficiently used for long signals or real-time appli-
cations.

e Results obtained on peak localization are on par with state-of-the-art
method.
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Abstract

ECG delineation, which involves detecting key waveform features such as P,
QRS, and T waves, is essential for accurate cardiac monitoring and diagno-
sis. In a recent study, the authors introduced the Adaptive Trend Filtering
(ATF) algorithm, which effectively identifies local extrema in ECG signals
for both denoising and delineation, demonstrating strong performance com-
pared to state-of-the-art methods. However, its implementation using the
Alternating Direction Method of Multipliers (ADMM) resulted in long ex-
ecution times, limiting its practical application. This paper presents Fast
Double-Pass Trend Filtering (FDP-TF), a complete reformulation of the
original ATF algorithm that leads to a significantly faster and novel algo-
rithm. The results show that the novel FDP-TF algorithm attains a speedup
of several orders of magnitude with no loss in algorithm performance, thus
making it a compelling alternative for fast off-line processing of very long
ECG recordings, such as those encountered in the QT dataset, real-time pro-
cessing of on-line signals, and even implementation in wearable devices. The
results also show that this increase in speed is achieved without compromis-
ing the performance of the FDP-TF algorithm, which remains on par with
current state-of-the-art leading approaches.

*Corresponding author
Email address: thomast@ac.sce.ac.il (Tom Trlﬁano

©) 2017. Pubhshed by Elsevier.
This manuscript version is made available under the
CC-BY-NC-ND 4.0 license
https://creativecommons.org/licenses/by-nc-nd/4.0/


https://creativecommons.org/licenses/by-nc-nd/4.0/

Keywords:
ECG signal processing, compressive sensing, adaptive trend filtering,
delineation, QT dataset.

1. Introduction

The analysis of electrocardiographic (ECG) signals, which capture the
heart’s electrical activity, has been extensively studied, as understanding
their structure and relationship to the underlying electrical phenomena inside
the heart is crucial for accurate diagnosis [1, 2], B3], [4].

In this context, ECG delineation plays a critical role; its aim is to provide
precise algorithms working in real-time which can segment ECG recordings
and locate all the relevant peaks of the P, QRS and T waves, in order to
facilitate the diagnosis. Indeed, ECG denoising strategies and efficient peak
localization methods can improve further classification performance for diag-
nosis tasks [5]. This specific task is hindered by inter/intra-subject variability
(i.e., changes in morphology, duration and relative lags among the relevant
waves in the ECG signals), as well as the presence of different types of noises
and interferences. Regarding noise, four common disturbances can be iden-
tified in external ECG recordings: baseline wander (low-frequency activity
from sources like body movement and respiration), electrode motion (noise
caused by changes in electrode-skin impedance due to movement), muscle ar-
tifacts (i.e., electromyographic (EMG) interference from muscular electrical
activity), and powerline interference from nearby electrical equipment.

Due to the previous considerations, ECG delineation remains a very active
field of research, even though it has been studied for a long time.

1.1. Previous works

ECG delineation has been continuously investigated, particularly since
the development of digital signal processing (DSP) techniques. For example,
[6] combines denoising by means of bandpass filtering and derivative-based
QRS detection and uses zero-crossing to detect the other wave extrema. The
digital filters involved in the process are usually user-defined [7]; however, a
more modern approach described in [§] suggests to learn the finite impulse
response transform of the linear filters involved in delineation by considering
them as 1D convolutional layers of a deep neural network.

DSP-based methods have long served as the foundation for ECG delin-
eation due to their computational efficiency, interpretability, and ability to



incorporate domain-specific knowledge such as characteristic frequency bands
and temporal relationships. However, these approaches exhibit some limita-
tions: they often rely on fixed parameters that are sensitive to inter- and
intra-subject variability, and they struggle in the presence of nonstationary
noise, overlapping waves, or atypical morphologies caused by arrhythmias or
pathologies. While DSP remains an important component in many delin-
eation pipelines, especially for its low latency and physiological grounding,
it is increasingly being augmented or supplanted by data-driven or hybrid
approaches to improve accuracy. Other approaches distinct from linear fil-
tering also provide excellent performance. For example, [9] shows that the
phasor transform can lead to a fast and efficient delineation of the QRS, P
and T waves of the ECG. In [10], after appropriately filtering the ECG, the
authors exploit an optimal area property of some mobile trapezium lying on
the waveform after the (already estimated) T-peak position in order to detect
specifically the T-wave end.

More recent signal processing approaches rely on wavelets, which allow
both to remove some types of noise and to capture typical ECG morphologies
at different levels of analysis. The use of the Continuous Wavelet Transform
(CWT) to capture fiducial points sequentially (first the QRS based on the
maxima of the CWT modulus, and then the T and P waves) and their onsets
is shown in [I1] and [12]. However, CWT methods can be computationally
intensive, especially when high time-frequency resolution is required, mak-
ing real-time implementation challenging without significant optimization.
Therefore, the use of the Discrete Wavelet Transform (DWT) is often pre-
ferred for real-time applications. As shown in numerous works (e.g., [13]), the
analysis of the levels of the DWT provides insights on the fiducial points with
very good precision. Specific properties of some multiscale discrete wavelet
decompositions related to the ECG wave structure (such as zero-crossings
and extrema locations of some coefficients) are also used to successfully ex-
tract fiducial points, e.g. in [14]. In [I5], an undecimated multiscale wavelet
decomposition is applied to different segments of the ECG as a feature extrac-
tion step, in order to train hidden Markov and hidden semi-Markov models
(the last one incorporating a more appropriate state duration modelling). In
[16], based on an interpretation of fiducial points as local minima or maxima
of morphological derivative difference operators, the authors use a multiscale
morphological derivative transform, similar in its concept to a multiresolution
wavelet decomposition, of the ECG signal with good performances on QRS
complex as well as on onsets and offsets of the characteristic waves. DWT-



based methods are efficient and well-suited for real-time ECG delineation
due to their multiscale decomposition and low computational cost. However,
they have a more limited temporal resolution than their CWT counterparts
(thus making the P and T waves analysis more challenging), due do their
fixed dyadic scale structure.

The development of compressive sensing and associated methods allowed
to look at ECG delineation as a sparse reconstruction problem, where en-
forced sparsity can be used to extract features of interest from ECG record-
ings. For intra-cardiac ECG recordings, [I7] suggested a post-processed ver-
sion of the LASSO regressor with a dictionary made of Mexican hat wavelets
for peak localization, and an overlapping Group LASSO with a dictionary
of Gaussian shapes was proposed in [18]. Using the same paradigm, [19, 20]
suggested replacing the ¢;-norm by another penalty, taking into account the
refractory period to achieve better results. Indeed, sparse regression based
techniques offer a model-based approach to ECG delineation, enabling the
incorporation of prior knowledge and smoothness constraints and yielding di-
rectly interpretable results. However, their effectiveness depends heavily on
the choice of the basis functions and regularization parameters, and often re-
quire preliminary processing. Furthermore, their use for very long recordings
needs extensive memory use and is computationally intensive. Additional
methods relying on signal processing or classical machine learning are also
described in the review paper [21].

Data-driven learning strategies were also investigated for delineation. For
example, a bi-directional hidden semi-Markov model was trained on pre-
processed features such as the homomorphic envelope or the Power Spectral
Density envelope to infer the locations of the fiducial point in [22]. However,
most supervised learning approaches rely nowadays on Deep Neural Net-
works (DNNs), as they do not require complex feature engineering. In most
publications using this paradigm, ECG delineation is considered as a blind
segmentation problem, where the objective is to return peak areas instead of
fiducial points. In [23] and [24], the authors rely on encoder-decoder architec-
tures to extract sequentially the ECG pulses areas and to split the obtained
areas into peaks of interest. On the other hand, both [25] and [26] consider
ECG recordings as time series, and suggest convolutional layers for feature
extraction, followed by an LSTM network to extract the peaks onsets and
offsets sequentially. DNNs can also be used for fiducial points extraction.
For instance, [27] uses a convolutional neural network and an LSTM net-
work for feature extraction, which are afterwards used to train an ensemble
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learner to detect fiducial points of the QRS complex and T waves. Similarly,
[28] uses a ResNet architecture followed by an LSTM layer to extract waves
peaks with excellent precision. In more recent contributions involving deep
learning, [29] and [30] considered ECG delineation as a segmentation prob-
lem; this segmentation was addressed using an encoder-decoder architecture
in [29], and [31] compared four architectures based on encoder-decoder con-
volutional neural networks, investigating whether the addition of recurrent
layers and residual connections between feature maps could improve perfor-
mance. A two-stage approach involving feature extraction using stacked con-
volutional layers and a recurrent BiLSTM architecture was also proposed for
single lead ECG delineation in [32], and was extended to 12-lead recordings
in [33]. More recently, recurrent layers have been replaced by transform-
ers (e.g., in [34]) with excellent delineation results, and variational encoders
have been suggested to take into account the inherent morphological vari-
ability of ECG recordings [35]. DNN based approaches have shown strong
performance in ECG delineation, often outperforming traditional methods.
However, DNNs require large, well-annotated datasets to generalize reliably,
and their black-box nature poses challenges for clinical interpretability and
regulatory acceptance. They are also computationally intensive, making real-
time deployment and energy-efficient implementation difficult, particularly in
embedded or wearable systems.

1.2. Proposed approach

In a recent publication [36], we proposed the Adaptive Trend Filtering
(ATF) as an alternative for ECG denoising and peaks localization. This
approach includes two stages: the first step removes the baseline using the
Trend Filtering (see [37]), and is solved numerically by means of the Alter-
nating Direction Method of Multipliers (ADMM), described, e.g., in [38];
the second step iterates the ADMM with varying regularization parameters,
saves the local extrema at each iteration, and estimates the position of the
P, QRS and T waves extrema (we refer to [36] for a detailed description
of ATF). Though showing results comparable to state-of-the-art methods,
the main shortcoming of the ATF is its speed of execution. Indeed, the
ADMM implementation for Trend Filtering requires numerous matrix-vector
multiplications, and storing large matrices in memory to obtain results in
a reasonable time. In particular, this last point prevents the use of ATF
on long ECG recordings: even though the signal could be split into smaller
parts before processing, the resulting execution time would be too long for a



real-life application. Numerous methods (e.g., see [39]) have been suggested
to accelerate the convergence of Trend Filtering; nevertheless, the proposed
methods focus more on the convergence acceleration rather than the execu-
tion time, and therefore still include numerous matrix operations, which are
extremely time-consuming for large recordings. In this paper, we present a
Fast Double-Pass Trend Filtering (FDP-TF) method, involving a complete
reformulation of the original ATF algorithm that leads to a significantly faster
and novel algorithm. The proposed FDP-TF is conceived as a fast algorithm,
relevent for real-time processing of long recordings, without any training in-
volved and satisfactory precision. In constrast to DSP, regression and wavelet
based techniques, it does not rely on any user-defined basic shapes, but rather
on the signals’ inner regularity properties. It significantly improves ATF in
terms of speed, and compares well with other state-of-the-art approaches, as
seen in the summary Table |1 and the obtained results.

Method (reference) User- Requires Data- ~ Suited  Suitable Pre/Post-
defined Train-  driven  for for long processing
parameters ing real- signals  in-

time volved

[6] Many No No Yes Yes Yes

[31] Few Yes No Yes Yes No

[1T] Many No No No No No

[12] Many No No No No No

[13] Many No No Yes Yes No

[17],[18 Many No No No No Yes

[20] Many No No No No Yes

[22] Few Yes Yes No Yes Yes

[23] to [35] Few Yes Yes Yes Yes Yes

[36] Few No Yes No No Yes

Ours Few No Yes Yes Yes Yes

Table 1: Summary of the advantages and shortcomings of existing methods

The main contributions of this paper are detailed below:

1. We show that a reformulation of the ordinary Trend Filtering allows
us to obtain an algorithm which does not require storing any matrix in
memory besides the ECG recording. In contrast to the previous version
of ATF, where large matrices had to be stored in memory and loaded
at each iteration, this reformulation allows the processing of very long
recordings.



2. This reformulation also allows us to solve the optimization problems
involved in ATF by means of a fast proximal gradient approach [40],
instead of ADMM. In this paper, we provide additional insight to op-
timally set the gradient step and to perform the proximal gradient
iterations efficiently, resulting in a significant gain in speed. The local-
ization of the peak extrema also relies on a faster criterion allowed by
the previous reformulation.

3. We demonstrate that FDP-TF outperforms ATF in terms of execution
time by one order of magnitude, using ECG recordings simulated using
the ECGSYN models. Furthermore, this is achieved without compro-
mising the resulting accuracy, as shown in the results obtained on the
QT dataset from PhysioBank [41]. We also show that the GPU im-
plementation of FDP-TF allows us to attain results in quasi real-time,
thus paving the way for the implementation of the proposed approach
in wearable devices in the future.

In summary, FDP-TF addresses the problem of accurately finding the
peaks of the relevant waves in the ECG in real-time without the large compu-
tational cost and memory storage required by deep learning based methods.

The rest of this paper is organized as follows. Section II reviews the ATF
algorithm. Section III details our reformulation and describes the FDP-TF
approach in depth. Section IV reports simulation results, compares FDP-
TF to state-of-the-art methods in peak detection, and provides an execution
time analysis. Section V concludes the paper, discussing potential further
development.

2. Overview of Adaptive Trend Filtering

2.1. Model Description

Throughout this paper, we investigate the recorded ECG signals y[n]
using the following model:

y[n] = sin| +r[n]+en], n=1...N.

In Equation (?7?), s[n] denotes a slowly time-varying signal representing the
baseline of the ECG recording and the respiration noise, r[n] denotes a more-
rapidly varying signal representing the ECG pulses that we wish to retrieve,
and ¢[n] is an additional noise term including all the perturbations with



higher frequencies (e.g., EMG noise, electrode motion artifacts, and Gaussian
noise). Obviously, this model can be vectorized as

y=s+r+e

where the vectors y, s, r, and € 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 (77), the
general objective of any delineation algorithm is to extract 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 peak
finding task: locating the local maxima of the P, QRS, and T waves in the
obtained noisy recordings.

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 [17, 19]. How-
ever, these approaches strongly rely on the fact that the dictionary is pre-
cisely defined, which can be challenging in most biomedical applications. In
the following we describe the proposed alternative, which is based on Trend
Filtering, and does not require the definition of any dictionary.

2.2. Adaptive Trend Filtering Overview

Adaptive Trend Filtering (ATF) was proposed by the authors in [36] as an
unsupervised method for denoising and automatic localization of the peaks
of the P, QRS and T waves. A graphical summary of ATF can be found in

Figure [I]

Pand T Estimated
extrema P,QRS, T
extraction extrema

Figure 1: Graphical description of the ATF algorithm



ATF includes two steps. The first step removes the baseline from the ECG
recording using a regular trend filtering (e.g., see [42] and [37]), returning a
denoised signal y4[n]. The second step consists in an adaptive version of trend
filtering (performed on y4[n|), which is solved using ADMM with a slowly
decaying regularization parameter p,, and returns a smooth reconstruction
yrr|n]. At each iteration, local extrema are saved. The QRS complexes are
located based on the residual error y4(n| — yrp[n], and are used altogether
with the local extrema history to find the maxima of the P and T waves.
Since trend filtering is central to both steps, we briefly define it below.

Given a user-specified order k > 0 and sparsity parameter A, the trend
filtering estimate is defined as

1
itrend(A) = arg min {§Hy - X||§ + )\HDk—HX”l} )

where D¥*! € RV*¥ is the discrete difference operator of order k + 1, which
can be recursively defined as

-1 1 0 0

0o -1 1 0
D—

0 o ... =1 1

and D¥*! = DD* for k > 1. As shown in [37], the penalty term ||D¥x||;
introduced in (??) enforces the solution %t**"4()\) to exhibit a piecewise poly-
nomial behavior, where the number of knots between the different pieces de-
creases as A increases. Thus, trend filtering can be seen 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.

2.3. Numerical Implementation of ATF Using ADMM

The trend filtering steps in ATF are numerically computed via ADMM.
Given the trend filtering formulation in (?7), the optimization problem be-
comes

1
minimize {§||y —x||5 + >\Hz||1}

subject to D*'x —z = 0,



and the associated ADMM iterations are (see e.g. [38]):
X" = (14 p, (D1 TDF 1)1
<y + DT (0 )

2D = 8, (DFHXHD) | g™)

u(n-‘rl) _ u(n) + Dk-l—lx(n—i-l) . Z(n+1)
where S, in (?7) is the soft thresholding operator, defined by

A ) .
Sa = - - |: o — Gy i :|
() 2 (x| = a)-sign(x) = [max{fas| - . O}sign(z)] _
Although straightforward, this formulation involves numerous time-consuming
operations. More specifically:

e Steps (??) and (??) include a matrix-vector multiplication. Though
less time-consuming than ADMM’s first step, storing the matrix D*+!
in memory can be very challenging for long ECG recordings such as
the ones present in the QT dataset.

e More problematically, step (??7) of ADMM involves matrix-matrix mul-
tiplications and a matrix inversion. Though the inverse matrices (I +
pn(DFFH)TDA1) =L can be precomputed and stored, these computations
and loadings at each iteration are extremely time-consuming, and re-
quire a large amount of memory. Furthermore, since ATF employs a
slowly decaying regularization parameter p,, at each iteration, the num-
ber of stored matrices is equal to the number of iterations, involving
considerable computational and memory requirements.

These considerations motivate the need for faster or more memory-efficient
methods when dealing with lengthy ECG signals.

3. Fast Double-Pass Trend Filtering (FDP-TF): Accelerated Ver-
sion of ATF for ECG Peak Detection

As previously described, the practical implementation of ATF includes
a computational bottleneck, which prevents its use for real-life applications.
Since the final steps in ATF have linear complexity, it is therefore essential
to make the steps relying on Trend Filtering more efficient. In this section,
we introduce the Fast Double-Pass Trend Filtering (FDP-TF) algorithm,
specifically designed to address this issue.
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3.1. Trend Filtering Reparametrization and Acceleration

Following [43], we note that after a reformulation, solving (?7) is equiv-
alent to solving the following problem:

ﬁtrend(}\) — B’H_lé()\),
6(\) = argming {5]ly — B**60[3 + A6]1, }

where B is the lower triangular matrix whose lower entries are equal to 1.
Indeed, (??) can be solved in place of the regular trend filtering formulation,
since B~ = D. In this form, the problem becomes the minimization of
the well-known Least Absolute Shrinkage and Selection Operator (LASSO)
introduced in [44].

The reformulation introduced in (??) offers numerous advantages. First,
it can be solved more efficiently using proximal gradient methods [40], since
the proximal operator has a closed form in this case; it also means that much
faster rates of convergence can be attained, for example using the FISTA
approach [45]. More importantly, we note that for any vector

T.
X:[I'l, Lo, - xN:I )

n T
Ty, $1+x2, Tty E $k]

Bx =

and

n n T
B'x = [Z“’ZI’“ e ,xn] .
k=1 k=2

Therefore, in practice all the matrix-vector multiplications involved in the
gradient computation can be done using accumulations, without any matrix
storage and computations involved.

Solving the optimization problem described in (??) is done by iteratively
applying the proximal operator on an initial 8 until convergence [45]). This
process relies on iterations of a soft-thresholding gradient. In the case of
LASSO, we compute until convergence, at each iteration m,

00 = Sy, (00 4 (BE) (y — BH0))

11



where S, is the soft-thresholding operator introduced in (?7?), A is the spar-
sity parameter used in the LASSO, and pu,, is a gradient step. As mentioned
before, the matrix-vector multiplication in (?7?) can be performed in that spe-
cific case with a linear complexity O(N) by the following simple observation:
the vector B*10™ is computed in (k4 1) N time (since left multiplying by
B costs N computations); left multiplying y — B¥t10™ by (B¥1)T costs an
additional (k + 1) N time, so the term (B*)7(y — B¥10™)) in (??) costs
an overall 2(k + 1) N computation steps, and hence is O(N).

The gradient step p,, must be carefully chosen to ensure fast convergence.
It is well known (e.g., see [46]) that the maximal step allowed in the proximal
gradient method is

i = Sp<<Bk+1)TBk+l> _1’

where Sp(-) denotes the largest eigenvalue of a matrix. As seen in [45], i, is
the inverse of the Lipschitz constant of the gradient of 3|y —B**'6]|3. Since
(Bk+1)TB#*1 is large, in practice we cannot use any decomposition technique
to compute the gradient step. However, it can be approximated using power
iterations. More precisely, if by denotes a random, non-zero vector with the
same size as 0, a good approximation of an eigenvector associated with the
largest eigenvalue of (B*™1)TB**! can be computed by

(Bk+1)TBk+1bn
by = k1) T RAFL :
[(BEH1) TBE b, 2

Since BTB is a Gram matrix, convergence of the power iterations in (??) to
its largest eigenvector is guaranteed. Furthermore, the computation in (?7?)
can be performed following the same approach as before.

3.2. Description of Fast Double-Pass Trend Filtering for ECG Peak Local-
1zation

In light of the previously described reformulation, we suggest to update
ATF to FDP-TF as described in Figure [2| Besides its acceleration, the first
step (applying trend filtering to remove the baseline) remains unchanged.
Obviously, the original AdapTrend could be used on Bk+1é()\2). However, we
suggest here an alternative and more efficient approach. In contrast to ATF,
in FDP-TF we can also use the fact that 8 alone can be used to localize the
peaks. Indeed, if we set k = 01in (?7), the LASSO parametrization provides a
sparse representation of the derivative; this allows us to locate local extrema

12



Pand T Estimated

extrema P.QRS,T

extrema history extraction extrema
in BE1(\y)

Denoised signal

Fast Trend yaln] =
Filtering for | y[n]—B*10(\,)
val

Fast Trend
Filtering with
parameter Ay

Residual signal QRS
yaln] — BFT1O(\,) localization

Figure 2: Graphical description of FDP-TF

by finding the sign changes in the pattern of 0()\2) (by sign change at point
i we mean that 6, 19”1 < 0 does hold for § = 0()\2))

Figure [3[shows a part of a signal taken from of the QT dataset [47], with
the obtained @(\;) for 30,000 iterations of the aforementioned accelerated
trend filtering. A comparison between the signal and the numerical zeros of
6();) (red dotted points shown directly on the signal for a better comparison)
illustrates that the peak localization could be performed directly from the
LASSO solution.

0.8
0.6 *
0.4 7

0.2 *

Voltage (arbitrary units)

-0.2 *

0.4 I I I I I
0 200 400 600 800 1000 1200 1400 1600 1800 2000

Time (samples)

Figure 3: Signal from the QT dataset (blue curve) and obtained @(\y) after 30000 iter-

ations of the proposed approach (red curve). The zeros’ locations of é()\g) are reported
with red dots on the signal.

Similarly to the AdapTrend approach, the number of iterations in the
second pass plays an important role. Indeed, at early stages, only the most
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significant sign changes between coefficients of @(\;) (occurring at the QRS
complexes) are detected, since LASSO tends to provide a sparse solution.
However, as the iterations of (??) continue, further sign changes are detected
at the P and T waves peaks locations, while for a large number of iterations
the sign changes related to the noise may also be detected. This behavior is
further illustrated in Figure[d which displays the position of the sign changes
as a function of the number of iterations for 2000 sampling points of a signal
from the QT dataset. As Figure [ clearly illustrates, the history of sign
changes in 9()\2) can be used instead of the history of local maxima used

in [36].

ime

T

0.5 1 1.5 2 2.5 3
Iterations %104

Figure 4: Map of the detected zeros - The biggest changes in the derivative are related
to the QRS, and therefore are detected at early stages. T wave and P wave peaks are
detected at a later stage

Furthermore, when comparing the averages of the active zero-crossings
over the iterations with the signal as in Figure [§] we can observe that the
highest values of these averages are well aligned with the peak locations.
These considerations show that the peaks localization can indeed rely on the
sign changes of @()\,) rather than the extrema of BF10(),).

4. Results and Discussion

This section presents the results obtained using FDP-TF for peak local-
ization. We investigated FDP-TF from two different points of view: the gain
of speed brought by the proposed acceleration on the Trend Filtering part,
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Figure 5: Part of a signal from the QT dataset (red dotted curve) and average of the zero
locations recorded at each iteration of the proposed method (overall 20000).

and the peak localization precision on the QT dataset [47]. This dataset
includes ECG data for 105 patients recorded at a sampling rate of 250 Hz
over a duration of 15 minutes for each recording.

4.1. Simulations Results

Since we showed that the main bottleneck in the AdapTrend method is
the implementation of the Trend Filtering using ADMM, we focused on this
specific part in the presented simulations. We investigated the computation
times of both versions (regular and accelerated) for signals of varying sizes,
ranging from N = 100 samples to N = 10% samples. For all sizes considered,
we generated 100 synthetic ECG signals based on the well-known ECGSYN
model [4§]. We apply on each signal 10000 iterations of both versions of the
Trend Filtering, and recorded both execution times. The experiments were
carried out on a desktop computer with an Intel(R) Core(TM) i9-10980XE
CPU and 32.0 GB of RAM. In contrast to the applications on the QT dataset,
we did not use GPUs due to their RAM limitations, as we wanted to have a
speed comparison as complete as possible.

Results of the speed evaluation are displayed in Figure [6]

Note that execution times could not be computed using the regular method
for N > 50000 sampling points, due to the lack of RAM on the computer
used. In contrast, the fast version of Trend Filtering did not store anything
in memory besides the signal itself, and therefore could be used for all the
cases. For the numerical estimation of the complexity, we show in this graph
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Figure 6: Average computation times (CT, in seconds) of regular Trend Filtering and its
accelerated version as a function of the size of y.

both the N and N? lines, and perform a linear regression (in the log-log
scale) using the execution times obtained. The slope and intercept of both
regression lines appear also in the figure’s legend.

Based on the experiments, it can be clearly observed that the proposed
acceleration of Trend Filtering outperforms by far the standard implemen-
tation. As shown both theoretically and numerically, the complexity went
down from polynomial to linear, which results in a significant gain of speed.
Moreover, the fact that we do not need to store any large matrix in memory
in the fast implementation allows us to process larger signals, even in cases
where the regular implementation fails. Consequently, the simulations show
that FDP-TF can be made suitable for the processing of large signals in de-
vices with memory limitations, thus opening the way for a future real-time
implementation in wearable devices.

4.2. Evaluation on the QT Dataset

Since we can store at each iteration the history of the obtained zero-
crossings, we investigated the following possible strategies to locate the peaks
of the P-QRS-T waves:

e Strategy 1: Compute zero-crossings of é()\) only after the final iter-
ation.
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e Strategy 2: The zero-crossings of 0 (\) are stored in memory as itera-
tions of the proximal gradient are performed, and are averaged. More
precisely, in this case any given point k receives a score equal to the
average number of sign changes of @ = 6()\;) (see Section which
have occurred so far at k. It is expected that points materializing waves
endpoints typically score higher.

For both of the aforementioned strategies, the hyperparameters of the algo-
rithms were set up as shown in Table 2]

Parameter First pass Second pass

A 0.001 0.00001

Number of iterations 500 tested from 5000 to 100000

k 0 0

history step N/A 5% of the total number of iterations

Table 2: Hyperparameters of FDP-TF for the first pass (baseline removal) and the second
pass (peak localization).

In order to quantitatively assess the performances of the proposed ap-
proach, we follow the methodology described in [21I] and consider that a
difference greater than 120 ms (30 sampling points for the QT dataset) be-
tween the annotation and the output provided by our method is a missed
detection. This allows us to compare the obtained results with other existing
methods described in [21I]. Results are always displayed for the first channel
of the ECG recordings.

On the one hand, Figure [7| provides a qualitative example of the perfor-
mance of FDP-TF on part of a typical ECG recording from the QT dataset,
where the baseline wander can be clearly appreciated. The precise localiza-
tion of the peaks of the P, R and T waves can be observed in all cases. On
the other hand, the quantitative performance of FDP-TF can be appreciated
in Figure [§ and Figure [9] which represent the precision of the peak localiza-
tion as a function of the number of iterations for strategy 1 and strategy 2,
respectively.
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Figure 7: Result obtained with 30000 iterations on part of a QT dataset signal (strategy
1). QRS locations are displayed in red, P extrema in magenta and T extrema in cyan.
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Figure 8: Precision of peak extrema localization for strategy 1. Precision values compa-
rable to state-of-the-art methods are obtained from 40000 iterations.
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Figure 9: Precision of peak extrema localization for strategy 2.
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For the sake of comparison, the results attained by FDP-TF on the QT
dataset are summarized in Table [3] for both 60000 and 100000 iterations
(strategy 1) and 100000 iterations (strategy 2).

Method P-wave peak QRS T-wave peak
localization localization localization
FDP-TF

Strategy 1 (60000) 0.974 0.994 0.968
Strategy 1 (100000) 0.983 0.996 0.977
Strategy 2 (100000) 0.969 0.996 0.974
Laguna [6] 0.973 0.999 0.956
Martinez [13] 0.995 0.997 0.975
Singh [49] 0.960 N/A 0.91
Di Marco [14] 0.979 1 0.973
Sun [16] 0.998 1 0.967
Martinez [9] 0.978 1 0.978
Vazquez [10] 0.998 1 0.968
Vitek [11] 0.993 1 0.92
Hughes [15] 0.960 0.995 0.953
Han [27] N/A 0.999 0.986
Peimankar [25] N/A 0.997 0.977
Liu 28] 0.998 1 0.996
Li [34] 0.991 0.985 0.985

Table 3: Peak localization results attained by some state-of-the-art methods (results taken
from Table 4 in [2I] and Table 1 in [27]). Results for FDP-TF are presented for strategy
1 with 60000 and 100000 iterations and strategy 2 with 100000 iterations.

In this table, we also summarize the results obtained by other state-
of-the-art methods described in [21], as well as several deep learning based
methods. Comparing the performance of FDP-TF with other state-of-the-art
methods, it can be seen that FDP-TF achieves a competitive performance for
the location of all peaks. Although there are discrepancies in the computation
of the performance metrics, available results from recent deep learning based
methods [31), B2 27, 28, 25, 34] confirm that FDP-TF attains competitive
results: up to 98.3% in P peak detection for FDP-TF vs. 97.9 — 99.14% for
deep learning approaches; 99.6% in R peak (i.e., QRS complex) detection for
FDP-TF vs. 98.48—99.9% for deep learning approaches; and 97.7% for the T
wave vs. 98.46—99.6% for deep learning approaches. Moreover, let us remark
that this good performance was achieved without the costly training process
and the large computational storage required by deep learning methods.
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Compared to classical methods which do not rely on deep learning, FDP-
TF offers a more balanced and consistently high localization performance
across all ECG peaks, as derived from Figure[8] While [14} [16, 9, [10] achieve
perfect QRS localization (1.000) and strong results for P and T waves, FDP-
TF trained using Strategy 1 with 100,000 iterations provides comparable
QRS accuracy (0.996), while surpassing or matching T-wave localization in
most cases. It also achieves higher P-wave accuracy than [14] and [15], which
is crucial given the P wave’s lower amplitude and more complex variability.

4.8. Discussion

4.3.1. Results analysis

With respect to the results, it can be noted that both strategies achieve
excellent precision in locating the R wave (> 99%), but strategy 1 can achieve
better precision in locating the P and T waves than strategy 2, provided
that the appropriate number of iterations is used. As shown in Figure [ by
stopping the algorithm too early (i.e., by using too few iterations) we miss
relevant extrema. However, stopping it too late (i.e., by using too many
iterations) is also an issue, since it leads to overfitting and thus some of the
selected zero-crossings are related to noise and not to the actual peaks. A
visual illustration of this fact is given is Figure

It can be seen that when the number of iterations increases, the ob-
tained regressor also focuses on the sign changes brought by the noise, which
leads to an increased number of false detections. We found out empirically
that a satisfactory peak localization with a reasonable false alarm rate could
be attained for an intermediate number of iterations (30000-70000), with a
precision comparable to state-of-the-art approaches achieved for 60000 itera-
tions. For this number of iterations, a 15-minute long signal was processed in
about 3 minutes using a GeForce RTX 2080Ti GPU. This opens the way for
a practical, real-time implementation on GPU servers connected to wearable
devices, for example.

On the other hand, when relying on the history (as done by strategy 2),
Figure [J] shows that it is important to perform a large number of iterations
to obtain results comparable to the state of the art. The slow increase of
the curve seems to indicate that an even larger number of iterations could
help attain better results than for strategy 1. However, this comes at the
price of a longer execution time, which makes the proposed approach less
attractive for real-time applications. The computation of the average of
the iterations, nevertheless, remains a topic to be thoroughly investigated
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Figure 10: Part of one QT dataset recording and extracted candidate points for 5000
iterations (upper figure) and 100000 iterations (lower figure) of FDP-TF, using strategy
1.

further on. Indeed, not all the iterations have the same weight, as can be
easily seen from Figure [4} some extrema are detected at very early stages
of the iterations, but P waves are usually detected at a much later stage,
similarly to the previous algorithm described in [36]. Moreover, at late stages,
the estimation of the derivative provided by the second trend filtering pass
becomes less sparse, and tends to estimate the changes brought by the noise
as well. This means that even with a precision increase, the number of false
positive detections can increase as well. Therefore, we infer that strategy 2
could be improved by performing a weighted average, giving more weights to
the most relevant iterations of FDP-TF, which would allow us to locate peaks
efficiently, but also onsets and offsets where the derivatives exhibit significant
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changes. These last points are out of the scope of the present contribution,
which focuses on peak locations and algorithmic acceleration, and should be
investigated in further contributions.

Another advantage of the proposed method is that FDP-TF maintains a
balanced performance across all peaks, while most of the non-deep learning
based methods usually favor QRS localization and provide lower performance
at the T wave (in that matter, our method is second to best with [9]). Note
also that the proposed approach depends on less hyperparameters than the
ones relying on multiscale analysis [14, [16, [15] or digital signal processing
approaches [10, 9]: indeed, these methods need numerous hand-tailored pa-
rameters such as depth and mother wavelet or basic structuring elements,
decision rules to infer the peaks limits and extrema, etc. Thus FDP-TF pro-
vides a scalable and interpretable framework, achieving localization accuracy
on par with state-of-the-art methods, with lower computational burden and
offering more flexibility than the other approaches.

Finally, regarding the hyperparameters, we note that the choice of Ay (es-
pecially) might be challenging. Indeed, some P waves might go undetected
for too high values of Ay; on the other hand, smaller values of Ay yield an
estimator which might be more sensitive to noise and small perturbations.
Besides the previous remark, note also that there is a strong interconnection
between A (the sparsity parameter used) and the required number of itera-
tions. Figure[d]seems to show that the local extrema of the waves are spotted
very early. This seems to be corroborated by Figure [J] where averaging the
history allows us to rely on much fewer iterations.

4.3.2. Interference influence

Since FDP-TF shares similarities with the original ATF proposed in [36],
we expect it to share as well similar properties with respect to baseline wan-
der, electrode noise motion, and EMG noise. These aspects were thoroughly
investigated in [36] for ATF. Though a full analysis on the QT dataset is
not in the scope of the present manuscript (these recordings have mostly an
excellent SNR), we can illustrate these aspects graphically on some exam-
ples. First of all, Figure [11] illustrates the results obtained with a segment
including a significant baseline wander, initially present in the recording.

The figure, when compared to the ones in [36], illustrates that the modi-
fications introduced in FDP-TF do not compromise its performance in pres-
ence of baseline wander noise. Then, ECG noises from the MIT-BIH Noise
Stress Test Database [50)], available on the Physionet website, were added to
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Figure 12: Influence of the electrode motion noise on the fiducial points candidates. Black
squares: original extrema candidates on the noise-free signal. Red dots: results after
addition of electrode motion noise.

one original recording to test other noise types. Figures (12| and [13| show the
fiducial points candidates extracted from one recording with 5000 iterations
of FDP-TF after addition of electrode noise and EMG noise, respectively.
Indeed, the examples displayed in Figures [12| and [13]| seem to illustrate that,
similarly to ATF, the additional noise adds additional peak candidates, which
makes the peak localization more difficult. For electrode noise, the number
of additional candidate points is 695, whereas for EMG noise, it increases up
to 1797. This last count shows that, similarly to ATF, EMG noise can be the
most problematic noise to tackle with FDP-TF, as the false alarm rate can
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Figure 13: Influence of the EMG noise on the fiducial points candidates. Black squares:
original extrema candidates on the noise-free signal. Red dots: results after addition of
electrode motion noise.

significantly increase. However, in both cases, candidate peaks are selected
close to the ones found for the noise-free signal. This seems to indicate that
for reasonable SNRs, the proposed approach could still provide satisfactory
results. This last point, as well as the use of preliminary denoising techniques
to attenuate the noise influence, will be investigated in future contributions.

4.3.3. Influence of the sampling frequency

As more advanced ECG devices provide recordings sampled at higher
frequencies, it is also important to investigate the role of the sampling fre-
quency in the results. To illustrate this point, we present in Figure [14] results
on a part of a QT dataset recording (sampled at 250 Hz), and the results
obtained on the same segment which underwent an interpolation of factor
4, to simulate a sampling performed at 1kHz, all the other hyperparameters
and number of iterations (10000) being equal in both cases. For both results,
we display the located points using averaging of the zero-crossings of @()\2)
over the full iterations’ history.

As aforementioned, since averaging is done on the full history of iterations,
small peaks will be likely undetected, which results on poor peak localization.
However, we note that the peaks are better located with a higher sampling
frequency. We infer that the higher the sampling frequency, the better the
results of the estimation of the derivative using Trend Filtering are, therefore
yielding better peak localization. Though a more thorough investigation is
required for validation, this result seems to show that the method could also
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Figure 14: Original (up) and oversampled (down) signal, and results obtained in peak
localization (red dots) with 10000 iterations. An increase in the frequency sampling tends
to improve performance.

be successfully applied for more recent ECG systems, and could yield better
results with fewer iterations.

5. Conclusions and Future Lines

This paper has presented Fast Double-Pass Trend Filtering , a complete
reformulation of the ATF algorithm originally developed by the authors that
has resulted in a significantly faster method for the localization of peaks in
ECG recordings. The results presented have demonstrated that the method
is one order of magnitude faster and, since no matrix storage in memory is
required, it can be used for recordings of arbitrary length and even real-time
processing using an entry-level GPU. The results in the QT dataset have

25



shown similar performance to other well-established methods, especially in
the case of the T-wave peak localization. The focus of this paper has been the
design of a fast algorithm, capable of real-time peak detection in long ECG
recordings, with a competitive performance with respect to more costly DL-
based approaches. A post-processing approach (e.g., based on zero-crossings)
could then be used to approximately detect the waves onset and offset. Its
integration within the proposed framework will be detailed in future works, in
order to have a complete and robust full wave segmentation framework. The
evaluation of FDP-TF on other standard datasets and a more comprehensive
investigation of the effect of the algorithm’s hyperparameters (especially the
sparsity parameter \) will also be considered.
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