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Synthetic Generation as Denoiser for P Mitrale Contour
Extraction from a Noisy Electrocardiogram Dataset
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Abstract

Akin to software as service, synthetic generation as denoiser addresses explain ability while detecting left atrial enlargement
(LAE) in a noisy ECG. In our approach to denoise the ECG, we have taken an unconventional look at synthetic generation. Our
objective caters to bring down cost per function by synthetic generator mimicking principles of cardiac atrial depolarization.
To this effect, our results demonstrate the effective use of Gaussian function convolution for right and left atrial depolarization
vector. Gaussian lobe inherently captures the underlying signal characteristics favoring explainable computation, which
served our objective as well. The hump tracer and spread analyzer algorithms showcase simple, effective way to extract
parameters from a noisy ECG dataset. This also opens up a portal for patient specific modeling solutions, which have gained
much traction. We demonstrate our approach by delineating P contour and detecting the P mitrale (pathology) pattern from
the PTB-XL (ECG) dataset. The low compute complexity of our approach O(K), K discrete samples, ensures real time process
amenability. Our contribution also brings out trade-offs in generalized denoising solutions such as Empirical mode
decomposition (EMD) and neural schemes as compared with tailored solutions such as synthetic generation as denoiser
(SGAD).
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1. Introduction

Synthetic generation has varied applications akin to software
as service (SaaS). Broadly, the applications range from deep
fake images, test vector generator, data augmenter, data
explorer, fusion imaging!'-* to mention a few. Our contribution
takes an unconventional look at synthetic generation, by
formulating it as, synthetic generation as a denoiser (SGAD).
We use it to denoise the raw electrocardiogram (ECG) signal
and showcase an approach to infer the obscure pathology
signature (P Mitrale) amidst static noise. ECG is a time series
recording of cardiac electrical activity and the first point of
contact in diagnosis in clinical setting.>% ECG serves as a key
tool in the diagnosis and evaluation of various cardiovascular
malfunctions. As a non-invasive and readily accessible test,
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ECG is a defacto measurement employed in assessing cardiac
health. Clinicians use ECG in diagnosing a wide spectrum of
cardiac disorders and as a monitoring tool as well.

The ECG waveform is a representation of the electrical
impulses generated during each heartbeat. The ECG provides
clues and insights into the heart’s rhythm, rate plus overall
cardiac functioning. Clinicians often use ECG to identify
irregularities such as arrhythmias, atrial fibrillation, heart
blockages and structural remodeling such as atrial
enlargement.”! Furthermore, ECG serves as a first line
assessment in routine health check-ups and pre-surgical
evaluations. Its wide spread use extends beyond hospitals to
ambulances and emergency settings, where it aids in rapid
diagnosis and immediate intervention during cardiac
emergencies.[® Automated ECG processing often calls for
pre-processing and filtering (denoising) is one of them.['%-!"]
The novelty of our contribution extends the application usage
model by serving dual purpose of denoise (no explicit
filtering) and generate. The scope is further extended by
accounting explainable computation into the solution space.
Explain ability is a space which has gained significance in
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context of Al based approaches (XAI).['l The prominence in
explainable computations is justified in applications dealing
with insight gaining, analysis of pathology influence on the
signals. Explain ability provides the clinicians with rationale
of how a model arrives at a particular diagnosis or
prediction.[¥ Besides for diagnosis and analysis solutions
there are regulatory compliance requirements set up such as
General Data Protection Regulation (GDPR), United States
Food and Drug Administration (FDA) and Ethics guidelines
for trustworthy Al (European Commission) to name a few.

Our contribution specifically has addressed denoising the
static noise influenced on the P contour of ECG without any
explicit filtering. The rationale behind P contour selection
being left atrial enlargement (LAE), a pathology reflects in the
P contour of ECG of lead II as a bimodal P wave in most cases.
ECG however may not be sufficient for a comprehensive
understanding of LAE. While ECG signals can suggest atrial
enlargement, echocardiography helps identify the underlying
causes of LAE.l'Y Common etiologies include hypertension,
valvular heart disease, or other conditions that lead to
increased atrial pressure or volume. In the current contribution,
we have attempted modelling some aspects of explainable
computation by involving a delay parameter in convolution of
the right left atrial depolarization vectors. LAE is a condition
characterized by the enlargement or dilation of the left atrium,
one of the four chambers of the heart. This cardiac adaptation
is often a response to increased pressure or volume overload,
such as in conditions like hypertension or valvular heart
disease.” LAE can have discernible effects on the
morphology of the P wave in an ECG. The P wave represents
atrial depolarization, and changes in the left atrium’s size can
alter the P wave’s characteristics.l'®) In the presence of LAE,
the P wave may exhibit prolonged duration or changes in
shape, commonly resulting in a bifid or notched appearance,
and referred in medical jargon as “P mitrale”. Denoising
challenges arise when attempting to extract a clear P contour
impacted by LAE from an ECG amidst static noise influence.
The enlarged atrium introduces additional complexity to the
signal, and distinguishing between true atrial depolarization
and noise becomes crucial for accurate interpretation, may call
for ensemble methods for confirmation.

In biomedical applications, the real ECG set composed of
raw signals is besieged with noise!'”'®l and artifacts. The high
frequency noise in ECG has varied sources such as ambient
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EM (electromagnetic) signals via cables and instrumentation
amplifiers. Power line interference and its harmonics are also
a common observation in real ECG signals. The common
artifacts observed are the low frequency tones due to
respiratory movements or motion due to the subject. Base line
drift a low frequency tone is common in ECG caused by
temperature variations and bias in acquisition equipment.
Overlap of signal and noise in case of ECG is not uncommon.

Defacto acceptance range for diagnostic ECG is 0.05 to
40 or 100 Hz."2% The low frequency cutoff is dictated by the
ST segments of ECG. Baseline wander also overlaps this
range and for heart rate variability analysis, addressing this
becomes paramount. Notch filtering is a common solution to
the power line interference (50/60 Hz). But these filters may
also contribute to noise (usually at high frequencies). The real
signal is also influenced by static noise whose spectral
components are spread out the entire range and is of random
nature. The EP study (cardiac -electrophysiology) has
environment which is dominated by various sources of
noise.?”! The EM consists of static and dynamic electric fields
usually capacitively coupled to object under consideration.

De-noising raw ECG signals poses unique challenges,
particularly when considering the influence of pathological
conditions.['¥ Pathological changes in the heart can manifest
as irregularities in the ECG signal, including abnormal
rhythms and fluctuations in amplitude. The challenges in
denoising become pronounced when attempting to extract
relevant information from ECG recordings affected by
pathologies such as arrhythmias or myocardial infarction. The
characteristic features introduced by these conditions may
overlap with noise, making it difficult to distinguish
pathological signals from undesirable artifacts. Conventional
denoising techniques face the challenge of preserving
diagnostically relevant in formation while -effectively
eliminating noise.l'* Advanced signal processing approaches,
tailored to address the specific characteristics of pathological
ECGs, are crucial for enhancing the accuracy of signal
interpretation and supporting more precise clinical diagnostics.
The integration of machine learning algorithms, capable of
learning and adapting to the intricate patterns introduced by
cardiac pathologies, represents a promising avenue for
overcoming the challenges inherent in denoising raw ECG
signals affected by various heart-related disorders. However,
these come at a high computation cost and model development
turnaround time.

Machine learning solutions in ECG denoising encounter
several challenges inherent to the complexity of physiological
signals and the variability in noise patterns. In the first place,
acquiring labeled datasets for training deep learning models
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poses a significant challenge. The need for large, diverse, and
accurately annotated datasets is crucial to ensuring the
robustness and generalization of machine learning models.
Access to such datasets, especially those encompassing
various cardiac conditions and noise sources, can be resource-
intensive plus require extensive collaboration between
medical professionals and data scientists. Additionally,
ensuring the ethical and privacy-compliant use of sensitive
patient data adds another layer of complexity to dataset
acquisition. The interpretability of machine learning models is
a critical concern in the context of ECG denoising, which is
another significant hurdle. Deep neural networks, particularly
those with intricate architectures like convolutional neural
networks (CNNs) or recurrent neural networks (RNNs), often
function as “black boxes”, making it challenging to understand
how they arrive at specific denoising decisions.
Interpretability plays a key role in medical applications where
clinicians need to trust and comprehend the underlying
reasoning of the algorithm. Addressing these challenges
requires ongoing research into developing efficient and
interpretable machine learning models, as well as establishing
robust frameworks for data sharing and collaboration within
the medical community. Added to these conditions are ethical
considerations and regulatory frameworks for accounting trust
to ensure the responsible deployment of machine learning
solutions in ECG denoising and other healthcare applications.

Literature scan reveals several approaches using time
domain, time-frequency combination (wavelet based), digital

filtering, Kalman filtering, fractional calculus, empirical mode

decomposition, and Fourier transform, to denoise ECG signals.

When selecting an appropriate ECG signal denoising
technique, essential considerations include computational
complexity, parameter selection, hardware software
partitioning if real time. Wavelet transform-based techniques
are favored for ECG denoising.?! The wavelet schemes
typically use filter bank.

Wavelet Transform: The wavelet transform has a longer
history and was developed over several decades. The concept
of wavelets was introduced in the late 1970s and early 1980s
by mathematicians Jean Morlet and Alex Grossmann.!'¥ The
continuous wavelet transform (CWT) and discrete wavelet
transform (DWT) were subsequently developed. Wavelet
based methods have been widely applied in signal processing,
including image processing, audio signal analysis, and
biomedical signal processing.[?>%*!

Empirical Mode Decomposition (EMD): EMD is a
relatively newer technique compared to wavelet transform. It
was introduced by Huang et al. in the late 1990, specifically

designed for analyzing non-linear and non-stationary
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signals.?* It decomposes a signal into intrinsic mode functions
(IMFs), allowing adaptive and data-driven analysis of the
signal’s components.'?’ EMD gained attention for its ability to
handle signals with rapidly changing characteristics and has
been applied in various fields, including biomedical signal
processing.[>>2) EMD also has percolated into real time
processing hardware solutions in ECG.” While EMD is quite
effective in denoising, it is a generic decomposition which is
domain agnostic and one has to account for convergence
conditions when it comes to building the IMFs.[282°301 The
other challenges which EMD poses are that of mode mixing.>"
Much of the literature scan provides insights in addressing
these challenges as well specifically the enhanced empirical
mode decomposition (EEMD).132281

State of art in denoising mechanisms: The state of the art
in ECG denoising solutions reflect a dynamic landscape
marked by continuous advancements in signal processing,
machine learning, and computational techniques. Multiple
variants of machine learning models provide a good treatise as
in.333¢1 Wavelet-based methods remain prominent, leveraging
multi-resolution analysis for noise reduction while preserving
Additionally,
thresholding techniques, including adaptive and data-driven

important signal features. sophisticated
approaches, contribute to improved denoising performance.
Machine learning algorithms, particularly deep learning
models like CNNsB73# and RNNs, have gained traction for
their ability to automatically learn complex patterns from ECG
data, offering adaptive and robust denoising capabilities.
Hybrid approaches that integrate wavelet transform with
machine learning strategies aim to harness the strengths of
both methodologies. Real-time applications!!'?!l such as
wearable devices for continuous monitoring, are becoming
more feasible with optimized algorithms and hardware
capabilities. The growing emphasis on explain ability and
interpretability in healthcare algorithms is influencing the
development of denoising solutions that not only provide high
accuracy but also solve the black box problem.

Gaps in denoising solutions: Most of the denoising
solutions known so far (to the best of our knowledge) are not
tailored for specific use cases, but the wavelet differs in this
aspect. It does provide a framework to design the suitable
basis functions accounting the signal characteristics. Specific
use case in the context of the current solution is to make the
solution pathology aware. In a way, pathology influences the
characteristics of the signal. By making the solution pathology
aware, the underlying causation can contribute to better
comprehension and hence explainable computation. Patient
specific models have gained much traction**4" and our
solution caters seamless portal to such schemes. primary
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Fig. 1: (a) Functional view synthetic denoiser (b) Validation scheme.

challenge in wavelet, lies in the careful selection of the
wavelet and its parameters. The effectiveness of a wavelet-
based denoising approach depends on the choice of
appropriate wavelet function. The configuration parameters
for tuning the wavelet for ECG characteristic under
consideration also add to the challenges. Different wavelets
possess distinct properties, and selecting an ill-suited one can
cause sub optimal denoising results. Additionally, determining
the optimal threshold for soft or hard thresholding, a common
step in wavelet-based denoising complicates the problem
space. The threshold needs to strike a delicate balance between
noise removal and preservation of essential signal features,
requiring a nuanced understanding of the signal’s nature.
Another challenge involves the adaptability of wavelet-based
methods to the inherent variability of ECG signals. Ensuring
that a wavelet-based denoising scheme can effectively adapt
to non-stationary property of ECG is crucial for its success.

Achieving this adaptability requires a robust choice of wavelet.

Balancing these challenges with the need for computational
efficiency, especially in real-time applications, adds an
additional layer of complexity to the implementation of
wavelet-based denoising Addressing  these
challenges understanding of both the
mathematical intricacies of wavelet transform and the specific
features of ECG signal. This calls for a multidisciplinary
approach involving signal processing expertise, clinical
insights, and computational proficiency. Traditional filtering

solutions.
necessitates
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approach is a direct approach, it separates the noise from the
signal but is prone to change the characteristics of the signal
too.*!l And in general, filtering falls in pre-processing of
signals. Our objective aimed to leverage the noise in itself,
without the need to pre-process. The rationale being low
computational burden, a heuristic route was used. To facilitate
such computations, we leveraged domain insights of ECG and
the underlying causation principles. This is one of the stark
contrasts in our approach as compared with most other
solutions. The other objective we have met to a significant
extent is that of explainable computations. Our approach was
augmenting machine learning techniques in ECG processing,
by building a synthetic model which is driven by the
parameters extracted from the ECG records. The synthetic
model is built using the atrial depolarization dynamics by a
1). Our
framework for synthetic generative model is completely

simple yet effective Gaussian function (Fig.

discrete algorithmic framework and validation aspects were
explored by use of constrained random sample generation
mechanisms.*>#! A noteworthy mention is with regards to
patient specific models*#! which has gained traction, will
find the approach, of much use when plugged in the processing
pipeline. A limitation of the current model however is a focus
only on P mitrale case. However, this can be extended as an
approach, at the cost of understanding relevant cardiac insights
and plugging it in the extensible framework. Methodology
wise, we have made use of Python framework, where we
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leveraged P contour delineation from our previous work.“]
For SGAD contribution we developed DC lift, hump tracer
and spread analyzer algorithms and the Gaussian convolution
scheme as a synthetic generator of P contour. The complete
solution space is as covered in Fig. 1. We use PTB-XL
dataset*’) annotated LAE record to extract and decipher P
Mitrale pathology.

Specifically with respect to denoising ECG, several works
have brought out architecture trade-offs to address signal
processing requirements. Notable mentions include fusion
methods, semi-supervised methods using framework approach,
combination of filter and neural processing, cycle GAN in
combination with attention mechanisms and GAN with
convolution mechanisms. In the enhanced heart sound
anomaly detection, Peipei Zeng et al* uses the framework
approach named WCOS. This is a semi-supervised framework,
which has combined wavelet, convolution autoencoder and
support vector machine to enhance detection. A notable
attribute is the ability to identify the anomaly amidst the noise,
with noise reduction network. The wavelet reconstruction
provides significant noise suppression capability, by exposing
the detail coefficient that mainly contain high frequency noise
components (Peipei Zen et al). The subsequent processing
stage uses this processed signal which is clean. One of the
limitations which the work has brought out is computational
the The study
demonstrates that WCOS significantly outperforms traditional

complexity during training process.
methods, reducing area under curve (AUC) standard deviation
by up to 54.1% compared to baseline models. The approach is
particularly useful for early congenital heart disease detection,
ensuring higher sensitivity in identifying abnormal heart
sounds. In another notable work, though the paper is non-
medical signal pattern, it brings out an interesting question
which pursues, to find out a robust pattern recognition method
in presence of noise.* The study has compared fifteen
different methods and found that Ridgelet plus fast Fourier
transform descriptor is most robust to additive Gaussian white
noise for an aircraft and Chinese character dataset. The study
also computes computational time for the different methods.
In Myocardial perfusion Single Photon Emission Computed
Tomography (SPECT (MPS)) images, Antti Sohlberg et a/l>"
have provided denoising methods to overcome the artefacts
caused by low-count statistics. They have compared several
denoising methods such as CNN, RES, UNET and cGAN. The
comparison was done in two modes, with and without DL
based denoising. Inclusive of denoising as a use case, the
medical image analysis using deep learning algorithms
Mengfang Li et al reviews several noteworthy™' publications.
It brings out real time analysis of intricate datasets along with
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other notable medical image signal challenges. Categorizing
of state-of-the art DL techniques, such as Convolutional
Neural Networks (CNNs), Recurrent Neural Networks
(RNNs), Generative Adversarial Networks (GANs), Long
Short-term Memory (LSTM) models, and hybrid models are
explored. Amar et al brings out a study on medical image
denoising using filters and neural network,*? in which they
also use a Kaggle CT scan dataset on an autoencoder as
denoising. The have observed the metrics peak signal to noise
ratio (PSNR), structural similarity index (SSIM) of two
different images. Rajesh Patil ef a/i* has done a comparative
study and analysis using wavelets and specifically on gaussian
noise influenced multimodal images (MRI). They have used
MATLAB 2020B set up to process the noise signal
coefficients and denoise the gaussian noise impacted MRI,
along with quantifying the noise variance. Quantitative
accuracy” for deep learning based denoising in oncological
PET is studied and investigated by Lu W et al. The specific
emphasis is on the challenge of noise levels due to low
injection dosage, causing low SNR. Amidst this backdrop, to
improve the diagnostic accuracy involving deep learning
method, by a U net architecture was employed.

Zhang P et al> provides a novel fusion method of
denoising ECG end to end, using (ECA-net) efficient channel
attention and cycle GAN. They introduce a new loss function
to extract global and local features. Inferring motion artefacts
and other noise in a wearable ECG acquisition mode is a
feasible way to proceed for processing as per Zhang P et al. A
novel ECG denoising* approach engaging GAN with goal of
circumventing traditional thresholding makes use of a
denoising frame work comprising of CNN architecture by
Singh P et al. They have made use of MIT-BIH database for
all qualitative and quantitative analysis and performed end to
end GAN training showcasing improved noise performance.
Holgado et a/°" brings out characterization noise in their work
on ECG with emphasis on long term ECG monitoring. They
bring out an important distinction between qualitative and
quantitative score and the notion of clinical noise which is
differentiated by noise level influence. Machine learning
techniques are showcased to categorize noise severity using a
database annotated as per clinical noise taxonomy as gold
standard. The models make use of signal quality indexes from
time, frequency, and statistical domains to distinguish valid
and invalid ECG segments. To prevent overfitting, the
methodology ensures balanced classes, patient separation, and
rotation in the test set. As per Holgado et al, their proposal
showcases strong classification performance, with recall,
precision, and F1 scores using a single-layer perceptron.
Tutuko et al,*®* have come up with single lead ECG processing
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Algorithm 1: Pseudo code for MAX Update Algorithm (Hump tracer).

MAX = -10 D> initialize the MAX as the lower than available in database, the objective is to trace the positive humps

mxbufindx = [] > max buffer index: buffer to track the index of humps of P contour, used to push entries into it

Require:

1 D> Initialization

2

3:

4: pbufin = delineated psamples (PTBXL)

5 mxbuftrace=[] P> state encodes: [MAXUPDATE, CHECK]
6 state = CHECK; smpl_indx = 0 > PWIDTH: number of samples representing P contour width.
7 D> smpl_indx: index of sample in the buffer pbufin

Ensure:

7: while (smpl_indx < PWIDTH)

8: smpl = pbufin[smpl_indx]

9: state MAXUPDATE:

10: If (smpl >= MAX)

11: MAX = smpl

12: mxbufindx.push (index of smpl)

13: mxbuftrace.push(MAX)

14: state = updateState (MAX)
15: else

16: state = updateState(CHECK)
17: state CHECK:

18: If (smpl < MAX)

19: mxbufindx.push (MAX)

20: mxbuftrace.push (MAX)

21: state = updateState (CHECK)
22: else

23: state = updateState (MAXUPDATE)
24: smpl_indx++

25: endwhile

for cardiac pathology detection. The notable mentions are on
limitations in identification of suitable wavelet basis function
and threshold, a time-consuming process. The denoising
autoencoder proposed, is an end-to-end learning using
convolutional bidirectional long short term memory for
of PQRST wave
Unsupervised learning scheme is used in the autoencoder for

delineation and isoelectric lines.
addressing denoising and a noteworthy mention is of 98.59%
accuracy on average.

The organization of the paper here on starts withMethods
which depicts algorithm details in the processing pipe. Fig. 1
captures the complete solution space developed and we
describe the algorithms in sequence in relation to the figure.
We then cover results, discussions inclusive of EMD and
Neural scheme of denoising and finally the conclusion
addresses the insights gained, application avenues and

limitations.
2. P mitrale denoiser method

2.1 Dataset used and scheme overview
In this section we cover the functional components of

6 | Eng. Sci., 2025, 38, 1903

synthetic generation architecture. Fig. 1 depicts the complete
solution space developed for denoising of the P mitrale
contour from a noisy raw PTB-XL[“ dataset. The entire
framework operates in a discrete algorithmic setup. The
sample index resolution chosen is 2 ms to match the PTB-XL
record500, 500 Hz sampling frequency. We have used Python
framework version 3.11.5. PTB-XL dataset is a discrete raw
ECG record of 10 seconds length. The records are annotated
and covers broad range of diagnostic classes. Standard 12 lead
signals are present in the record at both 500 Hz resolution and
100 Hz resolution. The 500 Hz record consists of signal with
4096 samples, spawning the 10 second duration. We make use
of the PTB-XL record (01000/01447 hr) which is annotated
as LAE. The dataset is impacted by static noise (Fig. 2). For P
contour extraction (Fig. 1)we make use of our developed
algorithm library in map composition framework.*! We
briefly revisit the P contour extraction method for reference in
the current paragraph. The R peak extraction algorithm
extracts the R peaks of the ECG. Firstly, R peak identification
is accomplished and later the samples representing the R-R
interval are extracted. The entire framework is a discrete
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Algorithm 2: Spread analyzer: Tracking the hump index buffer, locating Peak1 (lobel).

Require:
: D> Initialization

: prev= trk_indxbuf [0]

O 0 3 N L A W N —

Ensure:

13: while (i < MAXINDEX)

14: current = trk_indxbuf[i]

15: spread= abs (current — prev)
16: indx_spread.push (spread)
17: indx_value.push (current)
18: if (spread >= threshold)

:1=0 D index variable to trace the index buffer

: > Max peak2 (Mitrale lobe2) resides at this location (Fig. 5)

: MAXINDEX = length (trk_indxbuf) > number of humps tracked

: indx_spread = [] I> buffer to track the distance between humps

: indx_value = [] > buffer to store values

: threshold = 5 D> programmable threshold, spread metrics

: Peaks.push(prev) > Peak2, the maximum Mitrale peak the second one, Fig. 5

19:  check lae rules (i, spread, threshold)

20:  Peaks.push(current)
21: prev= current

22: i=i+1

23: endwhile

24: Pklindex = Peaks [1]

Engineered Science Publisher
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Algorithm 3: Pseudo code: generation of Gauss atrial depolarization lobes.

Require:

: [> Initialization

: stddev = 9 [> standard deviation

: peak =0.15 [> Gauss peak (mV)

: lobe width = 40 [> width: number of samples

: lobeshift=15 [> samples by which lobe2 is shifted from lobel
: pwidth=70 [> samples representing width of P, the maximum

: params = [stddev, peak, lobe width, pwidth]
: [>width represents number of samples at 2ms step

O 0 3 N U B WD~

: [> 500 Hz sampling frequency

Ensure:

13: lobel = gengauss(params) > lobel: right atrial depol vector
14: lobel_zapnd = zero_append (lobel, right append, pwidth)

15: lobe2 = gengauss(params) [> lobel: left atrial depol vector

16: lobe2 zapnd = zero_append (lobel, right append, pwidth)

17: pwave = lobel zapnd + lobe2 zapnd

18: > pwave: composing P waves with right and left depol vectors

Algorithm 4: Pseudo code: an example of discretized EMD algorithm.

Require:

1: residue = signal

2:i=1

3: nIMFs = 10 I> IMF extraction iteration index
D> limiting the number of IMF to be extracted
4: IMF =]

5:NS=10

6: UEnlp =[] I> buffer to store extracted IMFs
D> fixed stopping condition, an example

> Upper and lower envelope buffer allocation
7: LEnlp =[]

8: parameters = [tmax, tmin, xmax, xmin|

9: D> sifting process extracted parameters [> max time, min time, max amplitude signal, min amplitude signal
10:

Ensure:

11: while (i < nIMFs)

12:  IMFJi] = residue

13: sift=1
14:  while(sift <NS)
15: parameters = extractExtrema(signal)

16: UEnlp, LEnlp= genEnvelope(params)

17: D> generate upper and lower envelopes
18: IMEFT[i] = IMF[i] — Mean (UEnlp, LEnlp)
19: sift + +

20:  endwhile

21: residue = residue — IMF[I]
22: it++

23: endwhile

8| Eng. Sci., 2025, 38, 1903
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algorithmic one, inclusive of current denoiser method. P
extraction is a back trace algorithm which works on the
samples fed from the R-R interval. From the Q fiducial point
of the QRS complex, the algorithm traces backwards until
several conditions for P onset are tested to extract the P contour.
To sum up the algorithms are the Algorithm 1, the hump tracer;
Algorithm 2, spread analyzer; Algorithm 3, the gaussian lobe
generator and the Algorithm 4 which is a discretized EMD
setup for comparison of denoise with the current scheme.

2.2 Noise invariant hump tracer algorithm

The hump tracer algorithm (Algorithm 1) traces the peaks of
the delineated P samples from the PTBXL dataset’l as a
snippet depicted in Fig. 3). The Fig. 2 is the output of hump
tracer algorithm snippet. The tracer algorithm feeds into index
spread analyzer algorithm which is the next stage of the piped
processing. The static noise influenced raw ECG signal has
appearance of humps. The objective is to track the progression
of peaks as the signal is traversed from P contour onset to end
of P contour. The P mitrale, P pulmonale in a clean P signal
will be composed of two peaks. The first peak comprising the
right atrial depolarization vector and the second peak
comprising the left atrial depolarization vector. In a non-
pathology P contour, there will be only one peak. The
algorithm refers to Peak1 and Peak?2 in this context. The hump
tracer is a simple effective tracker of the progression of peaks
encountered. In signal influenced by static noise, there are
possibilities of multiple peaks.

2.3 Index
conditional checks

spread analyzer algorithm using LAE

The spread analyzer algorithm (Algorithm 2)checks for the
distance between the peaks encountered. For the P Mitrale as
well as P pulmonale, the criteria accepted is that of separation
between the peaks to be at least 30 mS.* The spread analyzer
first builds up the spread buffer by computing the difference
between the current and previous index in theindex buffer

(named trkindxbuf). This buffer is the input to the spread
analyzer algorithm. The hump tracer output loadsthe index
buffer. The spread analyzer checks for the first encountered
spread distance and identifies the Peakl of theright atrial
depolarization vector. The left atrial enlargement rules consist
of the distance between peaks, and is extensible for other rules
as well.

2.4 Synthetic Gaussian atrial lobe generation

The P wave generation is based on explainable atrial
depolarization lobes. There are two lobes, right atrial lobe and
left atrial lobe. The lobes are modelled using simplistic Gauss
function. The left atrial depolarization is initiated by the right
atrial depolarization vector. The final P wave is a composite
and is formed by convolution of right and left lobes. This
model serves the explainable P wave generation dynamics as
depicted in (Fig. 1(a) (synthetic generative model) and results
as in Fig. 4.

(1)

. — 2
gaussian_data = gausspeak * e "B**

B = 1/(stddev)? (2)

In the Eq. (1,2), stddev represents standard deviation.[”
The Gauss peak and standard deviation are obtained from a
normal healthy P wave inference as mentioned in the Table
1.5 The model is first initialized with parameters derived
from the knowledge base,™ Table 2; also the Algorithm 3
makes use of this knowledge base. The left atrial lobe when
generated is shifted from the right atrial lobe explained by the
vector being initiated by the right depolarization vector. The
shift is impacted by various pathology as well and specifically
left atrial enlargement. The composite P wave is then obtained
as convolution of left and right lobes. The algorithm being
discrete, we make use of zero padding extension to facilitate
ease of addition to the tail end of lobe 1. The lobe 2 is also zero
padded to the start of the lobe, since lobe 2 initiated by right
lobe, accounted by the shift parameter.

Table 1: Normal P wave attributes.Reproduced from.[1%5]

Feature Value Description

P duration 100 ms From onset of P till return to baseline.

PQ segment 40 ms From end of P to the Q fiducial point

P amplitude 0.2 mV Peak of P contour

LAE P duration > 120 ms Bifid P wave lead II Peakl, Peak2 separated by at least 30 ms

Engineered Science Publisher
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Table 2: Synthetic Gaussian generative parameters.

Attributes Description

Sample index

Integer index of sample with resolution of 2 ms per step index

Gauss lobe width 40 samples
stddev Standard deviation, 9 (Eq. 1)
gausspeak 0.15 mV default
padding Zero padded samples to account for PQ segment (40 ms (1)
lobeshift Gauss lobe 2 shift from lobe 1, shift is variable from 10 samples onwards up to a max 20 samples (Fig. 4)
0201 o lobe2 shift = 10
lobe2 shift = 11
0.15 - lobe2 shift = 12
lobe2 shift = 13
lobe2 shift = 14
mV 0.10 - lobe2 shift = 15
- lobe2 shift = 16
0.05 - lobe2 shfft =17
lobe2 shift = 18
0.00 A
0 10 20 30 40 50 60 70
sample index
Ll L w
1111 L Lﬂidﬂ. merlsmdﬂmmb. !
[ il |
EFryaEENg 1

Fig. 4: (a) Explainable P mitrale model, (b) P mitrale pattern from a real ECG paper print (Adapted image, courtesy: Koley TK.

Atrial enlargement. Reproduced from.[4

2.5 Validation aspects

Entire framework being a discrete algorithm based the
validation has used random vector generation with constraints
as per the specifications for the corresponding algorithms (Fig.
1 b). The hump tracer has to identify the peaks in the input
signals and also trace the signal curve while curve has rising
trend. To validate this, we generated synthetic input vectors.

10 | Eng. Sci., 2025, 38, 1903

These synthetic input vectors are to test the algorithm. The
basic tests cover the formal signal shape requirements, with
input vectors upfront designed to have some peaks and the test
run compares the expected peaks with algorithm. The test suite
is designed to create peaks and control the lobe separation and
then use it as constraint to random sample generation. This
covers possible scenarios, in a directed test vector as well. It
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feeds the expected vectors to the checker which compares the
model output vector with it. The test suite mechanism provides
a formal mechanism to capture different scenarios for
coverage and validation. The expectation of the synthetic
denoiser solution is that it expects a P contour rightly
delineated before it is fed to its pipeline. This stems from the
P mitrale, pulmonale pathology which states that the P
duration is greater than or equal to 120 ms. The validation
stack captures the LAE rules and is flexible enough to adapt
to other requirements as well.

2.6 Comparing setup for SGAD with EMD and autoencoder

To compare the performance computation wise, separate setups
for EMD and autoencoder as denoiser were created. The EMD
was used from Python library, PYEMD. The input signal to it was
the same signal as used by SGAD, the P delineated sample from
the PTB XL. The results of EMD setup are shown in the Fig. 6.
Autoencoder was used from Tensor flow library Python and we
built the following setup to train the encoder (Fig. 7). We used the
Mitrale signal influenced with noise, to generate a clean signal
serving as a template reference to the autoencoder. The reference
was then subjected to Gaussian noise with randomization to train
the autoencoder decoder. Post training, we subjected the trained
autoencoder to predict the mitrale signal influenced with noise,
basically as a denoiser, the output of which is in the figure. We
also run the same pattern to denoise. We then measured the
computation time taken by each algorithm. For EMD and
autoencoder though, it is the time taken to filter the signal.
Whereas for SGAD, we do not explicitly filter, which is a novel
approach. For SGAD, the time taken to extract parameters and
the final gaussian fitting has been accounted and measured. Our
scheme specifically being inference amidst noise without explicit
filtering, the mean square error does not justify, as there is no
filtering per say, hence we chose the focus on computation time,

as a metric.

3. Results and discussion

The results obtained by synthetic denoiser are depicted in the Fig.
2, 4 and 5, whereas the comparison with EMD and autoencoder
as denoiser setup are in Fig. 6-8 respectively. The P mitrale (the
M shape) is a bifid appearance and two prominent peaks are
visible as can be seen in the real ECG example (Fig. 4 b P mitrale
pattern from a real ECG paper print (Adapted image, courtesy:
Koley TK. Atrial enlargement. In: Rapid Review of ECG.
Singapore: Springer; 2024, 138, Figure 11-44 which is a paper
print out of ECG lead II. These represent outcome of (Fig. 1a) the
piped processing computational elements. P contour delineated
samples are fed to the denoising scheme. The samples are static

noise influenced hence do not have smooth contours. De-noising

Engineered Science Publisher

forms part of pre-processing of ECG signals. Our scheme differs
from the traditional filtering methods, in that it is designed as
static noise aware. The static noise is random and the spectral
content of this noise encompasses a wide range. The raw signal
(Fig. 3) from the PTB-XL dataset is a 10 second record and is
annotated by cardiologist as left atrial enlargement pathology.
Our objective hence was to leverage the underlying principles
which can decipher the pathology pattern even amidst the noise.
The LAE pathology confirmation has to be quantified with other
clinical context too such as lead V1 P termination shape. Besides
an ensemble of contours, multiple factors need to be accounted
before confirmation of the enlargement. Mitrale shape is one of
the strong indicators and our solution provides a minimal
compute burden and an approach to inference through the
physical principles. The DC lift scheme rationale is a constraint
influenced by the subsequent synthetic explainable fitting model
primarily for simplifying the computations. The output of this
computation is as in Fig. 3, a mere shifting (y axis shift) of the
signal by a fixed margin decided by the most negative sample in
the P contour buffer, this pushes the entire P contour to have
positive samples. The challenge in P contour delineation amidst
static noise arises due to baseline impacted by the noise, a
possibility. To circumvent this, the delineation accounts that a
general normal PQ segment is around 40 ms.* We rely for P
delineation the Q fiducial point in the ECG lead II which is the
one which ends with most negative of the QRS complex. The
QRS identification in the map composition relies on first
identifying the R peaks, which are the most prominent in any
ECG, the R-R samples are then fed to P delineation. Whereas
traditional filtering is agnostic to the domain insights, the current
scheme is developed to be noise aware and with explain ability in
focus. The Fig. 3 is a raw ECG signal and we show the zoom of
P contour of it, which is to be decoded as P mitrale.

DC lift and hump tracer are the pre-processing stages for
the synthetic explainable gaussian fit model. We have taken a
different look at the fitting as well, by modeling the rationale
of atrial depolarization. We call this method of fitting as
explainable fitting, where we rely on the explain ability aspect,
the reasons of P morphology to decipher the meaning amidst
the static noise. The hump tracer is akin to the standard sample
and hold circuit, tracing the humps encountered in the signal
as depicted in Fig. 3(b). The spread analyzer, analyzes the
spread of the index of samples as recorded by the hump tracer
algorithm. Based on the morphology and static noise, there can
be multiple possibilities, however, the analyzer objective is to
find the LAE conditions, the Mitrale shape, which is to locate
the lobe peaks, separated by at least a margin of 30 ms. The
analyzer is a back trace algorithm which starts with peak 2 and
proceeds to locate the peak 1. There are cases where the
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Fig. 5: Gaussian explainable fitting for P Mitrale as extracted from PTB-XL.
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Fig. 6: EMD as denoiser for mitrale pattern.
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Fig. 7: Autoencoder setup as denoiser.
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Fig. 8: Autoencoder as denoiser for mitrale pattern.

12 | Eng. Sci., 2025, 38, 1903 Engineered Science Publisher


https://www.espublisher.com/

Engineered Science

Research article

maximum spread of the indices due to noise can mislead,
however it is the first spread which satisfies the condition
which is qualified to belong to peak 1. The index buffer only
tracks the peaks, so for the lows of the signal, the buffer does
not store the indices. This facilitates the spread analyzer to
compute only the required spreads. The analyzer computes the
spread for all the indices from peak 1 onwards tracing it till the
onset of the P contour. One of the advantages of explainable
fitting is that it relies on the physical principles behind the P
morphology. Thus, it is able to leverage the static noise and
there is no need to filter it out first. It analyzes the underlying
which the
out. Importantly,

pattern amidst the noise samples saves

computational burden of filtering

explainable computation, is a mandate in any automatic

interpretation healthcare solutions and thus favors our solution.

Our approach to explain ability is a direct approach, where we
model the underlying principles which gives rise to specific
morphology. We started with P morphology as a Gaussian
wave for its strong resemblance with the P contour. The other
aspect for selection of Gaussian function was that most
underlying physical signals, biomedical signals are a good
gaussian resemblance. Gaussian function also has excellent
properties which fit the atrial depolarization dynamics. The P
mitrale shape is well explained by the two gaussian vectors
shifted apart post a shift limit. Computation wise, when we
consider discrete structures, the processing calls for padding,
shifting, addition which are not just low cost but debug
friendly as well. This saves development cost of the solution.
The synthetic generative model (Fig. 1(a)), is driven by
parameters extracted from real ECG dataset and it facilitates
patient specific model development. Parameters from atrial
cellular depolarization dynamics!®'! can also be coupled to the
synthetic model which serves to extend the functionality of the
solution space.

The 2020 FEuropean society of cardiology (ESC)
Guidelines and 2023 American heart association, American
college of cardiology (AHA/ACC) for the Diagnosis and
Management of Atrial Fibrillation discussed LAE in detail but
it does not mention on the P wave duration. As of May 2025,
there hasn't been a newer ESC guideline specifically updating
the management of LAE. We have referenced latest clinical
documentation (and updated the current document) and
articles for bringing the context, numerical and the
significance from Doudi er al®® (National Center for
Biotechnology Information, US (NCBI)) and Chen et al.1%!

The clinical significance of P duration as per clinical
literature understanding is that P wave ascribes to Atrial
depolarization mechanism. The ECG is comprised of atrial
depolarization ventricular

(P wave) followed by
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depolarization. The Right atrial depolarization is followed by
Left atrial Page of 9 16 depolarization, where the right
depolarization vector propagates to the left atria and initiates
the left depolarization. In the context of AHA/ESC guidelines
the duration aspect is not explicitly mentioned, to the best of
our knowledge and search. However, several other sources and
clinical books have brought out these duration and mechanism,
significance (esp. Douedi et al). The 120 ms cutoff for P-wave
duration as a marker of LAE is a longstanding convention in
electrocardiography. It is based on the understanding that
normal P-wave duration is typically less than 120 ms.
Prolongation beyond this threshold suggests delayed atrial
conduction, often due to left atrial enlargement. Prolongation
of the P wave to a duration exceeding 120 ms classically
associates with left atrial abnormality and is referred to as P
mitrale,[%?! Douedi et al. The P duration criterion is referenced
in various clinical studies and reviews. As per Chen et al,l a
P-wave duration >120 ms is abnormal and is a criterion for
partial inter atrial block, attributing it to a conduction delay
between the right and left atria.

With regards to validation, we have added multi-case tests
and quantified the results from the additional runs. Total of
1200 tests were run, where noise is gaussian distribution, with
noise levels randomized between (0.001, 0.02 (mV)) based on
record. The diversity of the test includes varying the mitrale
peaks, width between the peaks and noise levels. The rationale
behind 1200 tests is by analysis that the algorithm is discrete
and that Mitrale pattern is deterministic comprised of two
peaks, duration between two peaks and the depth of curve
between the peaks. An approximation of the sample space of
these variables along with the constraint comes to (P1, V, P2,
W) to be considered, where P1 is Mitrale first peak, P2 is
Mitrale second peak, V is the depth of the contour in the center
and W the distance between the peaks. When we consider each
of these variables as discrete, the combination comes to a
maximum of (N x N x N x N, test cases). To begin with we
take N equals to 5 discrete values and get test cases as 625. We
then randomize these to increase the number of test cases and
check accuracy with increased test cases. Beyond 1000 tests,
with the constrained randomization, the accuracy gets
stabilized at 95.42%. To a discrete algorithm for screening
purpose this can be considered sufficient. The SGAD
algorithm primarily is for inference of P mitrale pattern and
we have obtained the accuracy of 95.42% for inference with
total run of tests 1200, randomized. The multi-case tests are
based on randomization of the 01447 hr record, because not
all the records available in the PTB-XL are discernible. To the
best of our knowledge there are no static noise “only”,
influenced dataset besides PTB-XL. PTB-XL has LAE with
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all types of noise mixed as well, viz burst mode noise. The
scope of our work is restricted to detect Mitrale pattern in
signals impacted by only static noise. Even in PTB XL, for
LAE influenced there are only 54 records which are static
noise only influenced. Within 54 records as per our scan,
01447 hr has noise levels and signal quality which can be
discernible and hence.

With regards to quantitative metrics, computation time for
EMD is 3 ms, for autoencoder the time required to training is
3.63 seconds, prediction took 28 ms, for SGAD the
computation time is 0.143 ms (we account only the hump
tracer, spread analyzer, parameter extraction and gaussian
convolution fitting the pattern). The very low computation
time for SGAD is due to the fact that it does not involve any
explicit filtering. The tests were run on Apple M1 Pro (8 core,
base clock 3.2 GHz), Sequoia 15.41. Python 3.12.4 version.

The SGAD has emphasis on interpretable computation
and the notion we highlight is where we model the P
component generation in the cardiac system as explained by
the bio mechanism. The P corresponds to the depolarization of
the Atria and is an electrical vector. This is considered as a
gaussian lobe, for the reason that it inherently represents the P
This the Right atrial
symbolically the right-side P vector. There is delay in the

shape. initiates depolarization,
propagation of the left atrial electrical P vector to the right
atrial P vector formation. This phenomenon can be represented
as convolution of two gaussian lobes, the left lobe and right
lobe. The phase shift between two lobes will decide the final
P (composite) vector shape. Intuitively, when two gauss lobes
are sufficiently close to each other, and we sum them up
(convolve), the final P shape is also a gaussian curve. However,
as the two lobes move apart, and upon convolution, there will
be a dip in the center. This mechanism is explainable
(interpretable) by a mere phase shift between two lobes. As the
phase shift between the two lobes vary, the composite
waveform will capture the delay between the two lobes as a
morphology change which is bimodal. This has been depicted
in the results figure with shift varied and corresponding
morphology change. The bimodal pattern is recognized by the
hump tracer and spread analyzer by looking for peaks, P1, P2,
separated by at least 30 ms (as per previous clinical literature
[59]), as referenced in 20244 this is considered to be 40 ms
(Figure 4 b, two prominent peaks are visible as can be seen in
the real ECG example (P mitrale pattern from a real ECG
paper print (Adapted image, courtesy: Koley TK. Atrial
enlargement. In: Rapid Review of ECG. Singapore: Springer;
2024 p. 138, Fig. 11-4[%4))), which is a paper print out of ECG
lead II.). By identifying the peak values and the separation
between them, the parameter is fed to the Gaussian
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convolution model, which then shows the composite P
waveform.

3.1 Example compute complexity EMD solution, neural
denoising methods and synthetic denoiser

EMD is a generalized and very effective decomposition
solution applicable to varied application scenarios involving
non-linearity and non-stationary signals. We discuss here a
sample compute complexity of the solution using EMD and in
general scenarios of importance. Our inference from varied
exploration and literature study is that tailoring the solution for
the application usage model provides a control in terms of
trade off with respect to complexity. EMD is a data driven
method adaptive to signal nature, decomposing it into several
zero-mean signal components IMFs by an iterative procedure
called sifting process. The sifting objective is to iterate till a
stopping condition, convergence is met. The sifting process is
a key component of the Empirical Mode Decomposition
(EMD) method. Based on EMDI®! we have come up with the
pseudo code (Algorithm 4) for a discretized version in our
setup for comparison. The Eq. (3) depicts the EMD
complexity for the discretized version which we have arrived
at for our setup.

It is used to decompose a signal into a finite number of
intrinsic mode functions (IMFs) that are simpler and easier to
analyze. The sifting process can be described as follows:

1) Identify all the local maxima and minima of the signal.

2) Connect the local maxima and minima with cubic
splines to form the upper and lower envelopes of the signal.

3) Calculate the mean of the upper and lower envelopes,
and subtract it from the original signal to obtain the first IMF

4) Repeat steps 1-3 on the residual signal to obtain the
second IMF, and so on, until the residual signal is a simple
function

EMD_complexity = O(nIMFS * NS * K) 3)

where K is the number of discrete samples of the signal, nIMFs
is the number of intrinsic mode functions extracted, NS is the
sifting process iteration. Detailed analysis of compute
complexity is available in.[*] The complexity is also a function
of signal characteristics and the convergence conditions
utilized for sifting process. Neural schemes of denoising have
gained popularity because of its full-scale automation and
domain agnostic nature of use case, varied application areas.
There are multiple variants in neural schemes. One example is
the autoencoder variant which is used in ECG denoising. The
challenge here in lies with training procedure. The underlying
principle of operation is simple and robust, where it learns a
compressed representation of the input signal and then
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Table 3: Comparison of denoising methods.

Model Attributes Synthetic denoiser EMD denoiser Autoencoder denoiser
A directed explainable gaussian . .
. . . . A generalized decomposition . . .
L fitting amidst static noise for P . . . A generalized model with varied
Objective . model of signal with primary .
contour of ECG to detect the Mitrale . . applications targets, a neural scheme
objective of denoising.
pathology pattern
A discrete python framework of . . It works by learning a compressed
. . ... Use of an iterative sifting process to : i )
algorithms, synthetic model built . . .. . representation of the input signal and
; . . decompose the signal into intrinsic L .
from underlying explainable atrial : . then reconstructing it back to its
Methods .. . . mode functions and a residue. Use | ..
depolarization =~ dynamics  using . original form. Involves a training
) } of relevant decomposed signals to .
Gaussian lobes and extraction of . procedure to learn the underlying
generate a smooth signal
parameters from raw ECG dataset patterns.
. . Effective in non-linear, non- L .
Directed  towards  explanation, ) . ) Scores high in full scale automatic
. . . stationary signal representation . .
Strengths rationale by fusing synthetic . ) . pattern recognition and has wide
. . . . handling using space-time L
generation with explainable fitting . application target base
dynamics capture
Training  procedure is  time
Method, approach is coupled to . . L. . consuming and has a need of
Lo X Sifting procedure is iterative and i .
Limitations underlying pattern  and  needs . example dataset if supervised
o . has challenges in convergence. L
application domain insights scheme is involved. Black box
nature, not inherently explanatory
Decision making in case of pathology . . . Wide application target base in
. Generalized denoising scheme with L. . .
Use case patterns where explainable L denoising solution and generalized
) L wide application target base
computation gains significance scheme.
For real time amenability the
Real Being a directed method and low It is real time amenable, has its hardware software partitioning
eal time L . . .
bilit compute complexity is amenable in challenges though in terms of trade-offs have to be dealt with.
amenabili : . . .
Y real time solutions convergence Does not specifically suit for real
time unless crafted for it upfront.
Compute ) Very highl*®! in relation to directed
i Low to moderate (Eq. (4)) High (Eq. (3))
complexity and EMD methods
. 3.63 seconds training, 28 ms
Computation time 0.143 ms 3 ms . &
prediction

reconstructs it back to its original form. The compressed
representation is a lower dimensional version of the input
signal that captures its most important features.

During training, the autoencoder learns to reconstruct the
input signal from its compressed representation while
minimizing the difference between the reconstructed signal
and the original signal. Once trained, the autoencoder can be
used to denoise new ECG signals by feeding them through the
network and using the reconstructed output as the denoised
signal. Based on our exploration and experimental set up of
generator adversarial network (GAN), where we used it to
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generate a P contour, we estimate the compute complexity to
be in the similar range, which is in the order of 10 K to 25 K
epochs.*! Our solution, the synthetic generator as denoiser is
a context dependent algorithm coupled to the pathology. The
approach does heuristic exploits of the domain, where in, the
general model is built using underlying physical principles.
Post this the explainable fitting uses the synthetic generator to
fit the observed pattern by using the pathology pattern P
mitrale. The compute complexity of the synthetic generator
considering Algorithms 1, 2 is as in Eq. (4).
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where K is the number of discrete samples of the signal, which

SynthDenoiser_complexity = O(K)

in our case is limited to 80 considering the parameter
extraction piped computation stage. From the perspective of
explanation, we mention that the solution provides an effective
approach to building explain-able computation blocks,
mimicking the cardiologist way. The limitation which we
foresee in our scheme is that it is coupled to specifics of
underlying pathology. Thus, much of the underlying pattern
insights are domain tied and need to be captured upfront in the
solution space. So, per pathology pattern, we might need to
investigate the nature and its coupling to building the
explanatory computation block. Thus, it is observed that the
very strength to which it was targeted at has become weakness
in some other view. The limitation of SGAD apart from
current focus on P mitrale, is that it does not account for mixed
type of noise, such as static and burst mode noise together. The
current algorithm works only for static noise, which is a
random noise spread across the spectrum. In the current form,
SGAD cannot infer right atrial enlargement as it designed for
two peaks and left atrial enlargement. In the right atrial
enlargement, the P composite has only one peak and its value
is considered >= 0.25 mV. Since it is value (threshold) based,
inferring it based on threshold amidst noise without explicit
filtering is a limitation for SGAD. We have made use of
Python library PyEMDI®? in our setup to obtain denoised
Mitrale pattern for comparison (Fig. 6). Fig. 7 and Fig. 8 are
the results of denoising in autoencoder setup utilizing the
Python library, Tensor flow*” and Keras.[! We also note the
comparison of different denoising methods with synthetic
denoiser in Table 3.146:67.651

4. Conclusion

Synthetic generator as a denoiser is an approach in stark
contrast with existing denoising solutions. The scheme
demonstrates building explainable computation blocks as
explain ability takes significance in pathology decision
making. The fitting using the Gaussian lobes comes out as
inherently explainable, of the underlying atrial depolarization
dynamics. It is amenable to capture the underlying pathology
patterns in terms of rationale. The rationale is represented by
atrial depolarization vectors as a Gaussian function convoluted
using underlying cardiac function, providing relevant insight.
The parameter extraction adapts to the ECG dataset as well be
targeted at receiving inputs from the atrial cellular dynamics.
Thus, patient specific models will find the current approach,
of much relevance when plugged in the processing pipeline.
The development cost in any solution is dictated by
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complexity, methods and the scale. It works in the favor of
synthetic generator as denoiser, because it combines varied
functionality in a single package, thus bring down the
€conomics.

Real time amenability too is in the favor of directed
solutions rather than very generalized solutions, where
complexity can turn out to be hindrance. In the current
contribution we have demonstrated use of constrained random
generation in validation stack, providing an effective debug
and validation scheme for the discrete algorithmic framework.
We also addressed the perils of generalization, full automation,
the black box which hampers explanatory solutions. While we
showcased the strength of our solution as explain-able and low
cost per function, the same can be viewed as a limitation, when
it comes to coupling every pathology insight into the building
of explainable block. We find that there is a vast scope in this
area of building explainable computational blocks.
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