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A B S T R A C T   

Objective: Automated segmentation of intracardiac electrograms and extraction of fundamental cycle length in
tervals is crucial for reproducible arrhythmia substrate analysis conducted during electrophysiology procedures. 
The objective of this study is to develop a robust, computationally efficient end-to-end model for the precise 
electrogram multi-channel delineation using a highly imbalanced dataset. 
Methods: A temporal deep convolutional neural network (CNN) based on the UNet architecture incorporating 
convolutional layers of varying dilation rates was implicitly regularized through data augmentations (DAs), a 
domain specific Tversky loss function, and distinct labelling strategies for segments comprising atrial fibrillation 
(AF). An exploratory study utilizing Bayesian search was conducted to optimize architectural and loss function 
hyperparameters. The impact of dilated convolutions, data augmentations, and labelling strategies on the per
formance and generalization capability was assessed through an ablation study. The performance of different 
models was evaluated using a cross-validation procedure and two independent test datasets derived from two 
separate patient cohorts containing 326, 84, and 97 electrograms encompassing sinus rhythms, abnormal 
complexes during ongoing tachycardias, and stimulation protocols. 
Results: A UNet model with optimized loss hyperparameters, a dilated receptive field, and atrial fibrillation (AF) 
annotated as a positive class (D-UNet-L) achieved an average Sørensen-Dice coefficient (SDC) of 84.9 % on recordings 
with regular atrial beats across test datasets, surpassing the performance of models without loss optimization (81.5 %), 
without dilated kernels (81.3 %), and with inversed AF labelling (77.5 %). Notably, the highest average accuracy 
(Acc) of 95.8 % for AF recordings was obtained by a model trained on negatively assigned AF segments, outperforming 
D-UNet-L (88.9 %), the model without loss optimization (81.5 %), and the model without dilated kernels (81.3 %). 
The reference D-UNet-L model exhibited overall root-mean-square errors of 8.3 and 9.0 ms across test datasets. 
Additionally, 61.5 % and 20.8 % of delineations exhibited absolute errors below 5 ms and 10 ms, respectively. 
Disabling data augmentation (DAs) resulted in a 2.7 % decrease in validation SDC and a 5.3 % increase in training 
SDC.“ 
Conclusion: Generalization capability across independent datasets was improved by employing exponentially 
weighted Tversky loss. The model’s segmentation performance on longer sequences with atrial fibrillation was 
improved by incorporating dilated convolution kernels. Noise-aware and morphology data augmentations 
effectively mitigated overfitting potential in a limited training dataset. Label noise introduced by annotating 
atrial fibrillation sequences into a positive class strengthened regularization of the model, particularly in its 
ability to identify regular beats. However, it also negatively impacted performance on F-waves. 
Significance: The proposed method diminishes the dependence on manual measurements in complex electro
physiology measurements and enhances utilization of the collected electrophysiology data. The findings un
derscore the substantial impact of intrinsic regularization techniques and establish guidelines to facilitate 
methodological decision-making processes.  
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1. Introduction 

Catheter ablation has emerged as an effective and safe treatment for 
cardiac arrhythmias, resulting in sustained clinical improvements and 
enhanced quality of life for most patients [1]. Electrophysiology (EP) 
study is essential in investigating myocardial electrical properties and 
understanding arrhythmia mechanisms [2,3]. 

EP studies typically involve recording intracardiac electrograms 
(EGMs) from one or more locations on the endocardial surface in 
response to multiple stimulation protocols or during ongoing arrhyth
mias. Local activation times (LATs) of EGM complexes and inter-beat 
cycle lengths (CLs) are commonly measured to derive clinical parame
ters that aid in localizing arrhythmia sources [4–8]. For instance, tissue 
restitution curves [9] and effective refractory period [10] can be 
determined by employing dynamic S1-S2 stimulation protocols and 
measuring post-pacing CLs. Analysis of pacing and post-pacing CLs is 
commonly employed to distinguish between potential arrhythmia ori
gins in atrial flutter (AFL) entrainment mapping [11], atrio-ventricular 
(AV) tachycardias [12], or in localizing conduction gaps during pul
monary vein isolation [13]. 

The localization of EGM complexes and the detection of both their 
onset and offset are crucial steps in extracting LATs and CLs, identifying 
earliest (EA) or latest activation (LA) in multiple electrode locations, and 
assisting in diagnosing the arrhythmia substrate. Despite advancements 
in automatic EGM segmentation, visual and manual assessment of LATs, 
EAs, LAs, and CLs continue to be an essential aspect of EP studies. The 
primary drawback of manual measurement is that it is time-consuming 
and highly subjective, particularly when EGMs contain fusion of atrial 
and ventricular complexes or superimposed artifacts from programmed 
stimulation [14]. In such cases, conventional filtering and feature 
extraction techniques may excessively suppress the component of in
terest, leading to detrimental effects on detection performance and po
tential loss of valuable data in complex mapping scenarios. 

In this study, a modified deep convolutional neural network (CNN) 
architecture U-Net with an enhanced receptive field was proposed for 
automated delineation of atrial EGMs. The main objective of the method 
is to accurately detect onsets and offsets of atrial complexes in multi- 
channel EGMs to extract basic CLs within various diagnostic pipelines 
employed during EP studies, such as S1-S2 programmed stimulation, 
entrainment mapping, or early activation measurement. The method 
can automate measurements in several challenging scenarios, including 
superimposed atrioventricular (AV) complexes and highly irregular 
rhythms. 

The model’s receptive field was enhanced by incorporating dilated 
filter kernels to provide a longer temporal context. An intrinsic regula
rization method such as data augmentation, domain-specific loss func
tions and annotation strategies were thoroughly explored to identify 
robust end-to-end solution without computationally expensive pre
processing steps, and the factors that most benefit the detection and 
delineation accuracy of a deep neural model trained on limited imbal
anced dataset. To the best of our knowledge, there is currently no 
generalized approach for atrial complex segmentation that employs 
multi-lead and inter-beat context. 

2. Problem formulation 

In this work, the multi-channel EGM delineation problem was 
reformulated as a binary semantic segmentation task. The objective is to 
find a mapping function g: X ↦ Y, where g is a feature extractor, X ∈ ℝd 

are input EGM sequences containing d channels, and Y ground truths of 
atrial complexes boundaries. Function g(X) models the probability of 
sample yi ∈ Y of being part of an atrial complex with respect to infor
mation from all d channels. 

3. Related works 

3.1. Beat localization and inter-beat interval analysis 

While numerous ML methods have been widely adopted for 
analyzing arrhythmia-related morphological changes and classification 
of intracardiac EGMs [15,16], even the most recent methods for the 
delineation predominantly rely on fundamental feature extraction 
techniques and expertise-driven systems derived from cellular mea
surements or simulated data. A comprehensive survey of conventional 
algorithms can be found in Cantwell et al. [17]. 

Feature extraction generally encompasses strategies such as signal 
correlation with template banks [18], nonlinear operators to estimate 
instantaneous signal energy [14,19,20,21], wavelet transform [22], 
derivative-based methods [23], or Hilbert transform [22,24]. Subse
quent delineation of the complex boundaries is performed in the trans
formed signal using adaptive voltage thresholds [14,22] or sets of 
morphological rules [23]. 

Nothstein et al. [14] proposed a method based on matched filtering 
and a nonlinear energy operator for segmenting isolated atrial EGMs and 
stimulation artifacts during S1-S2 protocols, enabling the measurement 
of pacing CLs and subsequent electrophysiological restitution curve 
analysis. El Haddad et al. [23] employed a 4-state machine algorithm 
comprising a set of detection rules and thresholds to determine the 
beginning and the end of atrial EGMs in the differentiated and rectified 
signal. Wavelet transform has been explored for delineating ventricular 
complexes in [22], wherein authors combined Hilbert transform and 
multiscale decomposition to identify maxima and minima [25] across 
different scales of wavelet coefficients, facilitating estimations of com
plex boundaries. These algorithms have been adapted for inter-beat CL 
measurement during atrial fibrillation [20,26,27]. 

To our knowledge, the only ML method for EGM delineation pro
posed to date is that of Hajimolahoseini et al. [28]. The algorithm em
ploys a Gaussian mixture model to classify consecutive pairs of EGM 
inflection points as either a segment with atrial activation or an iso
electric line. The model utilizes 3-dimensional feature space constructed 
with morphology, energy-based and differential operators. 

3.2. Datasets 

The development of ML algorithms for automated EGM delineation 
has been hindered by the interdisciplinary nature of this task and limited 
access to clinical data. Most studies have employed proprietary datasets 
comprising a limited number of patients (often lower tens) with pre- 
selected signals representing atrial fibrillation [27], atrial tachycardias 
[27,23], or ventricular electrograms in patients with premature con
tractions [29]. None of these datasets has been made publicly available. 

Currently, only two publicly available datasets contain EGM re
cordings: the Intracardiac Atrial Fibrillation Database (IAFDB) [30] and 
the Ann Arbor Electrogram Libraries (AAEL) [31]. However, neither of 
these datasets includes annotations of EGM complex onset and offset. 
While Prudat et al. [20] and Nothstein et al. [14] offer clinical re
cordings with annotations upon request, these datasets consist of short- 
term atrial fibrillation recordings from 35 patients [20] and a single 
recording during an S1-S2 pacing protocol [14], respectively. Nothstein 
et al. [14] further employed a synthesized electrogram with 152 anno
tated complexes, and Abdi et al. [32] provided simulated EGMs lacking 
annotations of complex boundaries. 

The paucity of sufficiently diverse datasets poses challenges for 
training reliable ML models and for conducting fair comparisons of 
detection and delineation performance across different algorithms. 
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4. Materials and methods 

4.1. Clinical datasets 

The data employed in this study are retrospective and multicenter, 
encompassing two distinct patient populations who underwent inter
ventional EP procedures. The first cohort comprises children and young 
adults (Y) examined at the Children’s Hospital, University Hospital 
Brno, Brno, Czech Republic. The second cohort comprises middle-aged 
patients (M) who attended the EP center affiliated with the Depart
ment of Internal Medicine and Cardiology, University Hospital Brno, 
Brno, Czech Republic. The study was approved by the local ethics review 
committee. 

4.1.1. Data acquisition 
EP data were recorded using Abbott WorkMate 4.2 (Y cohort) and 

Abbott WorkMate 4.3 (M cohort) systems at a sampling rate of 2000 Hz 
and a resolution of 78 nV/LSb. The acquisition unit included built-in 
hardware high-pass filter with a cutoff of 0.5 Hz and a notch filter at 
50 Hz. 8-lead surface ECGs and raw U-EGMs from a decapolar diagnostic 
catheter inserted into the coronary sinus (CS) were extracted from ac
quired data for the purpose of this research. 

4.1.2. Data management and clinical characteristics 
The data were partitioned into a cross-validation and two indepen

dent hold-out sets using patient-oriented selection. This approach en
sures that no subset shares EGMs from the same patient. 

A 3-fold cross-validation training set (DSCV-Y) encompassing 326 
short-term bipolar EGM (B-EGM) segments from 100 consecutive pa
tients in Y group was utilized for model training. The dataset was pre
viously described in [33]. Stratified randomization into three folds was 
employed to mitigate potential bias in quality metrics arising from the 
highly imbalanced representation of cardiac rhythms, procedure-related 
protocols, and EGMs complexes with varying segmentation difficulties. 
The optimal cross-fold distribution was assessed using relative entropy 
and Pearson’s chi-square. Rhythms characterized by specific temporal 
sequences were selected as strata and are indicated in Table 1. 

The first hold-out test set (DST-Y) comprises 84 EGM sequences from 
20 consecutive patients from Y group. DST-Y is independent of DSCV-Y 

and underwent the EP procedure during a distinct time period. The 
second test set (DST-M) encompasses 97 EGM sequences from 30 sub
jects in the M group. Neither DST-Y nor DST-M were involved in training 
or hyperparameter tuning of the algorithm. 

Each dataset comprises procedure-related events that have been 
validated and confirmed by an electrophysiology expert. Clinical char
acteristics of individual datasets are presented in Table 1. 

4.1.3. Data annotation 
Each B-EGM segment underwent visual examination and manual 

annotation of atrial complexes by a single experienced electrophysi
ology expert. Since the primary focus was on extracting CLs, early, and 
late activations, the “global” onset of an atrial complex was annotated as 
the earliest activation detected across all B-EGM channels. The “global” 
offset of the atrial complex was determined as the transition into an 
electrical isoline following the latest local activation. Global annotation 
poses a challenge in cases of atrial fibrillation F-waves, which are typi
cally dispersed across individual leads without clearly defined bound
aries. In such instances, the beginning and end of the arrhythmia itself 
were marked as the boundaries for atrial activity (see Fig. 1). 

Atrial complexes were categorized into one of four groups based on 
its characteristics: a) normal sinus beat (SB); b) abnormal atrial beat 
(AB); c) atrial fibrillation (AF); and d) stimulated atrial beat (ST). Each 
category presents a varying level of detection and delineation difficulty. 
For instance, the ST group includes B-EGMs with pacing artifacts often 
situated near the atrial complex. The AB group contains arrhythmic 
complexes, frequently superimposed on ventricular far-field signals. 
Similarly, each recording is distinguished between the presence of an AF 
segment (WAF) and its absence (WOAF). Overall, the datasets comprise 
of 3,624; 3,710 and 701 annotated regular atrial complexes in SB, AB, 
and ST group. 

From a clinical standpoint, such categorization is not essential for 
intracardiac interval measurement. In this work, the categories are 
employed exclusively for comprehensive evaluation of the delineation 
performance under diverse scenarios. The cumulative relative durations 
and aggregated individual durations of atrial complexes from each 
group are presented in Fig. 2. 

4.2. Data preprocessing 

4.2.1. Feature extraction and standardization 
Feature extraction is an integral part of many machine learning (ML) 

methods, aiming to eliminate redundant components and transform data 
into a more discriminative feature space. Two key concepts exist: 
manual feature engineering and automatic feature extraction, particu
larly associated with deep learning (DL) techniques. 

Common feature engineering approaches for biological time series 
involve time–frequency decomposition, typically performed using short- 
time Fourier transform (STFT) or wavelet transform, as well as statistical 
methods for sparse reconstruction, such as independent component 
analysis [34]. While these methods can enhance the performance of DL 
models, particularly for highly complex data like electroencephalogram 
[35] and speech signals [36], they introduce computational overhead 
that may not be desirable for mission-critical EP monitoring applica
tions. In such cases, it may be more advantageous for DL models to 
leverage the embedding space by incorporating prior knowledge via 
implicit regularization [37]. Therefore, the preprocessing stage in this 
work was limited to a few basic steps based on established procedural 
standards, while denoising and feature extraction were incorporated 
within the model and augmented using several optimization paradigms 
discussed in subsequent sections. 

U-EGMs are susceptible to remote electromagnetic fields, including 
activation of distant cardiac cells or powerline interference. To mitigate 
the impact of these distant sources, 5-lead B-EGMs were constructed by 
subtracting U-EGMs from consecutive pairs of electrodes. This approach 
represents the simplest technique for reducing spatially correlated 

Table 1 
Clinical characteristics of cross-validation and hold-out datasets DSCV-Y, DST-Y, 
DST-M. Symbol † indicates strata used for randomization.  

Dataset DSCV-Y DST-Y DST-M 

Subjects 100 20 30 
Age [years] 14.0 

(12.0–17.0) 
15.0 
(12.3–16.3) 

58.5 
(48.0–63.0) 

Sex: males 52 (52.0 %) 10 (50.0 %) 16 (53.3 %) 
Length of records [s] 8.5 

(6.4–––12.2) 
7.9 (6.5–8.9) 9.8 (7.7–12.1) 

Number of records 326 84 97 
Arrhythmia type:    
Sinus rhythm† 191 (58.6 %) 40 (47.6 %) 49 (58.3 %) 
Ventricular pre-excitation 58 (17.8 %) 21 (25.0 %) 0 (0.0 %) 
Atrial premature beat† 47 (14.4 %) 8 (9.5 %) 13 (15.5 %) 
AV node reentry 

tachycardia†
45 (13.8 %) 3 (3.6 %) 4 (4.8 %) 

AV reentry tachycardia† 40 (11.3 %) 12 (14.3 %) 3 (3.6 %) 
Ventricular premature 

beat†
40 (11.3 %) 4 (4.8 %) 16 (19.0 %) 

Ventricular pacing 35 (10.7 %) 14 (16.7 %) 9 (10.7 %) 
Atrial fibrillation† 26 (10.1 %) 5 (6.0 %) 15 (17.9 %) 
Junctional rhythm† 22 (6.7 %) 1 (1.2 %) 0 (0.0 %) 
Atrial pacing† 19 (5.8 %) 15 (17.9 %) 21 (25.0 %) 
Left bundle branch block 9 (2.8 %) 2 (2.4 %) 2 (2.4 %) 
Focal atrial tachycardia 8 (2.5 %) 3 (3.6 %) 0 (0.0 %) 
Right branch block 7 (2.2 %) 2 (2.4 %) 0 (0.0 %) 
Atrial flutter 5 (1.5 %) 0 (0.0 %) 6 (7.1 %) 
1st degree AV block 3 (0.9 %) 0 (0.0 %) 0 (0.0 %)  
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sources in a multi-channel setup and enhancing high-frequency com
ponents in the signal [38]. B-EGMs remain a clinical standard for 
measuring procedurally important CLs, despite the significant influence 
of wavefront direction on their morphology and interpretation. 

To address potential baseline drift and residual low-frequency 
components, B-EGMs were filtered using a high-pass finite impulse 
response (FIR) filter with a 5 Hz cutoff frequency, preserving the most 
relevant frequencies in the range of 5–250 Hz [39]. 

B-EGMs exceeding ± 12.436 mV were clipped to eliminate extreme 
voltage oscillations caused by mechanical interference and pacing arti
facts. B-EGMs were then rescaled using z-score standardization: 

B − EGMscaled = (B − EGM − μ)/σ (1)  

where μ represents the DC component removed by the FIR filter and σ is 
the standard deviation of the dataset. 

4.2.2. Morphology aware augmentation 
Data augmentation (DA) allows to increase morphological variability 

of atrial B-EGMs and incorporate the domain-specific knowledge into 
learned data representation. It is a fundamental strategy used to subject 
the model to more challenging learning conditions [40,41], particularly 
in small-sized datasets. 

A B-EGM transformation can be expressed as a triple T = (t, p, m), 
where t ∈ T is the transformation, p ∈ P is the probability and m ∈ M 

represents the intensity of transformation [42]. Then, DA pipeline is a 
set of stochastic transformations π = {T1, …, Tk}, which is applied to 
each B-EGMs with probability p and magnitude m. 

In this work, simple affine transformations of B-EGMs are proposed 
to modulate underlying bipole directly representing waveform direc
tion, speed, and distance from electrodes. For every B-EGM i-th sample 
xc,i in c-th channel, the voltage scaling tscale, polarity flipping tflip, tem
poral translation ttrans, and linear temporal scaling tstretch can be 
expressed as: 

Fig. 1. Representative B-EGM signals from an internal dataset showcasing characteristic pacing protocols during EP studies, atrial beat categories AB and ST, and 
commonly measured intervals. In the left panel, a prolonged interatrial CL during ventricular pacing suggests dissociation between the ventricles and atria; in the 
right panel, a shortened post-pacing interatrial CL reveals possible substrate for supraventricular tachycardia. 

Fig. 2. The left panel displays the imbalanced temporal distribution of atrial B-EGMs across the four categories, namely SB (normal sinus beat), AB (abnormal atrial 
beat), ST (stimulated atrial beat), and AF (atrial fibrillation) in the DSCV-Y, DST-Y and DST-M datasets. The AF group is the least common B-EGM type in all three 
datasets. The right panel shows the total count of individual atrial B-EGMs and their durations (expressed as mean and standard deviation) for each category. SB, AB, 
and ST exhibit very short durations compared to regions of electrical inactivity. AF rhythms are typically much longer than isolated atrial complexes and were 
therefore excluded from the figure to maintain clarity. 
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x′ = tscale(x) = mscalexc, n (2)  

x′ = tflip(x) = − xc, n (3)  

x′ = ttrans(x) = xc, n+mtrans (4)  

x′ = ttretch(x) = xc, n*mstretch (5) 

To emulate a spectrum of B-EGM spatio-temporal activation pat
terns, the DA consisted of a transformation technique trot that involved 
the randomized translation between channels. The translation from 
channel c to c′ can be expressed as: 

c′ = (c+mrot)%d (6)  

where symbol % denotes modulo operator and d represents the number 
of channels. 

4.2.3. Noise aware augmentation 
A corrupted version of B-EGMs was generated by adding noise N. 

Subsequently, a robust mapping g: (X +N) ↦ Y is trained to effectively 
remove noise from the extracted features. Additive Gaussian white 
noise, simulated power line interference and pacing artifacts were 
incorporated as transformations T, which stochastically modulated the 
targeted noise power PN and signal-to-noise ratio (SNR) of individual 
signals SNRX+N by: 

PN = PX/10(SNRX + N/10) (7) 

For a more detailed list and description of the parameters used in the 
DA pipeline, please refer to the Supplementary materials. 

4.3. Model architecture 

4.3.1. Residual encoder 
A temporal UNet [43] architecture incorporating pre-activated 

residual units with bottleneck (2-factor compression) as proposed by He 
et al. [44] was employed to model the mapping g: X ↦ Y. The archi
tecture is depicted in Fig. 3 and provided in detail in the Supplementary 
materials. To effectively process all B-EGMs at once, residual units were 
modified by replacing original 2D kernels with 1D counterparts, as 
previously described in our work [45,46]. 

An anti-aliased strided convolution [47] was employed as a residual 
pooling operator. Since the data enters the model at the original sam
pling frequency of 2000 Hz, an aggressive 4-factor downsampling pre
ceded by a 17 × 1 kernel was employed as the model’s input stem to 
enhance computational efficiency. 

4.3.2. Feature pyramid decoder 
The latent features zi from each residual layer Li were compressed 

using 1 × 1 convolutions to ensure a consistent number of channels 
throughout the network. A pyramid feature network (FPN) [48] was 
employed to effectively combine low-level and high-resolution zi fea
tures into a single feature map that serves as the input to the multilayer 
perceptron (MLP) classifier. To address the computational overhead 
associated with conventional UNet deconvolution kernels, the temporal 
resolutions of two consecutive differently scaled zi features were aligned 
using linear interpolation and then combined by element-wise addition. 

4.3.3. Wide receptive layer 
Dilated convolutions offer a computationally efficient approach for 

gaining a comprehensive understanding of the surrounding context [49] 
and modeling long-term variations [50]. 

This is particularly crucial in handling varying activation patterns 
observed during EP studies, including polymorphic and often randomly 
distributed complexes associated with atrial fibrillation. To effectively 
capture long-term B-EGM variations in such cases, an intermediate 
receptive layer fR: z5↦′z5 with a set of 1 × 3 dilated convolutions was 
integrated into the model (D-UNet) between the decoder and the last 
encoding stage (see Fig. 3). The schematic representation of the fR is 

Fig. 3. The proposed temporal D-UNet incorporates five residual layers L, each comprising 5 × 1 1D convolutional (conv) kernels. Each encoding layer L consists of 
seven residual blocks with bottleneck connections, while a single residual block per each L was employed in the FPN. The downward and upward arrows alongside 
integers represent factors of temporal downsampling and upsampling, respectively. The extracted latent features are denoted by zi. Receptive layer fR consists of 3 × 1 
dilated kernels. 
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depicted in Fig. 4. 
Latent features z5 are independently processed through multiple 

parallel branches employing dilated convolutions with exponentially 
increasing receptive fields. Individual receptive fields are modulated by 
the dilation factor d = 2 k, where k ∈ {x ∈ Z | x  ≥ 1}, and k controls the 
rate of dilation growth. The receptive features z(i)5 are concatenated and 
compressed using 1 × 1 convolutions to form the transformed output ′ 
z5 = fR(z5) followed by an element-wise operation z5 + ′z5. 

4.4. Optimization experiments 

4.4.1. Optimal design selection (D-UNet model) 
Bayesian optimization (BO) was employed to systematically identify 

the D-UNet architecture’s optimal configuration. The search focused on 
optimizing the most relevant hyperparameters, namely the depth of the 
encoder (DE), the depth of the residual layers in the encoder (DL), the 
size of the filters in the residual layers (FL), the size of the input 
convolution filters (FIN), the number of 1x1 expansion/compression 
filters (NC), and the cardinality (CR) of the receptive layer fR. 

Non-linear activations, batch normalization, pooling operators, 
number of warm-up iterations, and other design choices were iteratively 
adjusted based on experimentation and maintained constant across all 
execution runs. More detailed BO settings and search spaces are pro
vided within the Supplementary materials. 

4.4.2. Performance-sensitive loss for imbalanced data (D-UNet-L model) 
The loss function based on continuous approximation of the 

Sørensen-Dice coefficient [51] is a common choice for medical semantic 
segmentation tasks with deep neural networks, mitigating the negative 
impact of label sparsity. This study employs a generalized form 
approximating the Tversky index (TI), originally proposed by Abraham 
et al. [52] and further extended by Zhao et al. [53] to rebalance the 
computational cost based on the model’s performance. 

The loss introduces three hyperparameters α, β, and γ to amplify the 
contribution of misclassified samples. The exponent γ penalizes the 
model for misidentified hard-positive samples, further addressing sub
optimal segmentation performance in underrepresented objects. For the 
tensor Ŷ representing raw model scores and one-hot encoded labels Ŷ , 
the focal Tversky loss L FTL can be defined as: 

L FTL =
∑

n
[1 − (Ŷ ⊙ T)/{Ŷ ⊙ T + α⋅[(1 − Ŷ ) ⊙ T ] + β⋅[Ŷ ⊙ (1 − T) ] } ]γ ,

(8)  

where operator ⊙ represents the Hadamard product of tensors. 
A wide range of similarity metrics, including Jaccard and Sørensen- 

Dice indices, can be explored by adjusting α, β, and γ, creating a 
performance-sensitive loss function. 

The asymmetry in the feature learning process associated with 
difficult-to-classify B-EGMs was addressed by optimizing parameters α, 
β, and γ using BO framework. A domain-specific L FTL was then 
employed to train rebalanced D-UNet model (D-UNet-L). More detailed 
BO settings and search spaces are provided within the Supplementary 
materials. 

4.4.3. Receptive layer ablation study (UNet-L model) 
A straightforward ablation study was conducted to evaluate the 

impact of the proposed receptive layer fR on the B-EGM delineation 
performance, particularly in the WAF signal group. The extended 
receptive field was disabled in the D-Unet-L model (UNet-L) by setting 
all the dilation factors d to 1 (no dilation). Layer fR including non-dilated 
convolution filters remained in the architecture to preserve the same 
number of trainable parameters. 

4.4.4. Label noise regularization (D-UNet-F0 model) 
Globally assigning the positive class (for details see Section 4.1.3) to 

all AF segments in the WAF group (Y+
AF) presents a significant optimi

zation challenge. Individual B-EGM channels still contain atrial waves 
separated by isoelectric lines, introducing label noise during the 
learning process. 

Removal of the entire WAF group from training dataset would seem a 
logical step to focus on delineating regular complexes, but it comes at 
the expense of discarding valuable semantically rich data. Label noise 
has been shown to mitigate memorization in deep neural networks [54], 
suggesting that an appropriate labeling strategy could potentially 
leverage this effect. 

To evaluate the implicit regularization impact of the WAF labeling, 
separate D-UNet model (D-UNet-F0) was trained on the DSCV-Y dataset 
with all AF segments reassigned to the negative class Y−

AF. Consistent 
with the optimization goal, this reassignment was also applied during 
validation and testing on the DSCV-Y, DST-Y, and DST-M datasets. 

4.5. Statistical analysis 

4.5.1. Sample-level evaluation metrics 
The performance of each semantic segmentation model was assessed 

individually using established metrics such as the Sørensen-Dice coef
ficient (SDC), accuracy (Acc), recall, and precision. Additionally, Mat
thew’s correlation coefficient (MCC) was employed as a measure of 
agreement between the models and the rater, in accordance with the 
recommendation of Butkuviene et al. [55] for sparse segmentation tasks. 
The metrics can be expressed as follows: 

Fig. 4. Schematic representation of the receptive layer fR incorporating four parallel 3 × 1 dilated convolutions (conv) into the D-UNet architecture. The dilation 
factor d increases exponentially across branches, with optimal d determined using Bayesian optimization. Latent features z5 represent the output of the last encoding 
residual layer L; ′z5 = fR(z5) denotes transformed features with temporal context expanded by dilated convolutions. 
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SDC = 2TP/(2TP + FP + FN), (9)  

Acc = (TP + TN)/(TP + FP + TN + FN), (10)  

Recall = TP/(TP + FN), (11)  

Precision = TP/(TP + FP), (12)  

MCC = [(TP⋅TN) − (FP⋅FN) ]
/
[(TP+ FP)(TP+ FN)(TN+ FP)(TN+ FN) ]

1
2,

(13)  

where TP, TN, FP, and FN denote B-EGM samples classified as true- 
positives, true-negatives, false-positives, and false-negatives, respec
tively. 

4.5.2. Instance-level evaluation metrics 
To assess delineation errors across distinct SB, AB, and ST beat types, 

each continuous segment proposed by the model was handled as an 
instance of an atrial B-EGM, and its onset and offset were determined by 
identifying the first and last samples exceeding the threshold (limit 0.5). 
AF segments were excluded from the evaluation. In accordance with the 
ANSI/AAMI-EC57:1998 standard, only detections within the tolerance 
interval of ± 35 ms were considered for the analysis. The tolerance was 
chosen based on twice the standard deviation of the duration of the AB, 
SB, and ST beats in the DSCV-Y dataset. 

Conventional regression metrics, including absolute errors (AE), 
mean error (ME), and root-mean-square error (RMSE), were employed 
to evaluate the delineation accuracy. The metrics can be formulated as 
follows: 

AEi = |ŷi − yi|, (14)  

ME =
1
N

∑N

i
(ŷi − yi), (15)  

RMSE =

[
1
N

∑N

i
(ŷi − yi)2

]1
2

, (16)  

where ŷi is the position of either onset or offset estimated by the model, 
and yi is the corresponding reference position provided by the rater. 

4.5.3. Delineation error grading 
Delineation AEs were graded according to the methodology pro

posed by Haddad et al. [23] to assess the distribution of errors with 
clinically meaningful implications. This grading system, based on the 
evaluation of multiple raters, categorizes AEs as follows: highly accurate 
delineation for onsets and offsets detected by the algorithm with 
AEs ≤ 5 ms, accurate delineation for AEs ≤ 10 ms, and inaccurate 
detection for AEs greater than 10 ms. 

4.5.4. Hypothesis testing 
The Wilcoxon signed-rank test was employed to compare repeated 

measurements between two scenarios, where applicable. The relative 
importance (RI) of hyperparameters in achieving the highest model 
quality was determined using the functional analysis of variance 
(fANOVA) approach [56]. 

4.6. Implementation details 

The AdamW algorithm [57] with decoupled L2 regularization [58] 
was employed for the model optimization. Default moving average 
weights β1 and β2 (0.9 and 0.999 respectively), as recommended by 
Kingma et al. [57], were used since no other combinations improved the 
performance. The weights and biases of convolutional layers were 
initialized using the Kaiming method [59]. The normalization layers 

were initialized with c = 1 for weights and c = 0 for biases. During the 
first 8 training epochs, a linear warm-up phase was implemented. The 
initial learning rate (0.005) and a batch size (24) were determined 
through BO. The learning rate was scheduled using a reduce-on-plateau 
strategy with a decaying factor of 0.1. Training pipeline and auxiliary 
processes were implemented in the Python 3.8.1 environment [60] 
using the PyTorch 1.12.1 framework [61]. BO experiments were con
ducted using the Optuna 2.10.1 [62]. The model training was performed 
on the NVIDIA RTX 3060 12 G graphics card. 

5. Results 

5.1. Hyperparameters search 

5.1.1. Optimal spatial design (D-UNet) 
The optimal and lightweight architecture of the D-UNet with a total 

of 413,740 trainable parameters was identified within 200 BO runs. The 
performance assessed by SDC demonstrated a consistent decline with 
increasing model capacity. In terms of depths DE and DL, the optimized 
D-UNet model primarily benefited from 5 to 6 residual layers (RI 0.65) 
and 6–7 residual layers within a single layer L (RI 0.06). In terms of the 
model’s width, performance deteriorated with larger FL kernel sizes and 
an overparameterized number of features in the NC, with the optimal 
range being 5–7 kernel size (RI 0.06) and 32–48 features (RI 0.13), 
respectively. Interactions between hyper-parameters together with their 
contributions to the monitored metric are depicted in Fig. 5. 

5.1.2. Optimal loss function parameters (D-UNet-L) 
The optimal domain-specific L FTL weights were found within 80 BO 

repetitions, achieving optimal values of α = 0.4, β = 0.6, and γ = 0.5. 
Interactions between the weights and their contributions to SDC, pre
cision, and recall are visualized in Fig. 6. Fig. 6 demonstrates that the 
parameters α and β, according to Equation (8), enable direct rebalancing 
of precision and recall directly within the training session (see Fig. 6). 

The monitored SDC was primarily influenced by the selection of γ (RI 
0.75). While a relatively broad interval with optimal values between 
0.25 and 1.00 was discovered, a clear trend emerged toward increasing 
the relative contribution of B-EGMs with low Tversky index. This holds 
true for all γ ≪ 1.0. 

5.2. Comparison of sample-level performance 

5.2.1. Sample-level performance on WOAF signals 
A sample-level comparison of the proposed UNet designs is sum

marized in Table 2. While cross-validation results on DSCV-Y demon
strated comparable performance across all models, key metrics on the 
test datasets DST-Y and DST-M revealed a distinct advantage for D-UNet- 
L, which employs both dilated convolutions and domain-specific L FTL. 
D-UNet-L obtained SDC values of 88.0 % and 81.8 % on DST-Y and DST- 
M, respectively, indicating improved generalization capability. Inacti
vation of the receptive layer resulted in a 2.6 % and 4.4 % reduction in 
SDC on both DST-Y and DST-M, respectively. Among all the models, D- 
UNet-F0 trained with relabelled Y−

AF exhibited notably lower SDC and 
MCC values, with decreases of 8.1 % and 6.8 % in SDC, and 0.089 and 
0.059 in MCC, compared to D-UNet-L on the test sets DST-Y and DST-M. 
This demonstrates the positive regularization effect induced when the 
model is subjected to more complex B-EGMs associated with WAF 
signals. 

5.2.2. Sample-level performance on WAF signals 
Table 3 summarizes the segmentation performance on B-EGMs 

comprising atrial fibrillation. The D-UNet-L model achieved the best 
cross-validation performance with SDC of 93.5 ± 3.3 % and MCC of 
0.725 ± 0.067. Consistent with the results in Section 5.2.1, the D-Unet-L 
also exhibited the highest generalization performance with SDC of 
89.1 % on the test set DST-M. Inactivating both optimized L FTL and fR in 
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the D-UNet and UNet-L resulted in a significant decline in the SDC to 
79.6 % and 74.4 %, respectively. 

While in the WOAF group (Section 5.2.1), all models except the D- 
UNet-F0 benefited from the presence of the Y+

AF, the results of the D- 
UNet-F0 on the WAF group demonstrate better discrimination of the AF 

segments when assigned to the Y−
AF. Among all models, the D-UNet-F0 

achieved the highest overall accuracy (OAcc) of 97.9 ± 1.6, 99.8, and 
92.0 on the DSCV-Y, DST-Y, and DST-M, respectively. Other key metrics 
could not be effectively determined for the D-UNet-F0 due to the 
absence of a positive class (AF) in the WAF group. It should be noted that 

Fig. 5. Contour graphs (left panel) depicting the interactions between each pair of hyper-parameters and monitored Sørensen-Dice coefficient (SDC) as a results of 
Bayesian optimization (BO). Relative contribution of individual hyper-parameters to a BO optimization goal evaluated by fANOVA (right panel). The search focused 
on optimizing the most relevant hyperparameters, namely the depth of the encoder DE – number of residual layers, DL – number of residual blocks in the encoder 
residual layer, FL – the size of the filters in the residual layers, FIN – the size of the input convolution filters, NC – the number of 1x1 expansion/compression filters, CR 
– the cardinality of the receptive layer fR. 

Fig. 6. Contour graphs depicting the interactions between L FTL parameters α, β, γ and their contribution to the monitored Sørensen-Dice coefficient (SDC, left 
panel), precision (middle panel), and recall (right panel) as a results of Bayesian optimization. 
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some of the key results are likely inconclusive. On DST-Y, only a limited 
number of WAF signals were available, introducing highly biased re
sults. Moreover, a presence of a small amount of mislabeled true posi
tives because of manual annotation in the DST-M caused a significant 
drop in the MCC. 

5.2.3. Cross-signal variations in MCC and Acc 
Fig. 7 depicts the cross-signal variations in segmentation perfor

mance across different model designs. In the WAF group D-UNet-L 
overperforms both D-UNet and UNet-L in term of the MCC, however the 
metric can be only considered valid for the cross-validation dataset 
DSCV-Y. Here, D-UNet-L has the highest median MCCs 92.9 % (IQR 
81.0–95.5 %) compared to 84.8 % (IQR 31.7–92.9 %) and 82.4 % (IQR 
19.2–93.2 %) achieved by the D-UNet and UNet-L, indicating large 
variations across different WAF B-EGMs. While D-Unet-F0 systemati
cally underperforms in the WOAF group, it is highly capable in correctly 
classifying AF segments into negative class Y− , as demonstrated by very 
low dispersion in Acc with IQR concentrated between 96.6 and 100 % 
and 88.3–95.2 % on DSCV-Y and DSCV-M, respectively. 

In the WAF group, D-UNet-L outperformed both D-UNet and UNet-L 
in terms of MCC. However, this metric is only valid for the cross- 
validation dataset DSCV-Y. Here, D-UNet-L achieved the highest me
dian MCC of 92.9 % with an IQR of 81.0–95.5 %, compared to 84.8 % for 
D-UNet (IQR 31.7–92.9 %) and 82.4 % for UNet-L (IQR 19.2–93.2 %), 
indicating large variations across different WAF recordings. While D- 
Unet-F0 systematically underperformed in the WOAF group, it exhibited 
exceptional capability in correctly classifying AF segments into the 
negative class Y− , as evidenced by very low dispersion in Acc with IQRs 
concentrated between 96.6 and 100 % and 88.3–95.2 % on DSCV-Y and 
DSCV-M, respectively. 

5.3. Comparison of instance-level performance 

5.3.1. Per-beat delineation errors 
Table 4 summarizes the delineation errors of the atrial B-EGMs 

boundaries. After excluding detections outside the tolerance interval 
(see Section 4.5.2), the results demonstrate relatively consistent errors 
across all models. The D-UNet-L exhibited a marginally lower overall 
RMSE on datasets comprising the Y cohort, with values of 7.4 ± 0.5 ms 
and 7.2 ms on the DSCV-Y and DST-Y, respectively. In individual cate
gories, the D-UNet-L and its non-dilated variant, UNet-L, consistently 
provided slightly more accurate results, particularly on the test sets DST- 
Y and DST-M. For instance, the D-UNet-L exhibited exceptional capa
bility in estimating the onset of abnormal beats (AB), with the lowest 
RMSE of 4.5 ms on DST-Y and 6.7 ms on DST-M. 

Both D-UNet-L and UNet-L also demonstrated improved delineation 
errors for the B-EGMs offsets. In this instance, the UNet-L without 
receptive field achieved a slightly superior overall RMSE of 7.1 ± 0.1 on 
DSCV-Y compared to the D-UNet-L’s 7.8 ± 0.4. This trend reversed on 
DST-Y, where the D-UNet-L outperformed UNet-L with an overall RMSE 
of 5.7 ms compared to 6.3 ms. On DST-M, which consisted of adult pa
tients, the results were comparable across all models. 

5.3.2. The delineation accuracy grades 
Fig. 8 summarizes the distribution of accuracy grades across all 

models. The results indicate that between 60 % and 80 % of the 
boundaries can be delineated with a deviation of ≤ 10 ms (highly ac
curate or accurate) in most cases, across all datasets and models, 
excluding stimulated (ST) atrial B-EGMs. The left panel of Fig. 8 high
lights a significant drop in delineation accuracy in DST-Y. Upon visual 
inspection, we discovered significant systematic overestimation of the 
ST annotations, suggesting high intraindividual variability in localizing 
B-EGMs onsets in the presence of pacing artifacts. 

Another substantial decrease in measurement accuracy was observed 

Table 2 
Sample-level evaluation of semantic segmentation performance for B-EGMs containing isolated atrial beats without atrial fibrillation (WOAF). Cross-validation results 
for DSCV-Y expressed as mean ± standard deviation.  

Model Dataset SDC (%) Recall (%) Precision (%) MCC (-) OAcc (%) 

D-UNet DSCV-Y 87.0 ± 1.8 89.9 ± 2.0 84.5 ± 3.6 0.855 ± 0.021 97.2 ± 0.6 
DST-Y 83.2 93.2 75.2 0.819 96.5 
DST-M 79.7 79.6 79.8 0.776 96.2 

D-UNet-L DSCV-Y 87.0 ± 2.1 87.0 ± 1.9 87.1 ± 4.3 0.855 ± 0.025 97.2 ± 0.6 
DST-Y 88.0 91.2 85.1 0.868 97.7 
DST-M 81.8 82.0 81.6 0.799 96.6 

UNet-L DSCV-Y 86.8 ± 2.9 86.0 ± 2.8 87.6 ± 4.1 0.852 ± 0.034 97.2 ± 0.8 
DST-Y 85.2 89.3 81.4 0.837 97.1 
DST-M 77.4 73.7 81.4 0.753 95.9 

D-UNet-F0 DSCV-Y 85.1 ± 0.9 81.1 ± 2.2 89.7 ± 2.1 0.836 ± 0.010 97.1 ± 0.3 
DST-Y 79.9 80.0 79.9 0.779 96.3 
DST-M 75.0 64.7 89.4 0.740 95.9  

Table 3 
Sample-level evaluation of semantic segmentation performance for B-EGMs containing atrial fibrillation (WAF). Cross-validation results for DSCV-Y expressed as 
mean ± standard Deviation (NA: metric not applicable for unlabeled AF category).  

Model Dataset SDC (%) Recall (%) Precision (%) MCC (-) OAcc (%) 

D-UNet DSCV-Y 92.9 ± 3.2 95.8 ± 2.9 90.6 ± 6.5 0.713 ± 0.028 89.5 ± 3.9 
DST-Y 98.5 99.8 97.2 0.795 97.2 
DST-M 79.6 66.5 99.2 0.072 66.5 

D-UNet-L DSCV-Y 93.5 ± 3.3 98.2 ± 1.4 89.6 ± 6.4 0.725 ± 0.067 90.3 ± 4.1 
DST-Y 98.5 99.9 97.1 0.796 97.2 
DST-M 89.1 81.0 99.0 0.078 80.5 

UNet-L DSCV-Y 90.0 ± 4.7 89.2 ± 8.7 91.8 ± 6.0 0.656 ± 0.058 86.0 ± 5.8 
DST-Y 98.6 99.6 97.6 0.813 97.4 
DST-M 74.4 59.7 98.8 0.024 59.5 

D-UNet-F0 DSCV-Y NA NA NA NA 97.9 ± 1.6 
DST-Y NA NA NA NA 99.8 
DST-M NA NA NA NA 92.0  
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between the non-dilated UNet-L and models with an increased receptive 
field. The combined highly accurate and accurate delineation of ST 
offsets dropped from 72.8 % on DST-M to 44.7 %, 49.4 %, and 41.4 % for 
D-UNet, D-UNet-L, and D-UNet-F0, respectively. Furthermore, D-UNet- 
F0 demonstrated higher delineation errors, with a combined score of 
34.4 %, on DST-U as well. This further supports the hypothesis of 
possible overfitting of the model in specific cases if not subjected to 
recognizing WAF B-EGMs as atrial activity during training. 

All models performed well in the case of the AB B-EGMs onset, which 
is crucial for the extraction of clinically important CLs during patho
logical rhythms. In this instance, the non-dilated UNet-L and the refer
ence D-UNet-L exhibited the best performance, with average 
delineations below 10 ms for 90.4 % and 84.5 % of onsets, respectively. 
Overall, the reference model D-UNet-L achieved 61.5 % highly accurate 
delineations, 20.8 % accurate delineations, and 17.7 % inaccurate 

delineations across all datasets, B-EGM groups, and boundaries. 
Fig. 9 demonstrates the detection and delineation capability of D- 

UNet-L with challenging B-EGMs involving ongoing arrhythmias. These 
arrhythmias include AV dissociation, transition from sinus rhythm to 
rapid atrial fibrillation, and coinciding AV beat during AV node reentry 
tachycardia. The fusion of atrial complexes with ventricular complexes 
can be observed in each case. 

5.4. Data augmentations 

The impact of data augmentation (DA) transformations was assessed 
through an ablation study using the first two subsets of DSCV-Y for 
training and the third subset for validating the D-UNet-L model. 
Comprehensive findings of the DA ablation study are presented in the 
Supplementary material. Most notably, the difference between the 

Fig. 7. Violin graphs representing the distribution of the Matthew’s correlation coefficient (MCC, left panels) and accuracy (Acc, right panel) across individual B- 
EGM recordings. Both, MCC and Acc are depicted independently for DSCV-Y (top row), DST-Y (middle row), and DST-M (bottom row) datasets. Whiskers represents 
minimum and maximum value of monitored metrics, middle horizontal line and black rectangle denotes the median and inter-quartile ranges, respectively. NA: 
metric not available for unlabeled AF category (MCC for D-UNet-F0 on DST-M) or limited number of WAF signal available (MCC and Acc on DST-Y WAF group). 
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Table 4 
Instance-level evaluation of atrial complex delineation performance for SB, AB, and ST B-EGMs groups. Cross-validation results for DSCV-Y expressed as 
mean ± standard deviation (RMSE – root mean squared error).  

Model Dataset Onset RMSE (ms) Offset RMSE (ms)   
Overall SB AB ST Overall SB AB ST 

D-UNet DSCV-Y 8.0 ± 0.2 8.1 ± 0.1 8.1 ± 0.2 5.6 ± 1.8 8.3 ± 0.4 6.6 ± 0.6 9.5 ± 0.7 8.7 ± 1.4 
DST-Y 9.2 6.2 6.3 19.2 6.1 4.5 6.4 8.7 
DST-M 10.5 10.1 11.3 9.8 11.6 10.4 12.5 13.3 

D-UNet-L DSCV-Y 7.4 ± 0.5 7.9 ± 0.5 7.2 ± 0.6 5.6 ± 1.0 7.8 ± 0.4 6.1 ± 0.5 8.5 ± 0.9 11.1 ± 0.8 
DST-Y 7.2 6.1 4.5 14.2 5.7 4.7 4.7 7.9 
DST-M 9.3 9.5 9.5 8.0 12.2 10.6 13.5 14.1 

UNet-L DSCV-Y 7.6 ± 0.2 8.0 ± 0.4 7.4 ± 0.5 5.6 ± 1.6 7.1 ± 0.1 5.7 ± 0.5 7.8 ± 0.2 9.2 ± 1.2 
DST-Y 7.5 5.6 5.3 16.3 6.3 4.7 6.0 11.3 
DST-M 9.4 11.0 6.7 6.7 11.9 10.8 13.3 12.6 

D-UNet-F0 DSCV-Y 8.3 ± 0.6 8.4 ± 0.7 8.2 ± 0.2 6.5 ± 2.4 7.5 ± 0.2 5.7 ± 0.5 8.5 ± 0.5 9.4 ± 0.5 
DST-Y 7.7 6.5 6.1 24.0 9.4 5.1 7.3 21.7 
DST-M 8.9 10.2 7.0 7.4 12.3 11.8 12.3 14.1  

Fig. 8. Stacked bar charts summarizing the differences in the relative distributions of highly accurate (≤5 ms, dark gray rectangle), accurate (≤10 ms, gray rect
angle), and inaccurate (>10 ms, light gray rectangle) delineation errors for B-EGMs onsets (left panel) and offsets (right panel) across the DSCV-Y, DST-Y, and DST-M 
datasets (top, middle, and bottom rows, respectively). 
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training and validation SDCs was − 0.3 % with the DA pipeline and 7.7 % 
after complete ablation. Disabling DAs resulted in a 2.7 % decrease in 
overall validation SDC and a 5.3 % increase in training SDC, high
lighting the significance of DAs in this work. 

5.5. Robustness of artificial noise 

The robustness of the method model was evaluated for a reference 
model D-UNet-L under varying noise conditions by independently 
introducing synthesized Gaussian white noise (GWN) and 50 Hz power 
line interference (PLI) to each signal at decreasing SNR levels ranging 
from 20 dB to 0 dB. PLI is a prevalent interference commonly observed 
in ECG/EGM signals. While it can be effectively mitigated using band- 
stop filters, it can induce distortions in the B-EGM morphology. GWN, 
on the other hand, poses a unique challenge by resembling the random 
nature of AF B-EGMs and slow-propagating waveforms in scar tissue. 
The noise was added to all accessible leads, and its intensity was 
adjusted according to the equivalent SNR in each channel. For this 
specific testing scenario, the D-UNet-L model was trained on the first two 
subsets of the DSCV-Y dataset, while the third subset was utilized to 
assess its noise robustness. 

5.5.1. The effect of noise on a sample-level performance 
Fig. 10 shows sample-level performance of D-UNet-L with SDC 

gradually degrading when signal quality decreases up to a critical level 
of 5 dB for both PLI, and particularly GWN. In the latter case the SDC was 
substantially reduced from 88.2 % to 83.5 % after reaching SNR of 0 dB. 
This was primarily due to elevated frequency of false positives repre
sented by a drop in precision by 9.1 % and 1.5 % for GWI and PLI, 
respectively. 

5.5.2. The effect of noise on the delineation errors 
In correctly identified atrial complexes, no statistically significant 

change was observed in delineation errors (represented by ME and 
RMSE) compared to errors without artificial noise, up to an SNR of 0 dB, 
as depicted in Fig. 11. A 5 dB noise level was identified as a critical 
threshold, particularly in determining atrial offset. A further reduction 
in SNR (to 0 dB) resulted in a systematic deviation from reference 
values, with ME increasing from 1.52 to 2.61, and 1.39 to 2.17 ms for 
GWN and PLI, respectively. Simultaneously, RMSE worsened for both 
GWN and PLI, reaching 9.60 ms and 8.73 ms, respectively, compared to 
8.28 ms and 7.96 ms at 5 dB. The only significant difference in the 
variance of residuals tested (α = 0.01 after Bonferroni correction) 
against the baseline state (NA) was found in the determination of atrial 
offset for both GWN (p < 0.0001) and PLI (p < 0.001). 

Figs. 12 and 13 showcase the delineation performance in high- and 
low-quality B-EGMs. In Fig. 12, the D-UNet-L model demonstrates 
remarkable performance in heavily contaminated B-EGMs. In contrast, 

Fig. 9. Detection and delineation performance of D-UNet-L in challenging B-EGMs comprising of ongoing arrhythmias with fused atrial (red marked segments) and 
ventricular complexes (low frequency complexes in top and middle panel; high frequency complexes preceding atrial activation in the bottom pane). From top to 
bottom: AV dissociation (a); transition from sinus rhythm with premature atrial beats to atrial fibrillation (b); and a coinciding AV beat during AV node reentry 
tachycardia (c). In all cases properly detected interatrial CLs may help raise notification during the procedure for possible intervention. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 13 presents a purposefully selected low-voltage atrial B-EGMs 
polluted with GWN and two distinct types of failures associated with the 
D-UNet-L and D-UNet-F0 models. 

6. Discussion 

In complex mapping procedures, numerous individual beats may be 
omitted from the annotation process due to predefined validation 
criteria and a narrow user-defined window of interest. The available 
filtering and detection techniques offered by modern electrophysiolog
ical acquisition systems often prove inadequate in handling partially 
fused beats, thus, fully manual measurements still prevail as a result. It 
can be attributed to several factors, including a lack of confidence in the 
measurement reproducibility of automated methods, the computational 
complexity involved, and the requirement for certification processes. 

Deep learning techniques have exhibited noteworthy advancements 
in performance for various challenging segmentation tasks within the 
medical domain, thereby aiding decision-making and improving time 

efficiency [63]. However, they are prone to overfitting when provided 
with insufficient amount of variable data. By employing intrinsic regu
larization techniques and architectural optimization adjustments, a 
lightweight deep neural model for B-EGMs segmentation with robust 
generalization capability and resilience to typical EP laboratory inter
ference can be established even with a relatively constrained dataset. 

6.1. Performance analysis 

The D-UNet-L model demonstrates robust detection and delineation 
performance comparable to manual annotation, while offering distinct 
advantages over existing techniques due to its ability to handle diverse 
fusion beat types and extended sequences with irregular F-waves. The 
model exhibits significantly superior generalization capability across 
diverse patient cohorts and subsets of the data compared to other 
explored variants. This is evidenced not only by overall evaluation 
metrics but also by reduced performance variability across individual B- 
EGM recordings, despite a slightly higher RMSE in estimating 

Fig. 10. Sample-level semantic segmentation performance analysis of the D-UNet-L model under varying signal-to-noise ratio (SNR) conditions: The D-UNet-L 
model’s performance is evaluated using Dice score (left panel), recall (middle panel), and precision (right panel) metrics, with Gaussian white noise (GWN, black 
rectangle) and power line interference (PLI, grey circle) introduced independently at decreasing SNR levels from 20 dB to 0 dB (NA – default conditions without 
artificial noise). 

Fig. 11. Instance-level delineation performance analysis of the D-UNet-L model under varying signal-to-noise ratio (SNR) conditions: The delineation performance is 
evaluated independently for atrial complex onset (black rectangles) and offset (grey circles) using ME (left panel) and RMSE (right panel) metrics, with Gaussian 
white noise (GWN) and power line interference (PLI) introduced independently at decreasing SNR levels from 20 dB to 0 dB (NA – default conditions without 
artificial noise). 
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electrogram offsets. The most consistent delineation errors are observed 
across different types of atrial beats, which can be attributed to the 
increased morphological variations, rebalanced loss function, and more 
challenging optimization goals imposed by artificial label noise. 

6.1.1. Wide receptive layer 
The incorporation of a wide receptive layer with exponentially 

increasing dilation factor in convolution kernels enhanced the semantic 
analysis of extended sequences with atrial fibrillation in the WAF group, 
as demonstrated by a decline in performance of the ablated UNet-L 
model on DSCV-Y and DST-M, the datasets that primarily contained 
WAF B-EGMs. Surprisingly, higher segmentation scores were also 
observed for dilated models in groups of regular atrial B-EGMs. Never
theless, further analysis revealed an increase in onset and offset 

Fig. 12. A comparison of the detection and segmentation performance of the D-UNet-L model is presented for both high (top panel) and low-quality signals (middle 
and bottom panel). B-EGMs were corrupted with 50 Hz power line interference (middle panel) and additive Gaussian white noise (bottom panel) to achieve a signal- 
to-noise ratio of 0 dB. Minimal deviation from the reference can be observed for both cases. 

Fig. 13. The segmentation performances of two different models, D-UNet-L (top panel) and D-UNet-f0, are compared on low-quality B-EGMs. D-UNet-L, trained with 
AF B-EGMs labeled as the positive class, exhibited misclassification of isoelectric segments subjected to Gaussian white noise. In contrast, D-UNet-f0, trained with AF 
B-EGMs marked as the negative class, exhibited enhanced resistance to random noise but still failed in atrial complex detection. Note the peak-to-peak amplitude of 
B-EGMs in this case is substantially lower (below 1 mV) compared to normal B-EGMs. The SNR for both signals was 0 dB. 
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measurement errors compared to the non-dilated UNet-L, which ach
ieved a slightly larger proportion of errors below 5 ms in multiple B- 
EGM types. This may imply improved discrimination of isolated B-EGMs 
from other complexes and interference, albeit at the cost of measure
ment accuracy. 

6.1.2. Exponentially weighted Tversky loss 
The imbalance in the label distribution can lead to a higher mis- 

segmentation rate for objects of interest that are inherently small or 
have intrinsic features that make them more difficult to segment. 
Tversky loss encourages the model to produce spatially coherent seg
mentations by focusing on overlap rather than sample-wise modeling of 
conditional probabilities, similarly to other geometrical loss functions 
using Sørensen-Dice or Jaccard metrics. By penalizing false positives 
more than false negatives with a β of 0.6, the trade-off between precision 
and recall was significantly improved compared to the widely used 
Sørensen-Dice loss (α = 0.5, β = 0.5, γ = 1) for all models trained with 
the rebalanced Tversky loss in the segmentation of WOAF B-EGMs. 
Notably, the trade-off remained practically the same across test sets 
DST-Y and DST-M. No comparable generalization was achieved through 
manual optimization of the decision threshold, a traditional technique 
for improving model performance without directly affecting trained 
features. Thus, we hypothesize that, specifically for our dataset, utilizing 
the rebalanced loss function during training enables the model to learn a 
better latent representation and generate well-calibrated conditional 
probabilities. 

Further improvement in discriminating isolated beats within the 
WOAF group was attained by optimizing the trade-off between penalties 
for challenging positive B-EGM samples. For an exponential weight γ 
less than 1, the Tversky loss diminishes the contribution of easy to 
segment B-EGMs on the overall penalization. This step proved to be 
beneficial for highly imbalanced data and has been previously reported 
in [52,53]. Exploratory analysis provided in this study revealed 
enhanced delineation accuracy across multiple datasets. The lowest 
delineation RMSE values for both overall and individual beats (SB, AB, 
and ST) were achieved for two models optimized with rebalanced 
Tversky loss, the D-UNet-L and UNet-L. Both models also demonstrated a 
greater proportion of highly accurate and accurate delineation grades. 
Nonetheless, there remains substantial room for improvement, partic
ularly in ST beats and the ambiguous B-EGMs offsets, which poses a 
challenge even for expert annotation. Inaccurate boundary adjustments 
could potentially be addressed by incorporating region proposal net
works [64,65] and extending the optimization objective towards 
bounding box regression with penalization based on more sophisticated 
geometric measures. 

6.1.3. Labeling of atrial fibrillation 
Annotating AF signals as a positive class enhanced the model’s reg

ularization and its capacity to recognize regular beats. This can be 
attributed to the heightened morphological variations and more 
demanding optimization objectives presented by the artificial label 
noise introduced by this labeling strategy. The F-waves may exhibit 
either randomly distributed electrical activity or more structured com
plexes with fluctuating amplitude and duration. By treating these oc
currences as a continuous segment irrespective of signal complexity, it is 
plausible that overconfidence bias was attenuated. However, this also 
resulted in a significant decrease in accurately classified signal samples 
within the WAF group compared to the D-UNet-F0 model trained with 
inverse labeling. 

Exploring alternative labeling strategies, such as a multi-class 
approach for differentiating regular B-EGM complexes from irregular 
AF segments, may provide fresh perspectives on the regularization ef
fect. However, we faced difficulties in achieving convergence for this 
scenario owing to the inadequate number of WAF segments available. 

6.2. Generalization in low quality signals 

El Haddad et al. [24] determined a signal-to-noise ratio (SNR) cutoff 
of 12.8 ± 1.3 dB to be critical for distinguishing between low and high- 
quality signals using traditional thresholding methods. Our study 
examined the behavior of the D-UNet-L reference model in the presence 
of artificial white noise (GWN) and power-line interference (PLI). 

The D-UNet-L maintained satisfactory performance down to an SNR 
of 5 dB in detecting the onset and offset of B-EGM complexes. However, 
below this threshold, the correct identification of isolated atrial beats 
significantly deteriorated, as did the error between detected boundaries 
and reference annotations. It is worth noting that noise-aware DA was 
employed during the training, setting the SNR limit to 5 dB for both 
GWN and PLI. 

Exploring different DA parameters or implementing adaptive 
training schedules could potentially enhance the model’s robustness in 
specific scenarios. However, conducting an extensive study in this area 
would require a substantial number of additional experiments, which 
exceeded the scope of this work. Thus, a constant configuration for DA 
pipeline was maintained during all experiments. 

Although assigning WAF signals to the positive class improved the 
overall SDC, it made the model more vulnerable to the tested types of 
interference, resulting in an increased number of false positive de
tections as the signal quality degraded. Further analysis revealed that 
the D-UNet-L model often confused GWN for F-waves, particularly in the 
presence of low SNR. This issue was mitigated in the D-UNet-F0 model, 
which was trained without annotated WAF segments and prioritized the 
accurate identification of discrete atrial complexes. 

6.3. Evaluating the performance relative to other studies 

Several challenges hinder the fair comparison of automated EGM 
detection and delineation algorithms. Up to this point, most datasets 
employed by other researchers have consisted of highly selective patient 
cohorts comprising only a limited number of individuals, typically in the 
tens. Moreover, a significant portion of these datasets remain inacces
sible to the public, precluding a comprehensive performance evaluation. 
The restricted number of patients often necessitates the fine-tuning of 
the algorithm on the same dataset utilized for testing, introducing po
tential biases. 

Existing works have predominantly focused on specific procedural 
aspects of the EP study. For instance, Nothstein et al. [14] primarily 
concentrated on analysing restitution curves during programmed stim
ulation protocols, while Hajimolahoseini et al. [28] evaluated their al
gorithm on single-lead B-EGMs acquired during atrial fibrillation. 
Alcaine et al. [22] employed ventricular B-EGMs from patients to design 
an automated algorithm for mapping idiopathic outflow tract ventric
ular arrhythmias, Treo et al. [18] utilized electrograms from canine 
hearts, and Haddad et al. [23] exclusively focused on patients with atrial 
tachycardia in their study. 

Hajimolahoseini et al. [28] achieved overall standard deviations 
(SDs) of 9.0 ms and 12.6 ms, respectively, for the delineation of B-EGM 
onset and offset. Alcaine et al., in two separate studies, obtained SDs of 
12.3 ms [29] and 10.9 ms [22] for LAT annotations in ventricular B- 
EGMs. While both methods demonstrate comparable performance, 
delineation of B-EGMs with irregular F-waves in [28] can be regarded as 
more challenging compared to ventricular B-EGMs with significantly 
higher signal-to-noise ratio (SNR) as explored in [29]. In contrast, our 
referential model, D-UNet-L, achieved average root mean square errors 
(RMSEs) of 8.0 ms and 8.6 ms for B-EGM onset and offset delineation, 
respectively, across all datasets. This suggests significantly lower 
delineation errors, albeit for different case scenarios and utilizing 
advanced ML models together with information from all available leads. 

Nohstein et al. [14] reported absolute measurement errors between 
3.5 and 7.5 ms in 50 % of cases, depending on electrode placement. 
Alcaine et al. [22] reported that 51 % of LAT detection errors 
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were ≤ 5 ms, 23 % were ≤ 10 ms, and 26 % were > 10 ms. Among the 
compared studies, the work of Nohstein et al. [14] exhibits the most 
similar objectives. In this regard, our D-UNet-L based method out
performs the previous method, achieving 61.5 % of onset and offset 
delineations combined with errors less than 5 ms, 20.8 % with er
rors ≤ 10 ms, and 17.7 % with errors > 10 ms. With a similar grading 
system, Haddad et al. [23] reported higher overall accuracy in both 
high- and low-quality B-EGMs, with 80 % of onset errors ≤ 5 ms, 15 % 
with errors ≤ 10 ms, and 5 % with errors greater than 10 ms. It is 
important to note, however, that these results are reported for a single 
type of regular arrhythmia. 

The general lack of comprehensive evaluation across diverse data
sets, patient cohorts, and procedural settings makes thorough assess
ment of the true capabilities of automated EGM detection and 
delineation algorithms challenging. To address these limitations, future 
research should focus on developing standardized datasets and evalua
tion protocols that encompass a wider range of patient populations. 

6.4. Limitations 

Our study has yielded valuable insights, but it is essential to address 
the limitations that may impede its overall generalizability. Although 
deep neural network (DNN) models demonstrated robust performance 
in handling fusion B-EGM beats involving far-field ventricular com
plexes, they often encountered difficulties in accurately identifying the 
atrial complex or its boundaries when the atrial and ventricular B-EGMs 
exhibited similar spectral characteristics. 

The datasets inherently comprise a broad spectrum of morphological 
variations in both atrial and ventricular complexes from two different 
patient cohorts. This variability was further amplified by the utilization 
of DA techniques. However, it is essential to recognize that the re
cordings obtained from the coronary sinus exclusively represent a spe
cific region within the heart. Consequently, undertaking a 
comprehensive assessment using B-EGMs from other anatomical struc
tures, both healthy and pathologically altered, is indispensable to 
identify potential errors that may arise when extrapolating beyond the 
available data. Given the expenses associated with manual annotation, 
fine-tuning the hyperparameters of the DA pipeline and exploring more 
intricate generative techniques could prove instrumental in overcoming 
these limitations. 

Alternative strategies for modelling long-term temporal context, 
such as recurrent neural networks [66], self-attention layers [67], or 
increasing the number of residual stages, may potentially enhance the 
model’s performance. However, both recurrent neural networks and 
attention layers are computationally expensive, and the depth of the 
model is constrained by the Nyquist-Shannon theorem, particularly 
when dealing with objects of relatively short duration. Conversely, this 
method was found to be a source of performance degradation due to 
overparameterization. It should be emphasized that directly comparing 
these architectural blocks can be misleading, given the intricate rela
tionship between the number of parameters, computational complexity, 
and information capacity. In the case of dilated kernels, the receptive 
field expands exponentially with the dilation factor, while the increase 
in the number of parameters remains linear. By simply setting a dilation 
factor of 1, we can evaluate its impact without making significant 
changes to the model’s structure. 

The primary limitation of the proposed method lies in its reliance on 
a fixed number of input channels and globaly estimated boundaries for 
the B-EGM complex. To address the fixed input size, an alternative 
approach is to incorporate multiple input heads that correspond to the 
required number of inputs [46]. Furthermore, to compress the spatio- 
temporal distribution of electrical wave propagation across multiple 
channels, learnable pooling functions such as RNN-based pooling [68] 
or self-attentive pooling [69] can be employed. When dealing with 
scenarios where only global labels are available, techniques like 
gradient-weighted class activation mapping [70] and multiple instance 

learning [71,72] could be used to capitalize on incomplete knowledge 
and highlight relevant regions and fine-grained channel-wise features 
for predicting the general concept. 

While the dataset encompasses recordings with a diverse range of 
cardiac rhythm disorders and comprises a substantial number of indi
vidual subjects compared to other published studies, certain rhythm 
disorders do not originate from structural myocardial impairments but 
rather result from procedural interventions. Additionally, it is worth 
mentioning that the boundary annotations have not undergone cross- 
validation, which would aid in mitigating uncertainties related to 
onset and offset determination. 

6.5. Clinical implications 

Traditional manual assessment during EP studies is time-consuming 
and prone to inter-rater variability. Automated algorithms for the 
delineation of atrial B-EGMs and extraction of intracardiac CLs offer a 
promising solution to streamline the assessment process, ensuring 
reproducibility and reducing the reliance on human interpretation. By 
automatically identifying and extracting atrial B-EGMs, these algorithms 
can accelerate the acquisition process during mapping procedures, 
minimizing the number of rejected beats caused by noise or super
imposed waveforms. A reliable measurement of intracardiac CLs 
through automated analysis can enhance real-time monitoring of the 
patient’s rhythm during EP procedures, providing crucial early warnings 
or safety triggers for pacing and ablation systems. Furthermore, the 
automated segmentation pipeline can be effectively employed in post- 
procedural electrophysiology research and automated ECG waves la
beling, further expanding its applications. 

7. Conclusion 

The method presented in this study facilitates automated extraction 
of fundamental inter-atrial cycle lengths from clinical data during 
interventional electrophysiology procedural stages including various 
atrial and ventricular pacing protocols, early activation mapping, and 
ongoing arrhythmias. 

Exploratory analysis revealed exponentially weighted Tversky loss, 
when rebalanced to decrease the importance of easy to classify samples, 
significantly improved generalization capability across independent test 
sets. By extending a temporal context modeled by a receptive layer with 
widely dilated convolution kernels, the model improved its classification 
performance of longer sequences with atrial fibrillation. Surprisingly, it 
also slightly contributed to higher segmentation scores for regular atrial 
beats, yet with slight decrease in the delineation accuracy. 

Annotating AF signals into a positive class enhanced regularization 
of the model and its ability to identify regular beats. However, this also 
resulted in a substantial decline in performance on AF rhythm when 
compared to model trained with inversed class assignment. 

Basic noise-aware and morphology data augmentations demon
strated exceptional ability to mitigate potential overfitting, as evidenced 
by the virtually negligible difference in evaluation metrics between 
training and validation sets. However, in tasks involving analysis of F- 
Waves naturally exhibiting random characteristics, augmentation with 
Gaussian noise should be employed with caution, as it can lead to a 
model with heightened susceptibility to noise. 

It is crucial to recognize that our proposed method exhibits certain 
limitations. Additional research is necessary to enable processing of an 
arbitrary number of input channels and accurately identify the bound
aries of a single-channel electrogram. Addressing these limitations will 
contribute to the advancement of fully automated electrogram delin
eation in clinical applications. 
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