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Abstract

Advancements in clinical diagnosis of heart disease are
driven by technological innovations and signal processing
developments. ECG segmentation, particularly QRS com-
plex detection, plays a crucial role in cardiac cycle anal-
ysis. Deep learning has revolutionized automated ECG
analysis, enhancing diagnostic accuracy significantly.

This paper proposes an optimized Region Proposal
Network (RPN) architecture for QRS complex detection,
specifically designed for 1D signals. Leveraging a vast
ECG dataset, extensive data augmentation, feature extrac-
tion, and RPN-based QRS detection were employed.

Our method achieved a QRS detection F, score of
up to 99 %, highlighting its high reliability. Further-
more, QRS complex delineation exhibited deviations typ-
ically within 8 ms. The results were verified using a pub-
licly available Lobachevsky University Electrocardiogra-
phy Database (LUDB), with validation yielding F; score
of 91.59 % for QRS detection and RMSE of 10.38 ms for
ORS complex delineation.

The optimized RPN architecture for QRS complex detec-
tion presents a promising solution for efficient ECG anal-
ysis.

1. Introduction
The electrocardiogram (ECG) is a fundamental tool for

diagnosing various cardiac pathologies. Accurate segmen-
tation of the ECG waveform, particularly the QRS com-
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plex, is crucial for rhythm analysis [1] and risk assess-
ment in depolarization disorders. Precise QRS delineation
is particularly important in signal-averaged ECG (SA-
ECG) methods, where high signal-to-noise ratio (SNR) is
achieved through the alignment and aggregation of numer-
ous QRS complexes.

Current QRS delineation methods face several chal-
lenges. Conventional expert systems and machine learning
(ML) algorithms often rely on hand-crafted rules that may
not capture the wide variability of QRS waveforms across
different patient cohorts. Furthermore, conventional se-
mantic segmentation approaches require fine-grained tem-
poral features, resulting in high computational overhead
and the need for additional post-processing due to non-
contiguous region boundaries. Inaccurately detected QRS
boundaries necessitate further computationally expensive
steps during the alignment process in SA-ECG methods.

This paper proposes a novel end-to-end approach for
precise QRS complex delineation based on a temporal
region-based convolutional neural network (tR-CNN). R-
CNNs [2] are two-stage deep learning (DL) architectures
that combine the identification of region candidates fol-
lowed by boundary refinement and classification.

Prior attempts [3] have explored R-CNNs for QRS de-
tection using an inefficient image-based approach on a
2D signal representation. Herein, we present an efficient
R-CNN architecture built upon a ResNet backbone cus-
tomized for processing the 1D representation of multi-
lead ECGs. Our model is designed for fast and accurate
QRS delineation, allowing further extension to end-to-end
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QRS alignment, morphology-based sorting, and classifi-
cation. This has the potential to significantly reduce the
post-processing required for SA-ECG analysis.

2. Methods

2.1. MediBeat Database

An internal 12-lead ECG database (MediBeat) from
10 917 patients was used for training and model optimiza-
tion. The basic demographics are summarized in Table 1.
The measurements were conducted in accordance with eth-
ical principles. Each patient was characterized by one
representative — an ECG cycle that was generated as the
median of several heartbeats during a 10-second 12 chan-
nel ECG measurement. Each representative was annotated
with QRS onset and offset points.

For the purpose of network training, the dataset was ran-
domly divided into training and test sets in the ratio 50:50.
The training set was further divided into 5 folds for the pur-
pose of k-fold cross-validation. Eight uncorrelated chan-
nels where used as input.

2.2. Lobachevsky University Electrocar-
diography Database

Our proposed method was tested on the Lobachevsky
University Electrocardiography Database (LUDB) [4].
This publicly available database contains 12-lead ECGs
from 200 patients. The main reason why this database was
chosen is that all signals contain annotations related to the
onset and offset of the QRS complex. The fact that the
database contains different types of arrhythmias (I degree
AV-block, Left anterior hemiblock) is also an advantage
for the verification of correct functionality. The database
characteristics are summarized in Table 1.

Table 1. Demographic description of the databases used

‘ Attribute ‘ MediBeat DB ‘ LUDB ‘
Number of subjects 10917 200
Average age [years] 65 52
Sex: females 5271 85
Length of sample [s] 1.2 10
Sampling frequency [Hz] 500 500

2.3. Feature Extraction

The feature extraction process involves creating a fea-
ture map from input data. While many studies in image
processing rely on architectures like ResNet-101 [2] for
this purpose, our model employs an approach tailored for
cardiac electrograms.

Instead of using conventional image processing archi-
tectures, we utilized a 1D ResNet specifically developed by
the authors for processing cardiac electrograms [S]. This
model decomposes the signals in four layers, with increas-
ing the number of filters (8, 56, 104, 152). Additionally,
the signals are undersampled by half in each layer, with
one layer consisting of six residual blocks, and the output
of each layer is processed with an anti-aliasing filter. Sub-
sequently, feature maps undersampled by factor of 16 are
utilized for proposal estimation.

The architecture was optimized using Bayesian opti-
mization, ensuring efficient parameter tuning and model
performance enhancement.

2.4. Region Proposal Network

A key component of the model is the Region Proposal
Network (RPN) [2]. In contrast to semantic segmentation’s
approach of classifying each ECG sample, a RPN gener-
ates a triplet (position TI, width Tw and objectness score
Y) to define the object:

F(X) = (Ty, Tw,Y) 1)

First, anchors of different lengths (4, 6, 8 samples) are
generated for each position in the feature map. Anchors
act as indicators of object presence, with the presence of
a QRS complex within an anchor determined by the Inter-
section over Union (IoU) metric, with a threshold of 0.7.
The anchor offsets ¢, (2) and £, (3) are computed relative
to a center of reference anchor z, and its width w,. The
RPN is trained to estimate these offsets.

ty =22 @
Wq
w
tw - log(wih (3)

a
The Proposal Module (see Figure 1) consists of two
branches — regression and classification. Each branch ei-
ther infers the required offsets and determines the object-
ness score for anchors. Loss functions for each branch are
defined as follows:

Leas(y,9) = = [ylog() + (1 —y)log(1 = 9)], 4

®)

Loos(tF) = 0.5(t—1)2, iflt—1t <1
T =1 — 0.5, otherwise

The overall loss Lz (y, t) for the batch B is computed as a
weighted sum of classification and regression losses:

Wels

R w
LB(y7t) = B Z Lcls(yiayi) +

reg >
B Z Lyeg(tists),
(6)
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Figure 1. Diagram of the method used. Eight-channel sig-
nals (X)) are input to the 1D ResNet. The ninety-six chan-
nel feature map (Z) enters two branches of the proposal
box from which bounding boxes indicating the presence of
a QRS complex emerge.

where 7; represents the objectness score, f; are the
offsets for the object obtained from the RPN regression
branch, wy.y and we, are weights assigned to the two
losses, B denotes the batch size and ¢; and y; are the ref-
erences. The loss functions L., (4) and L4 (5) are de-
signed to penalize misclassifications and inaccurate regres-
sion predictions, respectively.

Network training was conducted over 140 epochs with
an initial learning rate of 0.005, which was decreased every
30 epochs by multiplying it by v = 0.5. Training data was
organized into batches of 240 samples, and hyperparame-
ters Wyeq (set to 3.0) and we, (set to 8.5) were determined
using Bayesian optimization.

3. Results and Discussion

A proposal was considered a true positive when the IoU
between the predicted boundaries and the reference QS in-
terval exceeded 0.5. Otherwise, the proposal was classified
as a false positive. If there was a situation where the QRS
complex did not overlap with a single proposal, it was la-
beled as false negative. From these three metrics, the ba-
sic statistical parameters — recall (Re), precision (Pr) and
F score — were calculated.

The position of all true positive proposals were com-
pared with the corresponding reference and Root Mean
Square Error (RMSE) for the onset and offset of the QRS
complex were calculated.

Table 2. QRS instance detection results on MediBeat DB

| Dataset | Re [%] Pr(%] | Fi[% |
Training | 99.96+.05 | 97.88+1.04 | 98.91+ .52
Validation |  99.93 99.27 99.60

Table 3. QRS delineation results on MediBeat DB

| Dataset | RMSE,,,[ms] | RMSE,;¢[ms] |
Training 8.41£.75 8.69£1.14
Validation 6.72 6.20

Results of training, validation and verification of func-
tion at MediBeat DB are captured in Tables 2 and 3, with
Table 2 presents the results of instance detection. Table
3 displays the delineation results, evaluating model pre-
cision in QRS onset/offset position estimation instances.
The training results are given in mean =+ standard devia-
tion format as the result of 5-fold cross-validation.

The achieved high Fjscore on both the training and
validation datasets is notable. Better performance on the
validation set can be probably addressed to the utilization
of dataset augmentation techniques, which were varied to
maximize signal variability.

The QRS detection results achieving a F3 of up to 99 %
demonstrate the method’s high reliability. Additionally,
the QRS complex delineation results, with millisecond-
level accuracy, indicate precise detection of the QRS com-
plex boundaries.

Table 4. Comparison of QRS detection on LUDB

Author | Re [%] | Pr(%] | F1[%] |
Duraj et al. [6] 92.00 | 95.00 | 93.74
Darmawahyuni et al. [7] | 95.93 9594 | 9593
Ivora et al. [8] n/a n/a 88.70
Proposed study 88.64 | 94.75 | 91.59

Table 5. Comparison of QRS delineation on LUDB

| Author | MAE,[ms] | MAEqss[ms] |
Hssayeni et al. [9] | 7.30 £ 4.57 9.71 £ 5.64
Proposed study 9.06 10.38

The proposed method underwent independent validation
using LUDB, and was compared to existing methods uti-
lizing the same database (see Tables 4 and 5). Considering
that LUDB was not used for training our model, a slight
decrease in evaluation metrics regarding QRS complex de-
tection is understandable. Similarly to [8], where LUDB
was also used for independent validation. The F}score
decreased by just under 11 percent.

In comparison of QRS complex alignments, our model
yields results that are not as favorable as those of the sec-
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ond method, as assessed using mean absolute error (MAE)
following the methodology of Hssayeni et al. Neverthe-
less, our method’s MAE falls within 10 of the second
method, ensuring the comparability of results.

4. Conclusion

The widely used Region Proposal Network architecture
has been successfully implemented for efficient use on 1D
signals to detect and delineate QRS complexes.

The main innovation we bring in our presented algo-
rithm is that it is a solution fully focused on 1D signals
as opposed to [3,10].

Our presented method has several advantages. The main
advantage of this approach over the semantic signal seg-
mentation used in [5] is the fact that there is no need to
decide the membership of each sample of the original sig-
nal. Secondly, direct instance detection offers significant
advantages by streamlining post-processing compared to
semantic segmentation, enabling seamless integration of
modules for subsequent tasks.

The presented method proved to be robust both when
validated on internal and external database.
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