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Enhancing ECG Analysis with a Hybrid Deep
Learning Approach: Automatic Detection of
Significant Features

Federico Delrio, Valentina De Vitis, Silvia Caligari, Vincenzo Randazzo,
Giansalvo Cirrincione, Eros Pasero

Abstract Cardiovascular diseases (CVDs) are the main cause of death worldwide,
with arrhythmias posing significant risks. The interpretation of ECG signals re-
quires professional expertise and time, which has limited its accessibility to the
general public. This research introduces a novel hybrid deep learning technique for
the automatic detection of key features (QRS complex, P and T waves) in electrocar-
diogram (ECG) signals. The method integrates two Convolutional Neural Networks
(CNNs) and two Bidirectional Long Short-Term Memory Networks (BiLSTMs) to
form a 2D-CNN-BiLSTM model. The model is trained and evaluated using the
”QT Database”, a publicly available dataset. ECG signals are first downsampled and
then pre-processed using a local linear regression technique to remove the baseline,
and the Continuous Wavelet Transform (CWT) to convert 1D ECG signals into 2D
images. The model demonstrates superior classification performance in detecting
P waves, QRS complexes, and T waves, compared to existing methods. The sug-
gested approach shows promise for improving the precision and effectiveness of
ECG analysis and advancing automated cardiac diagnostic techniques.
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1 Introduction

Cardiovascular diseases (CVDs) are one of the leading causes of mortality world-
wide, making prevention and early treatment crucial. One of the most effective tools
for diagnosing is the electrocardiogram (ECG), a non-invasive test that records the
electrical activity of the heart over time, providing important information in terms
of waveform and time intervals. The most important features in ECG signals are
the P wave, the QRS complex, and the T wave, which represent the most significant
phases of the cardiac cycle [1]. However, the interpretation of ECG signals requires
professional expertise, which has limited their accessibility to the general public.

Recent advances in machine learning [2] have shown promising results in medical
applications [3], such as gene expression [4] and cancer [5] analysis, risk stratification
of Short-QT and Brugada syndromes [6, 7], and multi-omics integration [8, 9, 10].
Deep learning has shown promise in automating the interpretation of ECG signals,
improving accuracy and time management in feature detection [11]. This article aims
to further explore the potential of deep learning in automating the interpretation of
ECG signals, focusing on the development of a method for the automatic detection of
relevant features in ECG signals. Indeed, deep learning has increasingly been used in
ECG interpretation research, notably for automatic diagnosis of cardiac arrhythmias
and blood pressure estimation from ECG signal [12, 13, 14]. Additionally, digiti-
zation of ECG records via deep learning, as proposed by [1], enables easy access
and storage of ECG reports. A 1D convolutional neural network has been developed
for automatic arrhythmia classification with high accuracy [15]. Lastly, a compara-
tive study indicated that nonlinear features carry crucial QRS-complex information,
resulting in high classification rates with minimal features [16].

2 Methodology

The methodology employed in this research is a comprehensive, multi-step process
that involves data pre-processing, wavelet transformation, and data segmentation.
Each of these steps is crucial in the development of a deep learning model for the
identification of significant characteristics in electrocardiogram (ECG) signals.

The study uses the QT Database [17, 18] for its diverse, relatively clean ECG
signals from various patient categories, including ambulatory recordings, exercise
tests, and long-term recordings ranging from 14 to 22 hours. Expert-annotated
waveform boundaries help ensure data accuracy. The pre-processing stage uses the
Waveform Database tool (WFDB) [19], from PhysioNet [18], to extract recordings,
carefully excluding irrelevant data and removing non-annotated zones to maintain
study reliability.
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2.1 Baseline Elimination

Baseline elimination is another crucial step in the analysis of ECG signals. Baseline
wander, a low-frequency noise, can interfere with the interpretation of the ECG
signals. Therefore, it is essential to remove this noise to obtain clean and accurate
signals. The elimination of baseline wander is accomplished through the implemen-
tation of a local linear regression technique. In this approach, a linear regression is
computed for a window of approximately 1.5 seconds. The midpoint of this window
serves as the reference baseline. Subsequently, the window is shifted by one point,
and the process is reiterated. The algorithm in use, as illustrated in Fig.1, is success-
ful in reducing baseline instability. By allocating lesser significance to the anomalies
within the regression data, the strategy guarantees that the essential components of
the ECG signal, namely the P and T waves and QRS complexes, are emphasized
as exceptions in the regression analysis. Consequently, this preserves these vital
characteristics while adeptly removing baseline inconsistencies.

Fig. 1: Example of baseline removal

2.2 Continuous Wavelet Transform and Scalogram Derivation

The Wavelet Transform [20] serves as a mathematical technique employed to break
down a signal into its constituent elements. Within this research, the Continuous
Wavelet Transform (CWT) [21] is utilized to generate the scalogram, which vi-
sually depicts the wavelet transform of the signal.This technique transforms one-
dimensional ECG signals into two-dimensional visual representations, thus provid-
ing an enhanced perspective of the signal’s characteristics. As part of this process,
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the signal undergoes downsampling from 250 Hz to 125 Hz. This downsampling step
reduces the computational complexity of the model, enhancing its efficiency. The
CWT takes the form of a matrix comprising wavelet coefficients that are localized
according to their scale and position. These coefficients contain valuable insights
into the signal’s characteristics across various scales and positions.

The scalogram functions as an instrument for constructing and displaying the two-
dimensional spectrum obtained via the Continuous Wavelet Transform, as shown in
Fig.2 (bottom). This displays the CWT coefficients’ absolute magnitudes, providing
a visual map of the signal’s frequency content. In the scalogram, the range of colors
translates to the varying amplitudes of the signal’s frequency elements, with darker
hues signifying higher amplitudes and paler hues denoting lower ones.

Fig. 2: Top: segmentation example of ECG with relative label for a QRS complex
(red). Bottom: 2D Scalogram obtained through CWT method from the ECG.

2.3 Data Segmentation

Data segmentation is a critical process when dealing with lengthy signals that could
potentially degrade the performance of dynamic deep learning models such as Con-
volutional Neural Networks (CNNs). To prevent this degradation, the ECG signals
and their related labels are segmented. This process ensures that the CNNs used for
feature extraction are fed with manageable data sizes, enhancing the overall perfor-
mance of the model. This study employs a method of dividing each ECG sample into
segments consisting of 125 data points. To maintain continuity, there is an overlap
of 10 data points between adjacent segments. This segmentation technique aims to
create manageable portions of data suitable for processing by a deep neural network.
The two leads in the ECG recording are separated into distinct segments, and both
are utilized as features. These segments, comprising 125 samples, serve as input for
the deep neural network.



Automatic Detection of ECG Significant Features with Hybrid Deep Learning 5

The purpose of the segmentation process extends beyond the mere division of
ECG signals into smaller segments; it also ensures that each segment encompasses
significant information. Specifically, each window encompasses either a complete
QRS complex or a partial QRS complex along with its associated label. This approach
guarantees that each segment contains an entire waveform, which is crucial for
accurately analyzing the ECG signal. The total number of obtained segments or
windows amounts to 15089. An example of segmentation with relative scalogram
can be seen in Fig.2(top).

3 Deep learning Architecture

The deep learning architecture employed in this research is a composite of two CNNs
and two Bidirectional Long-Short Term Memory Networks (BiLSTMs). This archi-
tecture was constructed utilizing Python and TensorFlow and underwent training
on a virtual server furnished by Google Colab, which provided a high-performance
GPU for efficient training. The primary roles of the CNNs in this project encom-
pass the extraction of signal characteristics from the data. To move from CNN to
LSTM, a necessary step is the implementation of time-distributed flattening. This
process transforms a two-dimensional matrix into a one-dimensional vector, which
can then be fed into a densely connected neural network layer. Long Short-Term
Memory (LSTM) networks are capable of forecasting imminent QRS complexes or
P-T waves by learning from preceding sequences, thanks to their architecture, which
is specifically tailored to manage the temporal characteristics found in ECG data.

The model comprises of dual LSTM layers, each accompanied by a dropout layer
with a drop rate of 25%. The model produces a binary output, indicating the presence
(1) or absence (0) of a specific feature. Then, the output passes through another layer
with time-distributed wrapping, generating one predicted value for each time-step.
Following this, two additional layers are incorporated for Batch Normalization and
Dropout Regularization (with a 25% rate). Finally, a dense layer employing the
softmax activation function is utilized to predict the ultimate binary value. The
categorical cross-entropy loss is used in this model, and the Adaptive Moment
Estimation, also known as Adam, optimizer was selected because it provides good
computational efficiency. The overall model structure can be seen in detail in Fig.3.

4 Results

The QRS complex, P wave, and T wave detection follow the same outlined proce-
dures, methodologies, and model structure mentioned earlier. To enhance the training
process, a 10-fold Cross Validation (CV) technique is used. For improving accuracy,
loss, and AUC assessment, each of the 10 folds in the CV contains a distinct val-
idation dataset composed of randomly selected samples from the overall dataset.
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Fig. 3: Deep Neural Network Architecture

Evaluation metrics such as ROC, sensitivity, specificity, and F-score are calculated
accordingly. During the training of the model, the categorical cross entropy serves as
the chosen loss metric throughout the 30 epochs. For all three networks (QRS,P and
T) the average of the 10 k-fold has been calculated, and the final results can be seen
in Table1. In particular, the model demonstrates remarkable accuracy in identifying
specific elements of ECG signals, such as P, QRS, and T waves, achieving validation
accuracy of 0.962, 0.977, and 0.964, respectively.

Table 1: Average scores for all folds for all the analyzed features

Accuracy Loss Sensitivity Specificity F1-score
P wave 0.962 0.1228 0.878 0.974 0.8557
QRS complexe 0.977 0.0726 0.923 0.981 0.9126
T wave 0.964 0.1174 0.934 0.974 0.9247

Finally, Fig. 4 reports the losses against the training epochs of the neural networks
for QRS complex, P waves, and T waves. The figures employ varying X and Y
scales to accommodate the diverse features learned by the three networks, which
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consequently affects the magnitude of the loss observed in different scenarios. For the
purposes of clarity and to more effectively illustrate the trend of the loss function, the
figures are limited to approximately 16 epochs, rather than the full 30. This decision
was made to highlight the decreasing trend of the loss function, noting that the loss
function exhibits minimal changes beyond the 15th epoch. Example of predictions
on random test data can be seen in Fig. 5 for QRS, Fig. 6 for P waves and Fig. 7 for
T waves.

Furthermore, to showcase the superior performance of the proposed model, a
comparative analysis with existing and widely utilized models in this field was
conducted. Table 2 presents these results in comparison with other methodologies,
including ECG-SegNet [22] and Hidden Markov Models (HMM) [23]. Furthermore,
the proposed model shows superior sensitivity and specificity in the detection of these
signal components.

Table 2: Comparison of results with different methods

Methods P wave QRS Complex T wave
2D-CNN-BiLSTM 0.962 0.971 0.965
ECG-SegNet (Bidirectional LSTM) 0.920 0.940 0.920
HMM on raw ECG data 0.551 0.790 0.560
HMM on wavelet encoded ECG 0.742 0.944 0.882

Fig. 4: Training loss (blue) and validation loss (orange) for QRS (top left), P wave
(top right), and T wave (bottom) networks.
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Fig. 5: Example of prediction of QRS complexes with the relative original label

Fig. 6: Example of prediction of P wave with the relative original label

Fig. 7: Example of prediction of T wave with the relative original label

5 Discussion and Conclusion

The aim of this work is to develop an automated system for the analysis of electrocar-
diogram (ECG) data. The existing methods for ECG analysis rely heavily on human
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experts and consume a considerable amount of time. To address this issue, the pro-
posed solution utilizes a novel 2D-CNN-BiLSTM model that extracts features from
ECG signals. The model combines convolutional neural networks (CNNs) and bidi-
rectional long short-term memory (LSTM) networks. CNNs are employed to extract
relevant features, while LSTM networks effectively capture temporal relationships
within the ECG data. By applying a pre-processing technique known as CWT, the
ECG signals are transformed into 2D scalogram images, which are subsequently
segmented into windows and used to train the CNN-BiLSTM model.

The use of this automated system has a lot of potential for optimizing massive
screening procedures and automating the diagnosis of cardiac diseases. It can lessen
the workload for cardiologists and make it easier to precisely identify ECG features
while performing routine monitoring. This automated algorithm can significantly
improve patient care and boost the effectiveness of cardiovascular disease diagnosis
and prevention by utilizing cutting-edge deep learning techniques. Overall, the pro-
posed hybrid deep learning technique showed promise in automating ECG signal
interpretation and improving the precision and effectiveness of ECG analysis. The
early detection of cardiovascular diseases may be improved and automated cardiac
diagnostic methods may advance thanks to the model’s capacity to identify impor-
tant features in ECG signals. Further research and validation on larger and more
diverse datasets are needed to fully assess the performance and generalizability of
the proposed method.
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