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Abstract: We propose the usage of three deep convolutional neural networks architectures for classifi-
cation of a single lead electrocardiogram (ECG) recordings and evaluate them on the atrial fibrillation
(AFIB) classification, for which data set was provided by the Department of Biomedical Engineering,
BUT. The compared networks are based on ResNet, VGG net and AlexNet. Single lead signals are
transformed into the form of spectrogram. AFIB data was augmented for the purpose of similar size
of both respected classes and for successful classification. The most successful architecture, based on
AlexNet, was found to perform obtaining an accuracy of 92 % and F1 score of 56 % on the hidden
testing set.
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1 INTRODUCTION

Cardiovascular diseases (CVDs) have been, according to the World Health Association (WHO) [1],
the major cause of death in the sight of the modern lifestyle. The mortality and morbidity caused by
CVDs are reasons why still, nowadays when we almost completely understood the purposes of the
heart’s mechanisms, is ECG signal processing one of the most researched knowledge areas. CVDs
are the problematic parts of lifestyle mostly in developed countries. Recent years have been in the
sign of automatizing of hearts beat classification and therefore, automatic diagnostics are being de-
veloped. Classification techniques were previously based mainly on feature extraction, heart beat
detection and variability analysis. [2] Lately, more modern techniques are being used in the terms
of heart beat classification. The the computational possibilities of computers reach, the more bold
approaches are implemented. The indisputable winner of the last years is for sure neural network
and its variations. For ECG classification, recurrent neural networks (RNN) and convolutional neural
networks (CNN) are used the most. [3] Some of the previously proposed 1-D CNN based methods
lead to the classification into 5 typical types of arrhythmia signals, i.e., normal, left bundle branch
block, right bundle branch block, atrial premature contraction and ventricular premature contraction
[2]. Atrial fibrillation (AFIB) is a cardiac arrhythmia that is known to cause 1 in 3 strokes in elderly
people, mostly over 60 years of age. Usually, the diagnostics of AFIB is performed non-invasively.
The automatic detection of AFIB has been based on RR intervals (interval between heartbeats) anal-
ysis mostly [4]. For the same purpose, deep learning techniques are being used lately, CNNs and/or
RNNs. To enhance the possibilities of such techniques, 1-D ECG signal can be transformed in 2-D
data by applying short-time Fourier transform and enter the training process of the network in the
form of spectrogram.
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2 METHODOLOGY

In this section we provide the detailed descriptioin of the networks used for ECG classification in-
cluding the training process.

2.1 DATA

For the purpose of AFIB classification the dataset combined altogether from 6791 signals, from which
553 were atrial fibrillation, and 6238 were non-atrial fibrillation (non-AFIB). Originally, the dataset
was separated into two sub-sets for training and testing the networks. The training subset included
80 % of signals, testing 20 % of signals from respected subsets. Specifically, 110 AFIB and 1247
non-AFIB were separated for testing. As for training process it is necessary to have as much similar
amount of data in respected classes, the AFIB data was augmented. In total, we gained 4873 AFIB
signals. Normal sinus rhythm ECG signal can be seen in Figure 1, atrial fibrillation ECG signal can
be seen in Figure 2.

Figure 1: Normal ECG signal.

2.2 PREPROCESSING

In this study, we use spectrograms for ECG classification. Therefore, the image data needs to be
prepared carefully. The followup of the preprocessing is: generating the spectrogram, resize the
output to the requested size of the used network, logaritmisation of the spectrogram, computing mean
and standard deviation of both log and non-log data of every spektrogram. After, the overall mean and
standard deviation is computed for the puspose of data normalization. Normalized are both log and
non-log data. As for the work with chosen networks, pseudo-RGB data were created. To the matrix
of total size of 224x224x3 or 227x227x3 (depending on the data size required by the used network)
both log and non-log normalized data were saved. From prepared data, .tiff files were created, which
are inputs for the training process in the form of ImageDataStore. In the Figure 3, we can see the
examples of both classes, non-AFIB and AFIB spectrograms.
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Figure 2: ECG signal with atrial fibrillation.

2.3 TRAINING

The training process for all the proposed networks was a bit different. All the networks are based on a
form of pre-trained network. The 3 chosen networks were: AlexNet, ResNet and VGG. AlexNet [5]
is 8 layers deep convolution neural network (CNN) (5 convolutional layers, some of them followed
by max-pooling layers, followed by 3 fully connected layers). ReLU activation function is used. The
depth of the AlexNet is essential for the high performance, but of-course, computation time is also
high. This is overcome by the implemented usage of GPU. The input data size of used version of
AlexNet is 227x227 px. ResNet-18 [6] is also a CNN, 18 layers deep. The residual functions used in
the used network are the reason why the deep networks is easier to train and to optimise. The input
data size is for this particular network 224x224 px. The network consists of 18 convolutional layers
followed by 1 fully-connected layer and 1 soft-max layer. VGG-16 network [7] is a 16 layers deep
CNN with the input data size of 224x224 px. The filter size within the convolutional layers is fixed
to 3x3. The network includes 5 max-pooling layers , followed at the end by 3 fully-connected layers
and a soft-max layer. In the Figure 4, we can see the structure of the VGG network. For all the used
networks, Adam [8] optimization algorithm was used. Adam is used with the intention to speed up
the training process and treats, in this case, more effectively validation data. As for minimatch size, it
was chosen 128. Number of epochs settled to 3 (AlexNet and ResNet) and 4 (VGG). Initial learning
rate settled for all 3 networks at 0.001.

3 RESULTS AND DISCUSSION

Generally said, all 3 implemented networks shown good results considering the accuracy parameter.
Respectively, it gained: AlexNet - 98 % on train dataset and 92 % on test dataset, ResNet - 97 % on
train dataset and 93 % on test dataset and VGG net 92 % on train dataset and 89 % on test dataset.
Up to this point, all results seems to be very representative. But, as for neural networks, not only
accuracy parameters, which is very often presented in papers, is important. For all the networks, also
F1 scores were computed. AlexNet gained F1 = 56 % (precision 0.57), ResNet gained F1 = 52 %
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Figure 3: Examples of a data representation in the form of spectrogram. Left - normal sinus rhythm
ECG. Right - ECG signal with atrial fibrillation.

Figure 4: The basic structure of the VGG network. Taken from [?].

(precision 0.51) and VGG net gained F1 = 47 % (precision 0.39). From those numbers, and also from
the example of results shown in Figure 5 (which were very similar for all 3 networks), we can see, that
the networks did not seem to get over-trained for either of the classified classes. From the test dataset,
we can see, that there a similar amount of false positive as false negative cases. From the diagnostics
point of view, it is preferred to obtain false positive cases over false negative (it is more safe to inform
a healthy patient, that he was false diagnosed as ill, that vice versa). From the architectural point of
view, the proposed implemented networks could be pretty deep and complicated. So, for the future
improvement, similar but lighter architecture could be applied.

4 CONCLUSION

In this paper, the usage of 3 deep convolutional networks on ECG data was proposed. The analysed
data was in the form of spectrogram, which represented a single lead ECG signal. From the 3 proposed
networks, all architecturally based on previously published networks, the AlexNet network gained the
best results.
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Figure 5: Confusion matrix showing the results for the AlexNet network.
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