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Abstract— In this paper, we have presented the idea of 

employing deep learning methodologies, to develop an assistive 

classification technique for diagnosis of Coronary artery disease, 

from the ECG signals. The required ECG data is obtained from 

INCART and Fantasia datasets from Physionet. A convolutional 

neural network model is proposed, as there is no specific feature 

engineering involved. Further, a LSTM network is developed, 

taking into account, the time varying morphological characteristics 

of ECG signal. Finally, a spectrogram-based CNN model is 

proposed, that uses spectrograms of CAD and Non-CAD ECG 

signals for the classification. The performance of the proposed 

models is evaluated by performance metrics. The results show that 

spectrogram-based CNN is the most efficient network, with 100% 

accuracy. CNN and LSTM models achieved an accuracy of 

97.15% and 96.20%, respectively. The results obtained from the 

proposed models are promising and provides a quality 

classification model that can be deployed as an assistive 

technology for CAD detection. 
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I. INTRODUCTION  

Cardiovascular diseases are slowly graduating to epidemic 

proportions in India [1]. This is also a natural consequence 

of the epidemiological transition [1] with India currently in 

the age of degenerative and human made diseases. This is 

primarily attributed to the changes in the urban population, 

due to factors such as work-related stress, smoking etc. 

Coronary Artery Disease (CAD) is a type of cardiovascular 

disease where there is a collection of plaque in the artery, 

thereby leading to (a) gradual weakening of the heart muscle 

and irregular heartbeats or arrhythmia, and (b) increased 

blockage of the artery leading to chest pain and heart 

attacks. A study in the Indian context on CAD [2] showed 

some interesting facts: the overall occurrence was about 

12.5 %, there was no significant difference between urban 

and rural populations (leading to a strong genetic 

predisposition to CAD), and a list of significant factors 

leading to CAD. 80 % of all fatalities attributed to 

cardiovascular diseases are due to CAD [3]. 

The rapid socioeconomic improvement has also created a 

great increase in the incidence of CAD diseases, leading to 

an unmanageable burden at hospitals, leading to delayed 

interventions. This problem is further exacerbated in rural 

conditions where there may be little or no health facilities 

beyond a Primary Health Center. Hence, there is a great 

need for assistive technologies that can provide a reliable 

first impression, thereby prompting a visit to a specialist. An 

assistive technology is a hardware or software module that 

is designed to analyze an input and look for anomalies. It 

needs minimal manual intervention, thereby making it an 

ideal candidate for deployment in low-cost urban and rural 

setting, with a very low turnaround time for diagnosis. The 

quality of prediction in turn depends on the technology used, 

but it never is a replacement for a qualified specialist. 

Rather, it provides a first opinion to the patient, thereby 

acting as an initial warning mechanism.  

In this work, we look at employing Deep Neural Networks 

to develop an assistive classification technique for heart 

health analysis. Deep Neural Networks [4] are a modern 

approach to the classification problem, with many 

improvements such as removing the necessity for complex 

feature engineering tasks, being able to learn multiple 

characteristics, and being able to generalize a class of 

problems etc. However, a major bottleneck is the 

requirement of large volumes of data for the training and 

testing process. This problem is partially solved, with many 

datasets being made publicly available by organizations 

such as Physionet [www.physionet.org]. Hence, with the 

training and fine-tuning process happening offline, a quality 

classification model can be deployed as an assistive 

technology for CAD, based on Deep Neural Networks.  

II. EXISTING WORK 

Computed Tomography or CT scan-based image processing 

algorithms have been investigated traditionally, for 

detection of CAD, for example, as in [5]: a fusion of ECG 

signals and Multislice Spiral Computed Tomography is used 

to visualize stenosis in the artery. While CT scans and 

angiographies provide better visualization of occlusions and 

stenoses of the arteries, such specialized equipment may not 

always be present in the scale required for Indian urban and 

rural populations. Hence, we restrict ourselves to the more 

commonly available ECG signal, which is becoming part of 

many low-cost wearable devices. 

ECG signals have long been studied manually to look for 

markers to predict the preponderance of heart diseases. For 

example, [6] studied approximately 100 patients to conclude 

that among the 12 leads used to record the ECG signal, 

elevation of the ST signal in the aVR lead, as compared to 

the V1 lead can be a predictor for left main coronary artery 

obstruction. When a study like this is used to design a 

specific feature for an image processing task, we can 

develop an effective classifier. However, there is a 

significant amount of work in developing the feature, along 

with its modification with evolving literature.  

When a Deep Neural Network (DNN) is used to develop a 

classifier, there is no specific feature engineering involved.  



The convolutional layer [4] extracts multiple features from 

the signal, without any prior knowledge of its suitability to 

the classification task. However, through the labels and 

during the training phase, it learns the important features, 

thereby automatically adjusting its parameters for the 

specific classification task. [7] uses a modern Convolutional 

Neural Network [4] to develop a classifier for recognizing 

CAD from an ECG signal. The ECG signal was segmented 

into 2 second intervals and 5 second intervals, with a total of 

93,500 2 s samples and 38,120 5s samples. Preprocessing in 

the form of DWT using a Dauebchies wavelet was used to 

remove noise from the ECG signal. The network itself 

consists of 4 convolutional-max-pooling layers followed by 

three fully connected layers (the Nets 1 and 2 differ in the 

kernel size) An accuracy of approximately 95 % is obtained 

in the resulting classification task.  

 

An ECG signal is time-varying, i.e., the value of the signal 

changes with time. While a feature such as peak can be 

dependent on the value of the signal at a single point, more 

complex features depend on the evolution of the signal over 

small or large intervals of time. Hence, a network that takes 

this into account can be better equipped for performing a 

classification task. Long Short-Term Memory (LSTM) 

networks address issue by adding loops to the network, 

thereby creating simple to complex functions of previous 

inputs to be used while analyzing current inputs. [8] has 

used such a network, in addition to convolutional layers to  

analyze an ECG for CAD. Their accuracy is close to 100 %, 

thereby providing a practical measure to the effectiveness of 

LSTM in the analysis of ECG signals.  

 

III. DATASETS 

ECG signals are widely used to analyse the state of human 

heart. The total number of leads used by clinicians is 12, of 

which lead II is our primary concern. This limb lead 

measures the voltage difference between left leg electrode 

and right arm electrode and lies close to the cardiac axis 

thus proving it to be a vital lead in detecting cardiac 

arrhythmias. 

The required ECG signals for the classification of CAD are 

taken from the datasets provided by Physionet. CAD 

database is obtained from St.-Petersburg institute of 

Cardiological technics 12-lead arrhythmia database also 

known as INCART database from Physionet. This database 

consists of 75 patient records, with each record 30 minutes 

long and contains 12 leads, each being sampled at 257 Hz. It 

contains a total of 17 records of subjects diagnosed with 

coronary artery disease. NON-CAD database is obtained 

from Fantasia database from Physionet. This database 

consists of 40 records with each record spanning 120 

minutes, each being sampled at 250 Hz. 

 

Figure 1: ECG Segments of CAD and Non-CAD subjects 

Figure 2: Spectrograms generated for CAD and Non-CAD ECG segments 



A. ECG Signals 

The ECG signals corresponding to the two classes, CAD 

and Non-CAD are further segmented to obtain 2 second 

segments. The segmentation of data is done by non-

overlapping windowing method. Each segment consists of 

514 samples. The total number of segments for CAD and  

Non-CAD is 10,089 each. Figure 1, depicts the ECG 

segments obtained. 

 

B. Spectograms 

The features of small variations in ECG signal with time-

varying morphological characteristics can be extracted by 

generating spectrograms [9]. Spectrogram of ECG signals 

yields the frequency content of the ECG with respect to the 

temporal domain i.e., is time and also the amplitude of given 

frequency at a given time. 

These spectrograms of CAD and Non-CAD ECG segments 

are significantly different from one other, which can be used 

for the classification rather than directly feeding 1-D ECG 

segments. Figure 2, shows the spectrograms generated for 

the ECG segments. 

 

IV. PROPOSED NETWORK ARCHITECTURES 

A. Convolutional Neural Network 

                        ECG signal is fed to CNN which mainly 

comprises of convolutional layers, max pooling layers 

which automatically learns the features. The proposed 

architecture (Figure 3) consists of two convolutional layers 

and two max pooling layers. After every convolutional layer 

is a max pooling layer and the striding of the filter over the 

input is 1 for convolutional layer and max pooling layer. 

Padding is added so that output length remains the same as 

input, after the convolution.  

The kernel size for convolutional layer L1 is (3,1) and that 

for convolutional layer L2 is (4,1). The kernel size for all 

max pooling layers is (1,2). The fully connected layer will 

then classify the data after high level feature extraction is 

accomplished by the above layers. The fully connected 

layers L5 and L6 have 30 and 2 neurons respectively. The 

neurons in layer L4 are connected to the 30 neurons present 

in layer L5 which is then followed by the final fully 

connected layer L6. Dropout is added to ensure over-fitting 

is reduced. It is added after the second max pooling layer 

and after the first fully connected layer. The activation 

function for layers L1, L3 and L5 is Rectilinear function 

(ReLu). The last layer L6 uses SoftMax function to classify. 

 

B. Long-short term memory (LSTM) network 

 

                      
Figure 4: Proposed architecture of LSTM network 

Memory block is the special unit present in LSTM. It 

contains Input gate, output gate and the forget gate. These 

gates play an important role in controlling the input, 

retaining it and also determine when the retained 

information can be utilized [10].  

The proposed LSTM architecture is depicted in Figure 4. 

 

Table 1:Overview of proposed CNN architecture 

Layers Type 
Output 

Shape 

Kernel size for each output 

feature map 

1 Convolution [1,514,10] (3,1) 

2 Max-pooling [1,257,10] (1,2) 

3 Convolution [1,257,10] (4,1) 

4 Max-pooling [1,128,10] (1,2) 

5 
Fully-

connected 
30  

6 
Fully-

connected 
2  

Figure 3: Proposed architecture of CNN 



The input to the simple LSTM architecture is 1D ECG 

signal fed as an array of 514 samples. The layer L1 is a 

LSTM layer consisting of 5 units. The activation function 

used by these units is tanh. The LSTM units are followed by 

fully connected layers for maximum extraction of features. 

The first fully connected layer L2 consists of 5 neurons and 

the second fully connected layer L3 consists of 2 neurons. 

The first fully connected layer L2 uses ReLu activation 

function. SoftMax function is used by the last layer L3 to 

classify. 
Table 2: Overview of proposed LSTM architecture 

               

C. Spectrogram based Convolutional Neurual Network 

 

In this subsection, we discuss about another proposed 

architecture of CNN which is developed for the 

classification of CAD and Non-CAD based on the 

spectrograms of the corresponding ECG segments. 

 
Table 3: Overview of proposed Spectrogram based CNN architecture 

 

The proposed model (Figure 5) consists of two 

convolutional layers, two max-pooling layers, and three 

fully connected layers. The pooling layer succeeds 

convolutional layer. A dropout of 0.2 is added to both the 

convolutional layers. The kernel sizes of the feature maps 

used for each layer are listed in the table 3, along with the 

output shapes of the layer. Also, sigmoid function is used as 

a classifier in the last layer. 

 

V. RESULTS AND DISCUSION 

A. Training and Testing 

CNN (model 1) and LSTM network (model 2) were trained 

with 18,176 signals where 10% of the training data was used 

for validation and finally the networks were tested with 

2002 signals. The spectrogram-based CNN (model 3) was 

trained with 2000 images. Validation set included 214 

images and  the network was tested 200 images. The models 

were trained using ADAM optimizer with a learning rate of 

0.0008. Table 4, provides the information about the data 

numbers used for training and testing of our proposed 

models.  

 

 

B. Performance evaluation 

 Table 5 shows the comparison of three architectures in 

terms of their accuracy and other performance metrics. The 

performance metrics used for evaluation are precision, recall 

and f1-score. The confusion matrix corresponding to the 

three architectures is also shown. 

Spectrogram based CNN (model 3) gives an accuracy of 

100% proving it to be the most efficient architecture. The 

accuracy obtained by the 6-layer CNN and 3-layer LSTM 

network is 97.15% and 96.20% respectively. 

   The spectrogram represents change of frequency content 

with time where x-axis is time and y-axis is frequency. This 

provides high spectral features of ECG which differ for 

CAD and non-CAD signals. Thus, spectrogram-based CNN 

gives the highest accuracy when compared to the other two 

architectures.   

Layers Type Output Shape 

1 LSTM block 5 units 

2 Fully-connected 5 

3 Fully-connected 2 

Layers Type 
Output 

Shape 

Kernel size for each output 

feature map 

1 Convolution [62,62,32] (3,3) 

2 Max-pooling [31,31,32] (2,2) 

3 Convolution [29,29,32] (3,3) 

4 Max-pooling [14,14,32] (2,2) 

5 
Fully-

connected 
6272 

 

6 
Fully-

connected 
128 

 

7 
Fully-

connected 
1 

 

  CNN and LSTM Spectrogram based CNN 

CAD Training 9088 1000 

 Testing 1001 50 

Non-CAD Training 9088 1000 

 Testing 1001 50 

Table 4: Number of ECG segments and generated Spectrogram images 

used for training and testing of models. 

Figure 5: Proposed architecture of Spectrogram based CNN 



 

The convolutional neural network used is also able to reach 

a better accuracy as compared to previous works [7], where 

the accuracy reached was 94.95%. The proposed LSTM 

network achieves an accuracy higher than stacked 

convolutional and long short-term memory network in [11] 

which achieved an accuracy of 95.76%. 

 

 

 

 

 

The confusion matrix gives the correctness of the model. 

The number of correct classifications and the number of 

misclassifications can be determined by confusion   matrix. 

Table 8 shows spectrogram-based CNN gives an ideal 

confusion matrix with no misclassifications. Thus, the 

values of precision, recall and f1-score are found to be 1.0 

for spectrogram-based CNN. 

The misclassifications in CNN and LSTM network resulted 

in different values of performance metrics. For CNN nearly 

5.4% CAD segments were classified as normal ECG 

segments and for LSTM nearly 6.6% of CAD segments 

were classified as normal ECG segments. It can be seen that 

misclassification is greater in CAD segments for both CNN 

and LSTM networks. 

 

Overall, we can conclude that spectrogram-based CNN 

gives the best accuracy, precision, recall and f1-score and an 

ideal confusion matrix. 

VI. CONCLUSION 

The effectiveness of deep learning architectures proposed to 

classify CAD and Non-CAD is appreciated. The main 

objective is to further develop a low cost, non-invasive 

screening system to be used in the clinics having limited 

infrastructure before subjecting a patient to a costly and 

invasive medical test. This work presents a first step towards 

automating the classification procedure, and eventually 

becoming better than trained technicians at this particularly 

crucial and critical task. Elimination of manual feature 

extraction is the main advantage offered by these nets. High 

performance obtained by these architectures has shown that 

it can be a reliable method to diagnose ECG signal. 

Spectrogram based CNN proved itself superior when 

compared to CNN and LSTM networks in terms of 

accuracy, precision, recall and f1-score. Spectrogram based 

CNN gave the highest accuracy of 100% while CNN gave 

97.15% and LSTM 96.20%. Further other cardiac diseases 

can also be detected by using this approach. The proposed 

architectures provide a quality classification model that can 

be deployed as an assistive technology for CAD detection. 
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