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Abstract—The whole world is now facing an extensive 
health crisis for transmittable novel Coronavirus Disease 
(COVID-19) virus from early 2020. One of the main challenges 
for clinicians is accurate identification of COVID-19 infected 
patients and then isolating them to prevent the community 
spreading. Therefore, detection of COVID cases is of great 
importance.  In this paper, we proposed an ensemble deep 
convolutional neural network (CNN) approach for the 
diagnosis of COVID-19 cases from the chest computed 
tomography (CT) images. Three deep CNN models are 
designed, trained and validated with CT images by tuning the 
various hyperparameters of the models. Combining the 
prediction values of these models to enhance the prediction 
accuracy reducing the overall false prediction rate, ensemble 
hard voting rules is applied to classify the COVID and Non-
COVID cases. Experimental results achieved the overall 
accuracy of 96% and sensitivity of 97%. The proposed model 
can make predictions from the CT images within seconds with 
higher precision which can be a faster option comparing to the 
usual reverse transcription polymerase chain reaction (RT-
PCR) technique.

Keywords—COVID-19, Deep CNN, Ensemble Learning, 
Precision, CT images. 

I. INTRODUCTION

The coronavirus disease COVID-19 resulted from the 
severe acute respiratory syndrome Coronavirus (SARS-CoV-
2) originated from Wuhan, China in December 2019 [1].
Then it turned into a global pandemic situation declared by
the World Health Organization (WHO). As of 23 March
2021, more than 123 millions of patients are confirmed
positive for COVID-19 cases, including 2.7 million deaths
have been reported worldwide to WHO [2]. The situation is
getting worse rapidly. So, to overcome this critical situation
the screening process of COVID-19 patients and their
isolation are the most crucial parts to face the pandemic. The
RT-PCR testing is used as the standard screening methods
globally but it is time consuming and has a high false
positive rate [3]. Now the deep learning techniques on
medical imaging are the excellent way to improve the
medical diagnosis systems. Chest radiology like CT scan or
X-ray images with artificial intelligence can be used as the
complement of RT-PCR testing. In this research, we used CT
images to diagnose the COVID-19 infected patients using
deep learning approaches.

 Since the lungs are mostly affected in COVID-19 
infected patients and there are high rates of ground glass 
opacity (GGO) present in the lungs. Two main 
characteristics of GGO are found in COVID-19 infected CT 
scan: multifocal nodular opacities and reticulation opacities 
[4]. That’s why the CT scan images play a pivotal role in 

COVID-19 quick diagnosis. Recently many researchers have 
been focused on detecting COVID-19 cases from CT scan 
and X-ray images using the machine learning techniques. 
Panwar et. al. [5] proposed a deep transfer learning method 
with VGG19 model and achieved the test accuracy of 94.04 
% using the chest CT images. Mukherjee et. al. [6] designed 
a simple CNN architecture for training with both CT and X-
ray images, they used very small amounts of data which 
caused the model overfitting. Transfer learning approaches 
with existing models such as VGG19, DenseNet, MobileNet, 
ResNet and InceptionV3 etc. are employed for COVID-19 
diagnosis using chest CT and X-ray images [7]-[9] and most 
of them have been used small and imbalanced datasets 
causing the models to be inconsistent. Several works are 
done to automate the COVID-19 screening from the chest X-
ray radiograph employing the deep CNN approaches [10]-
[13]. Mohammed et al. [14] mentioned the weakly 
supervised machine learning approaches with slice level and 
volume level CT images. Sakib et al. [15] proposed a deep 
learning approach for chest X-ray images classification to 
predict COVID-19 and achieved the accuracy of 93.94%. 
They applied data augmentation methods to solve the data 
imbalance problem due to the lack of COVID-19 radiograph 
images.  Amyar et. al. [16] designed the multi-task deep 
learning classification and segmentation approach for 
COVID-19 prediction with accuracy of 94.67% using CT 
images. Wang et al. [17] designed a complex model of 
residual learning with prior attention technique using CT 
images and their performance accuracy as well as sensitivity 
are 87.6% and 93.3% respectively. Tabarisaadi et. al. [18] 
proposed Bayesian neural network model with ensemble 
techniques and they found overall accuracy of 83.90% using 
only 275 positive CT images of COVID-19. Hence, there is 
lots of scope to improve the detection accuracy using large 
and balanced dataset of chest CT scan images. 

In this paper, we proposed an ensemble deep learning 
model in which three different deep CNN architectures are 
combined together to boost up the prediction accuracy. 
Combining the prediction of individually trained models 
based on hard voting or weighted average ensemble gives the 
best final prediction accuracy and model sensitivity. We used 
a hard voting ensemble simply called majority rules 
technique to the prediction of three trained models for 
COVID-19 detection from CT images. The ensemble based 
proposed deep learning model is expected to obtain the better 
accuracy scores with lower false prediction than the 
similar contemporary research works. 

The rest of the paper is structured as follows. Section 2 
explains the proposed methodology as well as the dataset 
used in this work. Section 3 describes the experimental 
results with performance analysis and comparative study 
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with different recent works. Consequently the findings are 
discussed. Finally, the last section concludes the whole 
works.    

II. METHODOLOGY

Nowadays, deep learning (DL) techniques have a 
remarkable role in the field of smart medical diagnosis 
systems using the medical image processing devices. The 
proposed methodology for detection of COVID-19 cases 
consists of mainly three phases: (a) building three deep 
learning models as well as the ensemble process, (b) 
evaluation process of the proposed framework using CT 
images, (c) preparing a balance dataset of CT scan images 
for COVID-19 and other pulmonary infections (non 
COVID). 

A. Proposed DL Model Building 
In a deep learning model multiple hidden layers are 

employed to extract the complex higher level features from 
input raw data. Figure 1 shows the architecture of our 
proposed deep learning model. We have designed three deep 
CNN models by incorporating different types of layers with 
the basic convolutional layer. In model 1 and model 3, three 
convolutional blocks are used and each block is followed by   
the MaxPooling layer. Model 2 has four convolutional 
blocks followed by MaxPooling layers. After each first block 
a BatchNormalization layer is used to accelerate the learning 
process of the CNN model. The MaxPooling layer is used to 
calculate the maximum value in each patch of feature map 
and to reduce the dimension of the input shape of each stage. 
The dropout layer is another important layer which is used to 
reduce the overfitting problem of deep CNN models. Finally 
the dense layers or fully connected layers are used in each 
model. The basic parameters and hyperparameters of each 
model are summarized in Table I.

Fig. 1.  Architecture of proposed DL model 

TABLE I. PARAMETERS SUMMARY OF THREE DIFFERENT MODELS

Model Input Shape Number of Filters in 
Conv. Blocks(CB)

Units of Dense 
Layers

Dropout 
rate

Total 
Parameters

Model 1 (150, 150, 3) CB 1: 16
CB 2: 32
CB 3: 64

Dense 1: 256
Dense 2: 2

0.4 4,759,394

Model 2 (150, 150, 3) CB 1: 16
CB 2: 32
CB 3: 64
CB 4: 128

Dense 1: 256
Dense 2: 128

Dense 3: 2

0.5 1,736,546

Model 3 (150, 150, 3) CB 1_1: 16
CB 2_1: 32
CB 2_2: 32
CB 3_1: 64
CB 3_2: 64

Dense 1: 256
Dense 2: 128

Dense 3: 2

0.2 3,789,634
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The ReLU activation is used in all convolution and dense 
layers except the final dense layer to overcome the vanishing 
gradient problem of the model. Since the final fully 
connected layer has two units, softmax activation is used in 
the output layer. 

Finally the output of three individual models are 
combined together to create ensemble prediction. Figure 2 
shows a simple illustration of ensemble learning. Here hard 
voting sometimes known as the majority voting method is 
implemented. If Y1, Y2, Y3 are the predicted classes of 
model 1, 2 and 3 respectively, the final prediction Y will be 
calculated by majority voting rule shown in equation (1). 

  Y = mode {Y1, Y2, Y3}          (1) 

Fig. 2. Illustration of ensemble learning. 

B. Model Evaluation Process 
In the case of a medical diagnosis system only accuracy 

value can’t define the performance of the model, there are 
also some parameters such as F1 score, precision, specificity 
and sensitivity [18]. These are now the commonly used 
measurement parameters in almost all deep learning research 
areas. The definition of specificity, sensitivity, recall, 
precision and F1 score are described in expression (2), (3), 
(4), (5) and (6) respectively. 

                       (2)  

    (3)  

                      (4)

                          (5)

                                                                         (6)

Where True Negative (TN) determines the number of 
negative predictions which are actually negative cases and 
False Positive (FP) determines the negative cases which are 
predicted as positives. True Positive (TP) determines the 
number of positive predictions which are actually positive 
cases and False Negative (FN) determines the positive cases 
which are predicted as negative. 

The confusion matrix will also be analyzed and displayed 
targeting to minimize the FP and FN negative values. 
Training and validation progress curves with the number of 
epochs are used to track the accuracy and loss values of the 
model. 

C. Dataset Description 
Chest CT scan images have higher sensitivity for 

COVID-19 diagnosis than the conventional RT-PCR testing 
as it is proved by Ai et. al. [3]. A dataset of CT images is 
collected from the kaggle dataset repository prepared by 
Soares et. al. [19]. Dataset consists of a total 2481 CT scan 
images in which 1252 CT images are positive for COVID-19
cases and 1229 CT images of patients who are not infected 
by COVID-19 but having other pulmonary diseases. Figure 3 
shows some COVID and non COVID CT scan images from 
this dataset. 

Fig. 3. Chest CT scan slices for both COVID-19 and other infection cases. 

This is the balance dataset which plays a great role in the 
efficacy of deep learning models whereas class imbalance 
problems mislead the prediction accuracy of models. 
COVID-19 infected images are assigned as class 0 whereas 
non COVID images are class 1. There is no image 
enhancement techniques used because of irregular 
opacification shapes present in the CT of infected lungs. 

III. EXPERIMENTAL RESULTS ANALYSIS

The whole experiment was performed in google 
colaboratory platform with keras and tensorflow library 
backend. We have simulated the program using GPU with 
12.72 GB RAM and 102.77 GB disc provided by google 
colaboratory. In this work, firstly three models are designed, 
trained and validated individually using the collected CT 
scan images dataset. The dataset is splitted into two 
distinguished sets: training and validation set by 85% and 
15% respectively. Models are compiled by Adam optimizer 
with learning rate of 0.001. The categorical_crossentropy 
loss function is used here since the image classes are labeled 
categorical by COVID as 0 and non-COVID as 1. Batch size 
64 and number of epochs 60 used for training and validation 
of each model. The values of learning rate, dropout rate, 
batch size and number of epochs are set to the optimum 
values by tuning and running the models multiple times. 
Figure 4 shows the accuracy versus epochs curve of three 
individual models. The training and validation loss 
progresses are shown in Fig. 5 for individual models. Test 
accuracy and loss curves progress show a spike like behavior 
because of the comparatively large batch size but training 
curves are approximately smooth with this value of batch 
size and it does not affect the accuracy values of the models. 
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(a) 

(b) 

(c) 

Fig. 4. Training and validation accuracy curves  for (a) model 1, (b) model 
2 and (c) model 3. 

(a) 

(b) 

(c) 

Fig. 5. Training and validation loss curves for (a) model 1, (b) model 2 
and (c) model 3.

The callback function is used in model fitting to save the 
best model with highest validation accuracy. The validation 
accuracy reached 95.4%, 93.6% and 94.4% for model 1, 
model 2 and model 3 respectively. We also analyzed the 
confusion matrix to investigate the false positive (FP) and 
false negative (FN) rate. The confusion matrix for individual 
models are shown in Fig. 6. 

(a) 
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(b) 

(c) 

Fig. 6. Confusion Matrix of (a) model 1, (b) model 2 and (c) model 3. 

To evaluate the model, the test set contained a total 373 
CT images in which 204 COVID and 169 non COVID cases. 
Then the predictions of three different models are used in the 
ensemble process where the majority voting method defined 
by equation (1) is implemented. The confusion matrix of 
final prediction is shown in Fig. 7.

Fig. 7. Confusion Matrix of proposed ensemble model. 

Fig. 8. Accuracy comparison and improvement. 

It is seen that from the confusion matrix in Fig. 6 and 7 
the overall false prediction is decreased by ensemble 
technique and also accuracy improvement is shown in Fig. 8. 
Furthermore, F1 score and sensitivity are also calculated for 
the models for better performance comparison.  The overall 
performance measurement scores are shown in Table II. It is 
found that the F1 score, sensitivity and accuracy are 
improved by ensemble hard voting model which detected the 
COVID-19 for the applied chest CT images with an accuracy 
of 96%. Around 10 milliseconds more execution time is 
needed per image prediction for ensemble model than the 
single model while executing in the google cloud of 12.72 
GB RAM and 102.77 GB disc.  

TABLE II. THE OVERALL PERFORMANCE PARAMETERS

Model F1 Score Sensitivity Accuracy

Model 1 0.950 0.947 0.954
Model 2 0.931 0.964 0.936
Model 3 0.939 0.959 0.944

Ensemble Model 0.956 0.970 0.960

A quantitative comparison has been done with the recent 
works in case of COVID-19 classification using CT images. 
Table III shows the comparison with recent works in this 
field. The accuracy of others works vary from 82.91% [8] to 
95.83% [6] for classification CT images. Our proposed 
model performs comparatively better with an accuracy of 
96% and sensitivity of 97%. 

TABLE III. A COMPARISON BETWEEN OUR METHOD AND OTHER 
METHODS

Method F1 Score Sensitivity Accuracy (%)

Panwar et. al. [5] 0.950 0.940 95%
Mukherjee et. al. [6] 0.957 0.934 95.83%
Loey et. al. [8] - 0.883 82.91%
Horry et. al. [9] 0.830 0.900 83.33%
Amyar et. al. [16] - 0.960 94.67%
Wang et al. [17] 0.878 0.876 93.30%
Tabarisaadi et. al. [18] 0.850 0.899 83.90%
Proposed Method 0.956 0.970 96%
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IV. CONCLUSION

The COVID-19 pandemic is still ongoing worldwide 
which demands smart automatic screening of coronavirus to 
fight against the pandemic situation. In this paper, we 
proposed a deep learning approach for COVID-19 detection 
from chest CT scan images. An ensemble hard voting model 
is designed by combining the three independent deep 
learning models. After evaluating the models, it is seen that 
the overall accuracy of the ensemble model is improved. 
Finally, we have also compared the performance scores of 
our proposed method with the recent works that have been 
done in this area. The proposed approach achieved the 
prediction accuracy of 96%. Testing the performance of the 
proposed method with other diverse data is our future plan. It 
is expected that the proposed models might be useful for 
clinical applications to detect the COVID-19 cases using CT 
scan images.   

REFERENCES

[1] Report of the WHO-China joint mission on coronavirus disease 
(COVID-19), 2020.  

[2] WHO Coronavirus (COVID-19) Dashboard. Mar. 14, 2021. 
Available: https://covid19.who.int/

[3] T. Ai et al., “Correlation of chest CT and RT-PCR testing in 
coronavirus disease 2019 (COVID-19) in China: A report of 1014 
cases,” Radiology: Thoracic Imaging, vol. 2019, Feb. 2020.  

[4] W. Schmitt and E. Marchiori, “Covid-19: Round and oval areas of 
ground-glass opacity,” in Pulmonol.2020.

[5] M. M. Hefeda, “CT chest findings in patients infected with COVID-
19: review of literature,” in Egypt. J. Radiol. Nucl. Med., vol. 51, pp. 
239, 2020.  

[6] H. Panwar, P. K. Gupta, M. K. Siddiqui, R. Morales-Menendez, P. 
Bhardwaj and V. Singh, “A deep learning and Grad-CAM based color 
visualization approach for fast detection of COVID-19 cases using 
chest X-ray and CT-Scan images,” in Chaos, Solitons and Fractals, 
vol. 140, 2020. 

[7] S. H. Kassani, P. H. Kassasni, M. J. Wesolowski, K. A. Schneider and 
R. Deters, “Automatic detection of coronavirus disease (COVID-19) 
in X-ray and CT Images: a machine learning based approach,” in 
arXiv:2004.10641v1 [eess.IV], 22 Apr 2020.

[8] M. Loey, G. Manogaran and N. E. M. Khalifa, “A deep transfer 
learning model with classical data augmentation and CGAN to detect 
COVID-19 from chest CT radiography digital images,” in Neural 
Comput & Applic, Oct. 2020.  

[9] M. J. Horry et al., “COVID-19 detection through transfer learning 
using multimodal imaging data,” in IEEE Access, vol. 8, pp. 149808-
149824, 2020.  

[10] L. Wang, Z. Q. Lin and A. Wong, “COVID-Net: a tailored deep 
convolutional neural network design for detection of COVID-19 cases 
from chest X-ray images”, in Sci. Rep. Nature, vol. 10, Art. 19549, 
2020.  

[11] S. Tabik et al., “COVIDGR dataset and COVID-SDNet methodology 
for predicting COVID-19 based on chest X-Ray images,” in IEEE 
Journal of Biomedical and Health Informatics, vol. 24, no. 12, pp. 
3595-3605, Dec. 2020. 

[12] M. To�açar, B. Ergen, Z. Cömert, “COVID-19 detection using deep 
learning models to exploit Social Mimic Optimization and structured 
chest X-ray images using fuzzy color and stacking approaches”, in 
Comp. in Bio. and Med., vol. 121, 2020.   

[13] M. Alazab et. al., “COVID-19 prediction and detection using deep 
learning,” in Int. J. of Comp. Inf. Sys. Ind. Manag. App., vol. 12,  pp. 
168-181, 2020. 

[14] A. Mohammed et al., “Weakly-Supervised network for detection of 
COVID-19 in chest CT scans,” in IEEE Access, vol. 8, pp. 155987-
156000, 2020. 

[15] S. Sakib, T. Tazrin, M. M. Fouda, Z. M. Fadlullah and M. Guizani, 
“DL-CRC: Deep learning-based chest radiograph classification for 
COVID-19 detection: a novel approach,” in IEEE Access, vol. 8, pp. 
171575-171589, 2020.

[16] A. Amyar, R. Modzelewski, H. Li, S. Ruan, “Multi-task deep learning 
based CT imaging analysis for COVID-19 pneumonia: Classification 
and segmentation,” in Comp. in Bio.and Med., vol. 126, pp. 104037, 
2020.

[17] J. Wang et al., “Prior-Attention Residual Learning for More 
Discriminative COVID-19 Screening in CT Images,” in IEEE 
Transactions on Medical Imaging, vol. 39, no. 8, pp. 2572-2583, Aug. 
2020.

[18] P. Tabarisaadi, A. Khosravi and S. Nahavandi, “A Deep Bayesian 
Ensembling Framework for COVID-19 Detection using Chest CT 
Images,” 2020 IEEE International Conference on Systems, Man, and 
Cybernetics (SMC), pp. 1584-1589, Toronto, ON, Canada, 2020.  

[19] E. Soares, P. Angelov, S. Biaso, M. H. Froes, and D. K. Abe, “SARS-
CoV-2 CT-scan dataset: A large dataset of real patients CT scans for 
SARS-CoV-2 identification,” in medRxiv, May, 2020. 

6


