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Abstract
COVID-19 virus (coronavirus) is causing a worldwide pandemic of severe respiratory illnesses (SARS-CoV-2). The unique
virus was discovered in the Chinese city of Wuhan in December 2019 and has since spread throughout the world. For fear
of spreading, the World Health Organization (WHO) issued a Public Health Emergency of International Concern. This paper
attempted to offer an autonomous prediction of COVID-19 disease using chest CT scan images by using transfer learning
techniques and deep learning algorithms. The dataset included 13413 samples divided into two categories: 7395 CT chest
scan images of individuals with con�rmed COVID-19 and 6018 images of suspicious cases. The Resnet (50) model has
the best training results, Speci�city, precision, Negative Predictive Value, False Positive Rate, False Discovery Rate, False
Negative Rate, Accuracy, F1 Score, and Matthews Correlation Coe�cient with values 0.9880, 0.9892, 0.9891, 0.9882,
0.0108, 0.0109, 0.0120, 0.9886, 0.9885, and 0.9772 respectively.

1 Introduction
COVID-19 has infected over 1.3 million people around the world and caused the deaths of over 106,000 cases. Ine�ciency
and a lack of diagnosis are two major roadblocks to regulating the progression of this disease. Measures using reverse
transcription-polymerase chain reaction (RT-PCR) are used in most current assays. It takes 4-6 hours to get results, which is
a signi�cant time difference when compared to COVID-19's quick spread rate. As a result, many infected cases go
undetected for long periods, infecting others unintentionally. Deep learning (DL) algorithms for diagnosing COVID-19 using
CT scans are becoming more popular. As a result, many infected cases go undetected for long periods, infecting others
unintentionally [1].

The lack of COVID-19-CT scan images causes a challenge for DL models that have a risk of over�tting when trained on
small datasets. We investigate transfer learning to deal with data scarcity. The goal of transfer learning is to use data-rich
source tasks to aid learning of a data-de�cient target task for a CT-based diagnosis of COVID-19 [2]. We investigate
transfer learning to deal with l data scarcity. The goal of transfer learning is to use data-rich source tasks to aid learning of
a data-de�cient target task for a CT-based diagnosis of COVID-19[3]. Pre-training a powerful visual feature extraction DL
models on large images in the source tasks and then �ne-tuning the network weights on the target task's tiny dataset is a
common strategy. To examine the effects of transfer learning for COVID-19 diagnosis, we develop multiple transferring
procedures and conduct detailed analysis in the dimensions of source-target domain difference[4][5]. This paper proposed
a PCT model with and support vector machine (SVM) for identifying and forecasting pneumonia from chest CT scan
images. Instead of using CNN directly in the classi�cation process, pre-trained models (Inception (v3), Resnet (50), VGG
(16), and VGG (19) are used [6]. The binary loss function is used to perform the classi�cation procedure. Transfer learning
is used to generate a pneumonia diagnosis model with chest CT scan images. The contributions to this paper are
summarised as follows:

To aid in the diagnosis of COVID-19 based on CT scans, we offer a sample-e�cient deep learning method.

Using the COVID- 19 CT scan dataset to train and evaluate the CDNN model, which contains 6018 positive CT scans with
COVID-19 clinical �ndings and 7395 negative images.

The rest of the paper is planned as follows. Section 2 presents related works. Section 3 presents methods, and Section 4
experiments. Section 5 concludes the paper.

2 Related Works
Researchers have been striving to develop deep learning algorithms for detecting the COVID-19 virus using CT scan
images since the outbreak of COVID-19 as shown in Table 1. Cherti et al.[7] perform pre-training and transfer to various
natural and medical targets while adjusting network size, source data scale, and domain, which are either huge natural
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ImageNet or large medical chest X-ray datasets[1]. Using a large chest CT data set, Chowdhury et al. [8] suggested an
ensemble of deep convolutional neural networks (CNN) based on E�cientNet, dubbed ECOVNet, to detect COVID-19. The
open-access large chest X-ray collection is �rst supplemented, and then ImageNet pre-trained weights for E�cientNet are
transferred with some customised �ne-tuning top layers that are trained, followed by an ensemble of model snapshots to
classify COVID-19, normal, and pneumonia chest X-rays. Osama et al.[9] proposed a model that depends on machine
learning algorithms in combatting the virus thus far, focusing on screening, forecasting, and vaccine development. They
offer a complete overview of the machine learning algorithms and models that can be utilised on this mission to help
combat the infection[10]. Baruch et al.[11] present a strategy for replacing ReLU with a quadratic polynomial activation
that is organised. They employ a pre-trained model that trains another HE-friendly model, utilising approaches like
"trainable activation" functions and knowledge distillation to address the accuracy degradation issue. They use the chest
X-ray and CT datasets to demonstrate their methods using the AlexNet architecture for COVID-19 detection. Hao et al.
[12]present a data-e�cient classi�cation and active learning architecture. It is based on (1) unsupervised convolutional
neural network representation learning and (2) the Gaussian Process approach. Self-supervision is used in unsupervised
representation learning, which does not require class labels, and the learned features have been shown to produce a label-
e�cient classi�cation. They investigated the several pre-trained models to evaluate analytics measures of COVID-19
classi�cation, according to Maheen et al.[13]. Dong et al.[14] introduce DL (RCoNetsk) model that uses Deformable Mutual
Information Maximization(DMIM) model, Mixed High-order Moment Feature(MHMF) model, and Multi-Expert Uncertainty-
aware Learning(MEUL) model robust COVID-19 In [15] proposed a Mutual Information (MI) between input data and latent
representations to be accurately calculated to capture compact and disentangled representational properties[16]. Deep
Learning Software Vision(DLSV) model was proposed by Arjun et al.[17] by using X-rays COVIDx cases were classi�ed
using DL. The results are compared to COVID-Net and other DL models available in the open-source community. Humans
cannot understand how or why a model classi�es an image into a certain class; hence, DL technologies are categorizing
chest CT scan images into one of three classes, Harkness et al.[18] suggested models are trained using a CT scan dataset
and tested on a test set and a hospital dataset. Standard classi�cation metrics are used to assess the models'
classi�cation performance, explainability modules are used to investigate the most essential image aspects for
categorization[19].

Table 1
Several comparisons between the related works

Year Authors Tasks Model Metrics

2021 Cherti et al.[7] Few-Shot Learning  Image
Classi�cation  Transfer Learning

Few-Shot Transfer Learning ACC=78.35%

2020 Chowdhury
et al.[8]

Fine-tuning ECOVNet model Precision=
98.95%

2021 Baruch et al.
[11]

Knowledge Distillation Adaptation of the knowledge
distillation

Acc= 0.913%

2021 Hao et al.[12] Image Classi�cation CNN model Precision=
95%

2021 Maheen et al.
[13]

Image Classi�cation  for Computed
Tomography (CT)

Pre-trained CNN Model Acc=98.33%

2021 Dong et al.
[14]

Image Classi�cation  for Computed
Tomography (CT)

linear mixed model N/A

2021 Harkness et
al.[18]

Classi�cation  Pneumonia Detection CNN model N/A

2020 Arjun et al.
[17]

COVID-19 Chest X-rays classi�cation COGNEX model PPV= 93.3%
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3 The Proposed Model
Our work depends on using an SVM classi�er with different optimizers for the diagnosis of COVID-19. It depends on the
idea of transfer learning from pre-trained models such as Inception-V3, Resnet (50), VGG (16), and VGG (19). Used in this
work is the COVID-X dataset of chest CT-scan images. As shown in Fig. 1, some preprocessing stages are used followed by
extracting the features that are used by SVM for classi�cation tasks based on the cross-entropy loss function. Table 2
shows the training hyperparameters used while �ne-tuning the pre-trained model.

3. Preprocessing And Data Augmentation
CT images are downsized to 224x224 x3 in size. In some circumstances, getting enough information is challenging,
especially in medical cases, because it is a costly and time-consuming process. Data augmentation addresses this issue
by maximizing the usage of existing data while also addressing the absence of input data. After the dataset has been
preprocessed and partitioned, it is used in the training process to increase training data, reduce the danger of over-�tting,
and improve accuracy.

3.1. Pre-trained CNN architecture for feature extraction
In medical image processing applications, the DNN suggested model has demonstrated superior performance. Due to the
restricted availability of CT chest samples, it will be di�cult to train these algorithms from scratch to predict pneumonia. In
such situations, the use of pre-trained models based on the transfer learning idea can be advantageous. The transfer
learning technique is used to provide a pre-trained structure in an information base that might be from the same or a
different domain, allowing users to solve new problems more quickly and effectively. Rather than looking at the traditional
process of training with randomly initialized weights, a pre-trained model is used as the starting point for a few speci�ed
jobs. As a result, it aids in the reduction of the signi�cant computing resources necessary to create neural network models
to address these di�culties. Inception v3, Resnet (50), VGG (16), and VGG (19) are the pre-trained CNN models used in this
paper.

3.2. Classi�cation methods
After the features were extracted automatically using pre-trained models, two classi�ers were used for the classi�cation of
chest CT scan images based on the extracted features.
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Table 2
The detailed computations and main values of all CDNN model layers

Name of Layer Filter Size (FS) and Stride (S) Activation

Input layer - (80 ,80,3)

Convolutional layer1 FS= (2,2), S=1,Padding=same, �lters=128 (80,80,128)

Convolutional layer2 FS= (2,2) ,S=1, Padding=same, �lters=128 (80,80,128)

Max Pooling PS=(2,2),S=2, Padding=valid (40,40,128)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=64 (40,40,64)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=64 (40,40,64)

Batch normalization Momentum=0.99, Epsilion=0.001, Axis=3 (40,40,64)

Max Pooling PS=(2,2),S=2, Padding=valid (20,20,64)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=32 (20,20,32)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=32 (20,20,32)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=32 (20,20,32)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=32 (20,20,32)

Max Pooling PS=(2,2),S=2, Padding=valid (10,10,32)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=40 (10,10,40)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=40 (10,10,40)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=40 (10,10,40)

Convolutional layer3 FS=(2,2) ,S=1, Padding=same, �lters=40 (10,10,40)

Max Pooling PS=(2,2),S=2, Padding=valid (5,5,40)

Flatten - (None,1000)

Dense Units=2048, Activation=Linear (None,2048)

Activation ReLU (None,2048)

Dense Units=1024, Activation=Linear (None,1024)

Batch normalization Momentum=0.99,Epsilion=0.001,Axis=1 (None,1024)

Activation ReLU (None,1024)

Dropout Rate=0.4 (None,1024)

Dense Units=1024 (None,1024)

Activation ReLU (None,1024)

Dense Units=4,activation=SoftMax (None,4)

Output   (None,4)

3.3. Binary Crossentropy Classi�er
The loss function binary cross-entropy is utilised in binary classi�cation tasks. On many two-category tasks, it equals the
average of the categorical cross-entropy loss that is calculated as:
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The binary cross-entropy is very convenient to train a model to solve many classi�cation problems at the same time if
each classi�cation can be reduced to a binary choice. Table 3 displays the network's hyperparameters. We compare
between the Stochastic gradient descent (SGD) and Adaptive Moment Estimation(ADAM) optimizers set the learning rate
at 0.001, the momentum at 0.9, and the batch size 64 for SGD and optimizers set the learning rate at 0.001, the
momentum at 0.9, and the batch size 64 and set the learning rate at 0.001, the momentum at 0.9, and the batch size 64 for
SGD and optimizers set the learning rate at 0.001 Beta1=0.9, Beta2=0.999 for Adam optimizer.

 
Table 3:Training hyperparameters used while fine-tuning the deep learning model

Hyperparameters of CDNN model
Optimizer Adam SGD

Learning rate            0.001            0.001
Batch Size 32 32
No. Epochs 100 100

Beta1 0.9 None
Beta2 0.999 None

Epsilon None None
Decay 0 0

Amsgrad False False

4. Results And Discussion
This section discussed includes (i) the experimental setup, (ii) the pre-processing steps, (iii) the used-dataset, (vi) the
evaluation measures, (v) then the results of our proposed method. To ensure the effectiveness of our proposed model, the
performance was compared with the performance of each pre-trained model individually.

4.1. Experimental setup
All of the experiments were run on a laptop with a dual 8 GB GPU and 256 GB RAM. The average time of an epoch was
multiplied by the number of epochs until the early stopping was used to calculate the training processing time. The
remainder of this section is organized as follows. To compare them to well-known network models, we �rst explain image
preprocessing, including contrast stretching and background removal. This inquiry on a deep FV approach is still ongoing.
Finally, we show the results of scan-based categorization, which are calculated by combining patch-based scores. We
compare the dataset to various pre-trained models for diagnosing cases, which are based on a variety of input data
attributes.

4.2. Pre-processing
Image augmentation arti�cially constructs training images using a variety of processing techniques or a mix of
techniques, such as random rotation, shifts, shear, and �ips, among others[2]. Figure (9) shows the effects of data
augmentation for the COVID-19 CT scan image database, which contains data with a wide range of resolution and
intensity.

4.1. Dataset
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COVIDx CT, a benchmark CT image dataset derived from a variety of sources of CT imaging data currently comprising
201,103 images across 4,501 patient cases. Figure (3) shows samples of chest CT images[20].

4.4 Evaluation Metrics
The evaluation metrics and CT scan image classi�cation �ndings are presented in this section. Sensitivity, speci�city,
Precision, Negative Predictive Value(NPV), False Positive Rate(FPR), False Discovery Rate(FDR), False Negative Rate(FNR),
accuracy, F1-score, and Matthews Correlation Coe�cient(MCC) were all used to evaluate our model. The number of
effectively classi�ed negative and positive cases is de�ned as TN and TP, respectively. Furthermore, the terms FN and FP
refer to the number of misclassi�ed positive and negative instances, respectively. Where These evaluation measures were
calculated using the TN, TP, FN, and FP formulas. Table 4 lists the de�nitions and equations for each evaluation metric.
The learning curves are analysis curves that show the evaluation ratio for both training and testing stages. Figure( 4)
displays the training accuracy value of the CDNN model and the loss value of the CDNN model in the case SGD optimizer.
Figure( 5) displays the training accuracy value of the CDNN model and the Loss value of the CDNN model in the case of
Adam optimizer. Figure (6) and Figure (7) display the learning curves for both SGD and Adam optimizers in the testing
stage.

Table 4:The Detailed description for measuring evaluation values with equations

4.5 Confusion matrix and testing accuracy
The CDNN model's performance metrics are shown in the table below. It achieved the highest percentages for precision,
recall, and F1 score metrics, with a percentage of accuracy compared with the model. It indicates how much the model can
distinguish between classes. Figures (8) and (9) show the confusion matrix of SGD and Adam optimizer in both training
and testing stages. Calculation of the matrices measures is important for comparing between the models. The CDNN
model achieves robustness results for CT scan image classi�cation that are illustrated in Table 5 and Table 6.
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Table 5
The overall common metrics for the testing stage of ResNet(50)(training stage)

ResNet(50) Training

Metrics Recall Speci�city precision NPV FPR FDR FNR Accuracy F-
score

MCC

Adam 0.9903 0.9854 0.9851 0.9905 0.0146 0.0149 0.0097 0.9878 0.9877 0.9757

SGD 0.9890 0.9853 0.9850 0.9892 0.0147 0.0150 0.0110 0.9871 0.9870 0.9742

Table 6
The overall common metrics for the testing stage of ResNet(50)(testing stage)

ResNet(50) Testing

Metrics Recall Speci�city precision NPV FPR FDR FNR Accuracy F-
score

MCC

Adam 0.9953 0.9862 0.9859 0.9954 0.0138 0.0141 0.0047 0.9907 0.9906 0.9814

SGD 0.9933 0.9860 0.9857 0.9935 0.0140 0.0143 0.0067 0.9896 0.9895 0.9793

4. Conclusion
This paper proposed a CDNN model for COVID-19, pneumonia, and COVID-19 cases based on CT scan images. The SVM
employs the binary cross-entropy loss function to reduce the over�tting ratio between the training and testing results.
Many accuracy measures (such as speci�city, precision, negative predictive value, false-positive rate, false discovery rate,
false-negative rate, accuracy, F1 Score, and Matthews Correlation Coe�cient with values) were exceeded by the proposed
model, which achieved a 0.9880, 0.9892, 0.9891, 0.9882, 0.0108, 0.0109, 0.0120, 0.9886, 0.9885, and 0.9772, respectively.
This work demonstrated the utility and bene�ts of applying transfer learning in conjunction with loss as an SVM. It has
been determined that combining transfer learning approaches with deep learning algorithms enhances the accuracy of
pneumonia diagnosis and prediction while also signi�cantly reducing the detection time.
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Figures

Figure 1

The proposed architecture for CT Scan images
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Figure 2

The main CDNN proposed model layers
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Figure 3

Example chest CT images from the COVIDx-CT dataset, and illustrating (a) COVID-19

Figure 4

(I) The Training accuracy value of CDNN model, (II) The Loss value of CDNN model (SGD)

Figure 5

(I) The Training accuracy value of CDNN model, (II) The Loss value of CDNN model (Adam)

Figure 6
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(I) The Training accuracy value of CDNN model, (II) The Loss value of CDNN model (SGD)

Figure 7

(I) The Training accuracy value of CDNN model, (II) The Loss value of CDNN model (SGD)

Figure 8

(I) The confusion matrixes for SGD (Training stage), (II) The confusion matrixes for Adam (Training stage)
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Figure 9

(I) The confusion matrixes for SGD (Testing stage), (II) The confusion matrixes for Adam (Testing stage)


