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ABSTRACT 

 

This paper proposes an efficient and fully automated method for classifying 

COVID-19 using CT scan images of a patient's chest. The study utilizes the 

publicly available SARS-CoV-2 CT scan dataset, which contains 1252 CT scans 

positive for SARS-CoV-2 (COVID-19) infection, 1230 CT scans from SARS-

CoV-2-negative patients, and a total of 2482 cross-sectional scans. This research 

explores various topologies designed to enhance the classification accuracy of 

convolutional neural networks, particularly when dealing with images containing 

small objects of interest. DenseNet169 is particularly effective in handling small -

sized infection patterns commonly observed in COVID-19 cases, as it allows the 

model to analyze images at varying resolutions effectively without 

compromising small-object data integrity. Several approaches were evaluated, 

including VGG19, Xception, ResNet101, DenseNet169, and two custom models: 

a "custom vanilla" model based on the vanilla architecture and a "custom 

inception" model based on the inception architecture. Among these, 

DenseNet169 achieved the highest performance, attaining an impressive 

accuracy rate of 99.731%. 
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1. INTRODUCTION  
Since December 2019, a previously unknown coronavirus, referred to as the novel coronavirus (2019-nCoV or 

COVID-19), has been discovered in Wuhan, China. Subsequently, COVID-19 rapidly spread across China and 

worldwide, causing symptoms such as fever, respiratory distress, coughing, and invasive lesions in both lungs of 

affected individuals [1]. This pivotal moment marked the beginning of a global effort to understand, combat, and 

manage the unprecedented challenges posed by the COVID-19 pandemic. Coronaviruses are a large family of viruses 

capable of causing illnesses in both animals and humans. In humans, several coronaviruses are known to cause 
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respiratory infections, ranging from mild conditions similar to the common cold to more severe and potentially fatal 

diseases, such as Middle East Respiratory Syndrome (MERS) and Severe Acute Respiratory Syndrome (SARS).The 

most recently discovered coronavirus causes the disease known as COVID-19. This novel virus has introduced 

unique challenges to global health, requiring coordinated efforts to understand and mitigate its spread. Prior to the 

outbreak in Wuhan, China, in December 2019, both this virus and the associated disease were entirely unknown. 

Since its emergence, COVID-19 has rapidly evolved into a global pandemic, affecting numerous countries worldwide 

[2].On January 30, 2020, the World Health Organization (WHO) declared a global health emergency [3]. Typical 

symptoms of COVID-19 include fever, cough, and difficulty breathing [5, 9]. Although most cases result in mild 

symptoms, some progress to viral pneumonia. As of August 7, 2020, more than 19 million confirmed cases had been 

reported worldwide, spanning nearly every region, with 717,687 documented deaths [4]. 

After an extended period of quarantine, several nations are taking the initial steps toward DE confinement strategies 

[6, 7]. However, the death toll from COVID-19 continues to rise, particularly in the United States, the United 

Kingdom, and Brazil [4]. In response to this ongoing crisis, innovative technologies and strategies have emerged to 

strengthen healthcare systems during the pandemic [8]. Radiologists have played a key role in supporting the use of 

CT scans and X-rays for detecting COVID-19, helping to develop methods that incorporate these imaging tools into 

the diagnostic process. This approach emphasizes the importance of medical imaging in assessing and managing 

COVID-19 cases. Most patients with symptoms of COVID-19 undergo X-rays and CT scans of their lungs after at 

least four days, which reveal signs of infection and confirm the presence of the virus in their bodies [10]. 

Between January 6 and February 6, 2020, a total of 1,014 patients underwent chest CT scans and RT-PCR testing. 

Using RT-PCR as the reference standard, a comparative analysis indicated that chest CT may serve as a valuable tool 

for detecting COVID-19 in endemic areas [10]. While medical imaging is not recommended as a definitive diagnostic 

method, it can support early COVID-19 detection due to the limitations of other diagnostic approaches [11]. 

Furthermore, the shortage of diagnostic kits in many heavily affected areas worldwide has prompted researchers to 

develop new and simpler methods for diagnosing the disease. These efforts aim to address the urgent need for more 

accessible and rapid testing solutions, particularly in resource-limited settings where the demand for testing remains 

high. Innovations in diagnostic approaches continue to play a crucial role in the ongoing fight against the COVID-19 

pandemic. CT scanning has emerged as a pivotal tool in the clinical diagnosis of COVID-19 patients [2]. 

Due to the availability of medical imaging devices in most treatment centers, researchers analyze CT scans and X-

rays to detect COVID-19. In many patients with COVID-19, infections are observed in the lungs, which can aid in 

diagnosing the disease. Analysis of CT scans in COVID-19 patients revealed pneumonia caused by the novel 

coronavirus [1]. In studies referenced as [10] and [12], it was observed that CT scans of some patients with early-

onset COVID-19 symptoms revealed additional coronavirus infections. Their RT-PCR test results were negative at 

the time, but after both tests were repeated a few days later, RT-PCR confirmed the CT scan's diagnostic findings. 

This highlights the potential utility of medical imaging, particularly CT scans, as a primary diagnostic tool for 

COVID-19 in the early stages of the illness. It can assist in isolating and managing suspected cases promptly, thereby 

reducing the risk of viral transmission. However, it is important to note that medical imaging alone is not 

recommended for a definitive diagnosis, and confirmation through other means is typically necessary for conclusive 

identification of COVID-19. 

 

2. RELATED WORK 
Recently, several machine learning and deep learning techniques have been applied to classify COVID-19 using CT 

scan images. For instance, Li et al. [27] developed a deep learning model named COVNet to extract visual features 

from chest CT scans for detecting COVID-19. These visual features were utilized to differentiate between 

community-acquired pneumonia and other non-pneumonia lung diseases. However, COVNet could not categorize the 

severity of the disease. Horry et al. [28] proposed a COVID-19 detection method based on transfer learning and 

multimodal image data. Unfortunately, the performance of the resulting classification model was poor. Wang et al. 

[29] introduced a 3D deep convolutional neural network called DecoVNet to detect COVID-19 from CT volumes, 

achieving an accuracy of 90.1%. However, the dataset used was small, comprising only 630 images: 499 CT volumes 

for training and 131 for testing, which resulted in an unbalanced dataset. Han et al. [30] proposed an attention-based 
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deep 3D multi-instance learning (AD3D-MIL) model that achieved an accuracy of 97.9% using 460 chest CT 

examples. Nevertheless, the dataset size was insufficient for training deep learning techniques effectively. Similarly, 

Ouyang et al. [31] introduced a novel online attention module integrated with a 3D convolutional neural network 

(CNN) to focus on infection regions in the lungs for diagnostic decisions. This model achieved an accuracy of 87.5% 

using 2796 chest CT examples. Pathak et al. [32] proposed a deep bidirectional long-term memory network combined 

with a density mixture network model (DBM). To optimize the DBM model’s hyperparameters, they employed the 

Memetic Adaptive Differential Evolution (MADE) algorithm. Using 1790 Chest CT examples, their model achieved 

an accuracy of 98.37%. Yu-Dong et al. [33] developed a deep convolutional neural network (DCNN) model, which 

achieved an accuracy of 93.64 ± 1.42% using 640 chest CT examples. However, the dataset was small. Soares [13] 

presented a multiclass CT scan dataset for identifying SARS-CoV-2, the virus responsible for COVID-19. The 

dataset contained 4173 CT scans from 210 patients, including 2168 scans from 80 patients confirmed to be SARS-

CoV-2-positive through RT-PCR testing. A smaller version of this dataset, consisting of 2482 CT scans, was also 

used. Using the xDNN model, an accuracy of 97.31% was achieved. Owida et al. [35] proposed a hybrid approach for 

classifying chest X-ray images by extracting features using both wavelet transforms and Mel Frequency Cepstral 

Coefficients (MFCCs), followed by classification using a Support Vector Machine (SVM) model. Their method 

demonstrated promising performance, achieving an overall accuracy of 94.13% in distinguishing between normal and 

pathological chest X-rays. Table 1. provides an overview of the methods and quantitative results for COVID-19 

classification.  

Table 1. Overview of methods and quantitative results toward COVID-19 classification 

 

Author Data Set 
No. of 

Images 
Method 

Quantitative 

results 

indicators 

Date of 

publication 

Lin Li [27] Internal 4352 3D CNN AUC= 95%; 19 Mar  2020 

J. HORRY [28] 
COVID-CT 

Dataset 
746 VGG19 Acc = 84% 14 August 2020 

Wang [29] Internal 630 3D CNN Acc = 90.1% ; 8  AUGUST 2020 

Han [30] Internal 460 

Attention mechanism 

+ 3D multiple instance 

learning 

Acc =97.9%; 

AUC=99.0% 
8 AUGUST 2020 

Ouyang [31] Internal 2796 
Attention mechanism 

+ 3D CNN 

Acc = 87.5%; 

AUC= 94.4%; 
8 AUGUST 2020 

Pathak [32] 
Chest CT 

images 
1790 DBM 

Acc = 98.37%; 

AUC= 98.32% 
20 July 2020 

Yu-Dong[33] Internal 640 DCNN 
Acc = 93.64 ± 

1.42% 
3 November 2020 

A. Waheed[34] 

COVID-19 

chest X-ray 

dataset 

932 VGG16 + ACGAN Acc =  95% 8 Mar  2021 

Soares [13] 

SARS-CoV-2 

CT scan 

dataset 

4173 xDNN Acc =  97.31% 27 June 2023 

               Internal: nonpublic dataset 

These studies vary in their use of datasets, evaluation metrics, and implementation techniques, which may result in 

different levels of accuracy and reliability. Unlike many existing studies, this paper provides a comprehensive 

comparison of six well-known convolutional neural network (CNN) architectures using the same publicly available 
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CT scan dataset. While prior works often focus on a single model or a custom architecture, our study offers a fair 

benchmarking environment across multiple pre-trained models, including DenseNet169, which demonstrated superior 

performance. Additionally, we propose a custom lightweight CNN architecture that balances accuracy and 

computational efficiency. Our work also provides deeper training analysis through learning curves and performance 

metrics such as precision, sensitivity, and specificity, which are often overlooked in similar studies. These aspects 

highlight the novelty and practical relevance of our contribution in the context of COVID-19 CT image classification. 

 

3. MATERIALS AND METHODS      

3.1.SARS-COV-2 CT-Scan Dataset 

The SARS-CoV-2 CT scan dataset, publicly released by Soares et al. [13], contains 2482 CT images collected from 

real patients in hospitals across São Paulo, Brazil. The dataset includes 1252 images from COVID-19-positive 

patients and 1230 from negative cases. The data were preprocessed by resizing to a standard dimension, normalizing 

pixel values, and applying data augmentation techniques such as horizontal/vertical flipping to improve 

generalization. The dataset was split into 70% training (1737 images), 15% validation, and 15% testing subsets. 

Figure 1 provides visual examples of positive and negative samples. 

 

 

 

 

 

 

 

 

Figure 1. Samples of Infected and non-infected Images from the Data set 

 

 

 

 

3.2.Enhanced deep convolutional neural network for classification 

 

Computer vision systems can analyze medical images such as CT scans, X-rays, MRIs, mammograms, etc., with 

greater accuracy and speed [15]. Because a computer vision system can analyze medical images much faster, it can 

significantly reduce the workload of radiologists by allowing them to treat more patients. This can also reduce burnout 

rates for radiologists, which have been rising amidst the industry challenges. This can also be helpful in remote areas 

where the supply of radiologists is limited; computer vision systems can assist existing radiologists in managing more 

patients [15]. Implementing computer vision methods on deep neural networks, especially using the convolution 

layers, has resulted in extremely accurate performance. This paper proposes convolution networks to classify the 

SARS-CoV-2 CT-Scan Dataset into normal or COVID-19. We trained, evaluated, and compared six different 

deep convolutional networks: ResNet101 [16], DenseNet169[17], Xception [18], VGG19[19], and two custom models 

(CNN based on vanilla, CNN based on inception) as shown in Figure 2. 

 

https://www.ajronline.org/doi/full/10.2214/AJR.21.26756
https://www.sciencedirect.com/topics/engineering/deep-neural-network
https://www.sciencedirect.com/topics/computer-science/convolution-layer
https://www.sciencedirect.com/topics/computer-science/convolution-layer
https://www.sciencedirect.com/topics/computer-science/convolutional-network
https://www.sciencedirect.com/science/article/pii/S1746809421001853?via%3Dihub#bib0065
https://www.sciencedirect.com/science/article/pii/S1746809421001853?via%3Dihub#bib0035
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Figure 2. Illustration of the pipeline of the proposed methods 

 

 

Convolutional neural network (CNN), a class of artificial neural networks that has become dominant in various 

computer vision tasks, is attracting interest across a variety of domains, including radiology. CNN is designed to 

automatically and adaptively learn spatial hierarchies of features through backpropagation by using multiple building 

blocks, such as convolution layers, pooling layers, and fully connected layers [14]. 

For conventional deep learning networks, they usually have conv-layers then fully connected (FC) layers for 

classification task like AlexNet, ZFNet and VGGNet, without any skip / shortcut connection. We call them plain 

networks. When the plain network is deeper (i.e. layers are increased), the problem of vanishing/exploding gradients 

occurs [20]. 

 

VGG-19 is a convolutional neural network (CNN) architecture that was proposed by the Visual Geometry Group 

(VGG) at the University of Oxford. It is a deeper version of the VGG network, specifically consisting of 19 layers. 

The VGG-19 architecture is known for its simplicity and uniformity, with convolutional layers of a small filter size 

(3x3) and max-pooling layers (2x2) applied throughout the network. 

VGG-19 consists of a series of convolutional blocks. Each block consists of two or more convolutional layers 

followed by a max pooling layer. The convolutional layers have a filter size of 3x3 and a stride of 1, and they apply 

padding to maintain the spatial dimensions. The max pooling layers have a pooling size of 2x2 and a stride of 2, 

which reduces the spatial dimensions by half. Block 1 has 2 convolutional layers with 64 filters  and block 2 has 2 

convolutional layers with 128 filters and block 3 has 4 convolutional layers with 256 filters and block 4 has 4 

convolutional layers with 512 filters and block 5 has 4 convolutional layers with 512 filters and Fully Connected 

Layers: After the convolutional blocks, VGG-19 has three fully connected layers. Each fully connected layer consists 

of 4096 neurons as shown in Figure 3. 
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Figure 3. Proposed VGG19 COVID-19 classification architecture 

 

ResNet can have a very deep network of up to 152 layers by learning the residual representation functions instead of 

learning the signal representation directly [20]. 

 

ResNet introduces a skip connection (or shortcut connection) to fit the input from the previous layer to the next layer 

without any modification of the input. Skip connection enables having a deeper network, and finally, ResNet becomes 

the Winner of ILSVRC 2015 in image classification, detection, and localization, as well as the winner of MS COCO 

2015 detection and segmentation [20]. 

One of the problems ResNets solves is the famous vanishing gradient. This is because when the network is too deep, 

the gradients from where the loss function is calculated easily shrink to zero after several applications of the chain 

rule. This results in the weights never updating their values and therefore, no learning is being performed. With 

ResNets, the gradients can flow directly through the skip connections backwards from later layers to initial filters 

[21]. 

ResNet-101 is a convolutional neural network that is 101 layers deep. You can load a pretrained version of the 

network trained on more than a million images from the ImageNet [24] database. The ResNet101 model is a deep 

residual network that allows for better performance by utilizing skip connections to mitigate the vanishing gradient 

problem. Figure 4 illustrates the architecture of ResNet101 used in this work. 

 

 

 

 

 

 

 

 

 

 

 

 

https://medium.com/@anishsingh20/the-vanishing-gradient-problem-48ae7f501257
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Figure 4. ResNet101 architecture 

 

DenseNet is one of the new discoveries in neural networks for visual object recognition. DenseNet is quite similar to 

ResNet with some fundamental differences. ResNet uses an additive method (+) that merges the previous layer 

(identity) with the future layer, whereas DenseNet concatenates (.) the output of the previous layer with the future 

layer [22].  

 

DenseNet was developed specifically to improve the declined accuracy caused by the vanishing gradient in high-level 

neural networks. In simpler terms, due to the longer path between the input layer and the output layer, the information 

vanishes before reaching its destination [22]. 

 

DenseNets have several compelling advantages: they alleviate the vanishing-gradient problem, strengthen feature 

propagation, encourage feature reuse, and substantially reduce the number of parameters [17]. 

 

The DenseNet -169 model is one of the DenseNet group of models designed to perform image classification as shown 

in Figure 5. The main difference with the densenet-121 model is the size and accuracy of the model [23] 

 

 

 

 

 

 

 

https://arxiv.org/pdf/1608.06993v3.pdf
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Figure 5. DesNet169 architecture 

 

 

Xception introduced new inception modules constructed of depth-wise, separable convolution layers (depth-

wise convolutional layers followed by a point-wise convolution layer). Xception achieved one of the best results on 

the ImageNet dataset. 

The proposed model, based on vanilla architecture, consists of a convolution layer, maximum pooling, batch 

normalization, and a classification layer. The network architecture consists of three 3x3 convolution layers with 

16,32, and 64 units, respectively, and three maximum pooling layers of 2x2 sizes. There are also three batch 

normalization layers, as shown in Figure 6. Proposed model structure parameters are shown in Table .2. 

 

Figure 6. CNN based on Vanilla. 

 

https://www.sciencedirect.com/topics/engineering/convolutional-layer
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Table 2.  Proposed Model Parameters. 

Layer (type) 
 

Output Shape Parameter 

Conv2D 22x22x16 448 

MaxPooling2D 111x111x16 0 

BatchNormalization 111x111x16 64 

Conv2D 109x109x32 4640 

MaxPooling2D 54x54x32 0 

BatchNormalization 54x54x32 128 

Conv2D 52x52x64 18496 

MaxPooling2D 52x52x64 0 

BatchNormalization 52x52x64 256 

Flatten 173056 0 

Dense 128 22151296 

Dense 2 258 

Total Parameters: 22,175,586 

Trainable Parameters:22,175,362 

Non-Trainable Parameters: 224 
 

 

For the proposed model based on the Inception architecture, five layers are applied as shown in Figure 7. 

 

Figure 7. CNN based on Inception. 
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3.3.Training Phase 

We separated the dataset into training, validation, and testing data. The training data has 70% of the total data set, 

about 1737 images, while the validation and testing data have 30% data set.  

 

We trained our dataset on VGG19, ResNet101, DensNet169, Xception, and our model. For training the networks, we 

used transfer learning from the ImageNet [24] pre-trained weights to make the networks’ convergence faster. We 

chose the Adamax optimizer and the Categorical Cross-entropy loss function. We also used data augmentation 

methods to make learning more efficient and stop the network from overfitting. Our training parameters are listed in 

Table 3. 

 

        Table 3.  Training Parameters 

 

Training 

parameters 

Models 

VGG19 ResNet101 Xception 
DensNet1

69 

Custom model-

based vanilla  

Learning Rate 0.001 0.001 0.001 0.001 0.001 

Batch size 14 16 14 16 16 

Optimizer Adamax Adamax Adamax Adamax Adam 

Loss function 

categoric

al_crosse

ntropy 

categorical_cr

ossentropy 

categorica

l_crossent

ropy 

categorica

l_crossent

ropy 

binary_crossentrop

y 

Epochs 55 23 10 18 42 

Horizontal/vertical 

flipping 
yes yes yes yes yes 
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4. EXPERIMENTAL RESULTS                 

This section reports the Image classification results of the trained networks on the test set images. We used the Keras 

library [25] on the Tensorflow backend [26] for developing and running the deep networks. 

4.1. Image Classification Results  

We trained each network on the training set with the explained parameters in Section 2.3. We also used the accuracy 

metric while training for monitoring the network validation result after each epoch to find the training network's best 

converged version. 

We evaluated the trained networks using four different metrics for each of the classes and the overall accuracy for all 

the classes as follows: 

Accuracy (for each class) =  
TP+TN

TP+FP+TN+FN
                                              (1) 

Specificity = 
TN

TN+FP
                                                                                   (2) 

Sensitivity = 
TP

TP+FN
                                                                                   (3) 

Precision = 
TP

TP+FP
                                                                                      (4) 

In these equations, for each class, TP (True Positive) is the number of correctly classified images, FP (False Positive) is 

the number of the wrong classified images, FN (False Negative) is the number of images that have been detected as a 

wrong class, and TN (True Negative) is the number of images that do not belong to another class and have not been 

classified as that class.  

In this study, DenseNet169 achieved an accuracy of 99.731%, Resnet101 achieved an accuracy of 98.79, VGG19 

achieved an accuracy of 94.77, Xception achieved an accuracy of 99.59 %, Custom model based on vanilla achieved an 

accuracy of 95.97 %, and Custom model on inception achieved an accuracy of 95.71%. 

After training the DenseNet169 model, it gave high results in the training and validation phases. Specifically, the 

accuracy in the train phase was 100%, while in the validation phase, it was 99.731%. The loss was 0.0 and 0.01588 in 

the training and the validation. 

The accuracy and loss plots of all six models are shown in Figures 8–11. 

 

 

 

 

 

 

 

 

          

                     
                       Best training Acc=100                                                                                        Best training loss= 0               

                          Best validation Acc=99.731 epoch=20                                                               Best validation Loss = 0.0025                                                

                                             (a)                                                                                (b)    

 

Figure.8. (a) Accuracy and (b) loss plots throughout the training process of the Dense169 model 

 

https://www.sciencedirect.com/science/article/pii/S1746809421001853?via%3Dihub#bib0040
https://www.sciencedirect.com/science/article/pii/S1746809421001853?via%3Dihub#bib0005
https://www.sciencedirect.com/science/article/pii/S1746809421001853?via%3Dihub#sec0030
https://www.sciencedirect.com/topics/computer-science/true-positive
https://www.sciencedirect.com/topics/computer-science/false-positive
https://www.sciencedirect.com/topics/engineering/false-negative
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                    Best training Acc=99.04                                                                              Best training Loss = 0.033                                       

                    Best validation Acc=96.371 epoch=38                                                        Best validation Loss = 0.19392 epoch=38                                            
 

(a) (b)  

 

Figure.9. (a) Accuracy and (b) loss plots throughout the training process of the VGG19 model. 

 

 

 

 

 

 

 

 

 

                          Best training Acc= 99. 59                                                                           Best training Loss=    0.001                                                                                                                   

                           Best validation Acc=100 epoch=20                                                          Best validation Loss = 0.00212                                                                                                            

(a)                                                                                  (b)  

 

Figure.10. (a) Accuracy and (b) loss plots throughout the training process of the Xception model 
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                       Best training Acc= 99. 482                                                                            Best training Loss=    0.075                                                                                                                   
                       Best validation Acc=95.161 epoch = 22                                                      Best validation Loss = 0.2003 epoch = 12                                                                                                            

(a)                                                                                  (b)  

 

Figure.11. (a) Accuracy and (b) loss plots throughout the training process of the Custom model 

5. DISCUSSION  
The Proposed model evaluation results are shown in Table 4. The results show that DensNet169 achieved 99.731% 

overall accuracy for the COVID-19 class. VGG19 evaluation results show 94.77% overall accuracy. ResNet101 

evaluation results show 98.79% overall accuracy. Xception evaluation results show 99.59% overall accuracy. 

Custom model based on vanilla evaluation results show 95.97% overall accuracy. Custom model based on 

inception evaluation results show 95.71% overall accuracy.  Our investigations indicate that DensNet169 detects 

infection points very carefully, but normal models like VGG19 and ResNet169 determine any similar points as 

infections and mistakenly identify more normal images as COVID.  

 

Table 4. Evaluation Results for Each Network 

 

Network 

Evaluation Results  

Correctly 

classified 

images 

Wrongly 

classified 

images 

COVID 

correct 

classified 

COVID 

not 

classified 

Normal, 

correctly 

classified 

Normal not 

classified 
Acc 

VGG19 236 13 120 6 116 7 94.77% 

ResNet101 246 3 124 2 122 1 98.79% 

Xception 248 1 126 0 122 1 99.59% 

DensNet169 370 1 187 1 182 0 99.73% 

Custom 

model based 

on vanilla 

358 15 177 11 181 4 95.97% 

Custom 

model on 

inception  

373 16 183 5 174 11 95.71% 
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Table 4 provides a breakdown of classification performance for each tested model. ‘Correct classified images’ and 

‘Wrong classified images’ represent the total predictions. ‘COVID correctly classified’ indicates how many 

infected cases were correctly detected, while ‘COVID not classified’ indicates missed COVID-positive cases. 

Similarly, Normal correctly classified’ and ‘Normal not classified’ reflect performance on healthy cases. The 

accuracy column summarizes overall classification accuracy. 

6. CONCLUSION 

 

In this paper, a COVID-19 disease classification model is proposed to classify the infected patients from chest CT 

images. Initially, the chest CT dataset of COVID-19-infected patients is decomposed into training, validation, and 

testing groups. The training dataset is utilized for building the COVID-19 disease classification model. The 

proposed MODEL-based CNN and competitive classification models are applied to the training data. Finally, the 

comparisons are drawn between VGG19, ResNet101, Xception, DensNet169, a custom model based on vanilla, 

and a custom model on inception. DensNet169 obtained the best result, 99.731% overall accuracy. Based on the 

results obtained, it can be understood that the proposed methods can improve COVID-19 classification and run fast 

enough for implementation in medical centers. Unlike many previous works, our study evaluates multiple CNN 

architectures under consistent conditions, uses a well-curated dataset, and introduces a customized lightweight 

CNN. The use of DenseNet169 in particular demonstrated superior accuracy while maintaining computational 

efficiency. 
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