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Abstract. COVID-19 is one of the most serious diseases caused by the SARS 

coronavirus. This is a fatal disease, and it becomes difficult to save the life of the 

infected person because it progresses very rapidly and starts in the lungs and 

causing damage to the entire body. With the help of advanced machine learning 

techniques, this disease can be detected early and with very little probability of 

error. In this paper, we have developed two deep transfer learning models, VGG 

16 and MobileNetv2, to detect COVID-19. Both models were applied to datasets 

based on human lung CT scan images, and their performance was evaluated. To 

analyze and compare their performance, we have used several performance met- 

rics such as Prevalence, Null Error Rate, False DR, Negative PV, False OR, LR 

ratio (+), LR ratio (-), CSI, Accuracy, FM Index, BM, Diagnostic Ratio, MK and 

Critical Success Index, that have not been used in previous papers. 

Keywords: Transfer Learning, Deep Learning, CT Scan Imaging, SARS-CoV- 

19, Critical Success Index, Diagnostic Ratio, False Omission Rate 

1 Introduction 

SARS coronavirus is a deadly disease that has caused a lot of deaths across the world. 

Initially, it was complicated to identify coronavirus correctly because its symptoms 

were similar to fever, cold, and cough. That is why it was challenging to identify it in 

the initial stages. The most effective and reliable technique to detect coronavirus is a 

lung CT scan because coronavirus mainly affects the lungs and damages them very 

quickly, which can even lead to death. Machine learning techniques are used to effec- 

tively diagnose many diseases and medical applications, and it has also been used to 

effectively diagnose coronavirus. Although these works were quite effective, there were 

many shortcomings in them. Our aim in this presented approach is to minimize those 

shortcomings and develop an effective technique. 

If we talk about India, then the number of confirmed cases here till April 2024 has 

reached 45,035,393, out of which 533,570 people have died, and the rest have been 

saved. If we talk about China, the number of cases there till April 2024 was 503,302, 

out of which 5272 people died and the rest were saved. The most effective way to pre- 

vent it is to detect it in its early stages. But many times, this was not possible because 

the methods of detection were not so accurate, and also took a lot of time. 

The scope of Machine Learning techniques is expanding in medical diagnosis as they 

are capable of giving very accurate and fast results. All these special features of ma- 

chine learning techniques inspired us to use these techniques for effective, fast, accu- 

rate, and correct diagnosis of COVID-19 so that COVID-19 patients can be classified 

correctly and quickly using our approach. 
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the best results, as its scope is limited to a very small number of images. 
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Deep Transfer Learn

We have proposed two approaches based on MobileNetV2 and VGG 16, respectively, 

and then compared them on the scale of various performance parameters. 

2 Background Study and Motivation 

Machine Learning technology is helping in various fields today due to its effectiveness. 

The foundation of machine learning, its methodologies, and various applications are 

covered in [1] and [2]. Machine learning with security can be helpful to achieve some 

more complicated goals as discussed in [3]. These techniques are helpful in various 

medical diagnoses, such as Breast cancer [4], heart disease acute prediction [5], mela- 

noma disease prediction [6], Classification of Brain tumor through Efficient B3 model 

[7], through IFAS approach [8] and applying U-Net on 3D MRI scan images [9]. Some 

other notable work on VOID-19 regarding long COVID sequelae based on the clinical 

data is provided in [10-11]. Various approaches for the prediction of COVID discussed 

in [12][13][14], mostly based on Transfer learning, Internet of Things, Deep Learning, 

and AI. A detailed review is provided in [15]. The impact of alcohol consumption on 

COVID-19 is discussed in [20]. 

After studying many recent research papers, many limitations have been identified. 

Some of the limitations or gaps in the previous approaches are identified as: 

• Most of the work is done on small datasets [16]. These datasets contain very 

few images; we cannot ensure that the applied model or approach will provide 

• Very few image pre-processing techniques applied in the previous approaches 

provided low-quality results [17]. 

• In most of the approaches, we found that the work is done in older CNNs such 

as AlexNet or ResNet, which have few limitations [18]. 

• In most of the approaches, we have identified that basic classifiers such as 

SVM Classifiers or KNN classifiers are used. These classifiers are good for 

text-type datasets only [19]. 

• Very few parameters were taken for the validation of the work. 

The main objective is the diagnosis of COVID-19 while considering its increasing im- 

pact on fast and accurate results of machine learning and its derived techniques. Since 

many approaches have already been used to diagnose COVID-19, it is also our objec- 

tive to understand their shortcomings and remove them in the new approach, with the 

help of various existing feature extraction algorithms, such as histogram analysis, His- 

togram Equalization, denoising, convolutional networks, etc. Applying the various ex- 

isting algorithms used for classification, such as the confusion matrix, for detection and 

classification, thus enhancing and improving the accuracy by using the hybrid tech- 

niques such as deep learning. And finally, compared the performance of the approaches 

themselves. 



 

 

 

 

• To study existing pre-processing techniques on the dataset of COVID-19. 

• To enhance the performance using various advanced techniques. 

• To provide the analytical results where feasible. 

vious works. 
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3 Materials Used and Methodology 

This section covers information about the datasets, image and data pre-processing, ma- 

chine learning techniques used, deep learning models, model formation, including com- 

pilation methods, various augmentation techniques, training and testing procedures, and 

performance parameters with their descriptions and mathematical formulas. 

Our problem statement is as follows: To develop an approach that can effectively and 

accurately diagnose coronavirus and correctly classify COVID and non-COVID cases 

with the help of advanced ML techniques using a dataset based on human lung CT scan 

images. For this, we have specially collected datasets from trusted public sources and 

combined them to prepare a large dataset, and then designed an effective model so that 

the results are highly accurate 

In the proposed work, we have tried to overcome all or most of the limitations or re- 

search gaps mentioned. Our research methodology focuses on all of the research gaps, 

and we divided it stepwise to cover all of these remedies: 

 

• To study existing feature extraction algorithms on the COVID-19 chest da- 

taset. 

• To study existing classification algorithms for detecting COVID-19. 

 

• To compare the proposed techniques' results with existing techniques in pre- 

• To give conclusions as well as recommendations for further enhancement. 

We have prepared our dataset by merging the two publicly available datasets (shown in 

Table 1). 

Table 1. Information Regarding the Dataset 

We proposed two different approaches here. Figure 1 shows the complete approach for 

both processes. The only difference between the two approaches is that in the first 
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approach, we used MobilenetV2 CNN, and in the second approach, we used VGG 16 

CNN for applying Transfer Learning. 
 

 
Figure 1. Flow Structure for the proposed approaches 

Initially, we applied some of the pre-processing techniques. Firstly, we have resized 

these images and then applied the histogram equalization using CLAHE on these im- 

ages to enhance the basic contrast of these images, as they have less contrast. We con- 

verted these images into grayscale levels so that better results can be achieved. We have 

also removed the noise from these images to obtain better quality. Then we break the 

dataset into three parts for training, testing, and validation. We have applied various 

techniques of data augmentation to prevent the model from overfitting. Information 

about the augmentation parameters is shown below (Table 2). 

Table 2. Augmentation Methods and Their Parametric Values 

 Augmentation Achieved By Values Considered  

Rotating the Images with 20 Degree 

Zooming the image by 20% 

Shearing the Image By 20% 

Shifting the Images with 20% 

Flipped the Images Horizontally 

Optimization of the model is achieved using various optimizers and performance ma- 

trices (Table 3). We have taken Binary Cross Entropy as a loss parameter. Learning 

Rate is another important parameter that influences the stability of the convergence and 

speed. It is issued to calculate the total number of steps so that an optimized model can 

be defined by adjusting the weight and bias. Metrics are the performance parameters. 
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An important metric is accuracy. Epochs are simply one complete pass. We need to 

define the number of epochs for our model to prevent it from underfitting or overfitting. 

Table 3. Model Parameters and Their Parametric Values Taken 

 Model Compilation Parameters Values Considered  

Optimizer Selected Adam 

Loss Parameter Selected BCE 

Learning Rate Considered e-4 

Metrics Considered Accuracy 

Batch Sizes 15 

Epochs Taken 80/50 

Then, in the first approach, we applied Mobilenetv2, which has a total of 53 layers 

which including the input layer, conv 2D layer, bottleneck layer, average pooling layer, 

and lastly output layer. The input layer takes less input, while the output layer gives 

output. The conv 2D layer performs the work of convolution, while the average pooling 

layer does the work of averaging. An important layer in MobileNetV2 is the bottleneck 

layer, which performs less matrix multiplication and reduces the number of parameters 

so that the depth of the model can be increased, as well as its processing speed can be 

increased (Figure 2). 
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Figure 2. Layered Architecture of MobilenetV2 

In the second approach, we applied VGG 16. It has a total of 16 layers, which are the 

combination of 2 Conv Layers consisting of 64 filters, 2 Conv layers consisting of 128 

filters, 3 Conv layers consisting of 256 filters, 6 Conv layers consisting of 512 filters, 

and three FCC layers of 4096 nodes. 



 

 

 

242             K. K. Joshi et al.

 

Figure 3. Layered Architecture of VGG 16 
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4 Training and Testing of the Models 

The MobilenetV2-based model (Approach 1) is trained for 80 epochs. One can easily 

see the difference, which shows that training loss is reduced from the 1st to the 80th 

epoch, and training accuracy is increased (Figures 4 and 5). 

 

 
Figure 4. Status of Performance during 1st Epoch 

 

 

Figure 5. Status of Performance during 80th Epoch 

The VGG 16-based model (Approach 2) is trained for 50 epochs. One can easily see 

the difference, which shows that training loss is reduced from the 1st to 50th epoch and 

training accuracy is increased (Figure 6 and Figure 7). 

 

 
Figure 6. Status of Performance during 1st Epoch 
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Figure 7. Status of Performance during 50th Epoch 

We have plotted the matrix of confusion regarding the testing of our models, and 

based on it, a classification report is plotted. 

In the first approach of MobileNetV2-based, for plotting the confusion matrix, we used 

149 support images of Covid-negative patients and 174 images of Covid-positive pa- 

tients (Figure 8). 

 

Figure 8. A confusion matrix for the MobilenetV2-based approach. 

The Classification report in Figure 9, displaying the values of performance benchmarks 

based on the following values on TP, TN, FP, and FN: 
True (-) = 140, 

False (+) = 9, 

False (-) = 14 and 

True (+) = 166 

 

Figure 9. Classification Report (Testing) contains performance parameter values 

Similarly, for the second approach based on VGG 16, the matrix of confusion is plotted 

(Figure 10). 
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Figure 10. A confusion matrix for the VGG 16-based approach 

The Classification report in Figure 9, displaying the values of performance benchmarks 

based on the following values on TP, TN, FP, and FN: 

True (-) = 147 

False (+) = 8 

False (-) = 7 and 

 

Figure 11. Classification Report (Testing) contains performance parameters 

5 Comparative Analysis 

5.1 Training Performance Comparisons 

In the first approach (MobilenetV2-based), we have 80 epochs, while in the second 

approach (VGG 16-based), we have 50 epochs. So, the comparison of the performance 

on the first and last epochs is shown in Table 4 below: 

Table 4. Model Parameters and Their Parametric Values Compared in First and Last Epochs 

Approach Epochs Training Loss Training Accuracy 

1st 0.7456 0.6056 

MobilenetV2 Based 
80th 0.0426 0.9824 

1st 0.6793 0.5498 

VGG 16 Based 
th 0.0225 0.9958 
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The MobilenetV2-based approach has a loss of 0.7456 and an accuracy of 0.6056 in its 

first epoch during training, while the loss drops to 0.0426 and the accuracy increases to 

0.9824 in its last epoch (80th epoch). The VGG 16-based approach has a loss of 0.6793 

and an accuracy of 0.5498 in its first epoch, and by the 50th epoch, the loss decreases 

to 0.0225 with an accuracy rising to 0.9958. Therefore, we can say the VGG 16-based 

model performs better during training in terms of both accuracy and loss compared to 

the MobilenetV2-based approach, even with fewer epochs. 

5.2 Testing Performance Comparisons 

For performance comparison, during testing, we used the classification report, which is 

plotted based on the respective confusion matrices. The performance comparison of 

both models using the fundamental performance parameters based on the classification 

report is shown here (Table 5). 

Table 5. Models and Their Parametric Values Taken 

Approach Type of Patient  Parameters Considered 

 Precision Recall F1- Score Support 

COVID 0.91 0.94 0.92 149 

MobilenetV2 Based 
Non-COVID 0.95 0.92 0.93 174 

COVID 0.95 0.95 0.95 155 

VGG 16 Based 
Non-COVID 0.95 0.96 0.96 168 

The MobilenetV2-based approach acquired a precision of 0.910, while recall of 0.94, 

and F1 Score of 0.92 when considering the COVID (-) or normal patients with the sup- 

port value of 149, while acquired a precision of 0.95, with Recall of 0.92, and F1 Score 

of 0.93as well when considering the COVID (+) or normal patients with the support 

value of 174. The VGG 16-based approach acquired a precision of 0.95, with a Recall 

of 0.95, and F1 Score of 0.95 when considering COVID (-) or normal patients with the 

support value of 155, while acquired a precision of 0.95, with Recall of 0.96, and F1 

Score of 0.96 as well, when considering COVID (+) or normal patients with the support 

value of 168. Thus, based on these parametric values, it is clear that the VGG 16-based 

approach is performing better as compared to the MobilenetV2-based approach during 

testing. 

Table 6 is used to compare the accuracy of our MobilenetV2-based approach and VGG 

16-based approach for 323 support values during testing these approaches. 

Table 6 Testing Accuracy Comparison of both proposed approaches 

Approach Accuracy Support 

MobilenetV2 Based 0.93 323 

VGG 16 Based 0.95 323 
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The accuracy of our MobilenetV2-based approach is 0.93, and the VGG 16-based ap- 

proach is 0.95 for 323 support values during testing these approaches. This accuracy 

comparison indicates that the VGG 16-based model is better compared to the Mo- 

bilenetV2-based model, as it is predicting more accurately. 

5.3 Performance Measurement 

The Performance of the proposed models is calculated and compared based on the men- 

tioned parameters. We have taken various numbers of different parameters so that we 

can check the feasibility on various aspects. These parameters are described and defined 

below: 

• Accuracy: 

Accuracy is used to determine how accurately our model is predicting the 

given input data values. 
It can be formalized as: 

(TN+TP)
 

Accuracy =   
(TN+TP+FN+FP) 

(1) 

• Error Rate: 

Error Rate is used to determine how wrong our model is in predicting the 

given input data values. Mathematically, it can be formalized as: 
(FP+FN) 

Err Rate =  
(TN+TP+FN+FP) 

(2) 

• Null Error Rate: 

It can be obtained by dividing the wrong predictions by all predictions. 

Null Err Rate = 
(FP+TN) 

(TN+TP+FN+FP) 

 

(3) 

• Predicted Positive Value or Precision: 

It can be obtained by dividing the True Positive occurrences from all the 

Positive occurrences 
TPPredicted Val(+) =  

(TP+FP) 
(4) 

• Predicted Negative Value: 

It can be obtained by dividing the True Negative occurrences from all the 

possible Negative occurrences (True Negative and False Negative). 

Predicted Val(-)= TN 
(TN+FN) 

(5) 

• True Positive Rate or Recall: 

It can be obtained by dividing the True Positive occurrences from the pos- 

sible True Positive and False Negative occurrences. 

True Rate(+) (Recall) = TP 
(TP+FN) 

(6) 

• True Negative Rate or Specificity: 
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It can be obtained by dividing the True Negative occurrences from the pos- 

sible True (-) and False (+) occurrences. 

True Rate(-) = TN 
(TN+FP) 

(7) 

 
• Balanced Accuracy: 

• False Positive Rate: 

It can be obtained by finding the average of the TPR and TNR. 

Balanced Accuracy = 
(True Rate(+) + True Rate(-)) 

2 

 

(8) 

It can be obtained by subtracting the TNR from one. 

False Rate(+) =1 - True Rate(-) (9) 

• False Negative Rate: 

It can be obtained by subtracting the TPR from one. 

False Rate(-) =1 - True Rate(+) (10) 

• False Discovery Rate: 

• F1- Score: 

It can be obtained by subtracting the PPV from one. 

False Discovery Rate =1 - Predicted Val(+) (11) 

It can be obtained using the following formulae: 
(Predicted Val(+) * True Rate(+)) 

F1- Score = 2* 
(Predicted Val(+) + True Rate(+)) 

(12) 

• False Omission Rate: 

It can be obtained by dividing the False Negative occurrences by all the 

possible Negative occurrences (True Negative and False Negative). 

FOR = FN 
(TN+FN) 

(13) 

• Prevalence: 

Prevalence, also known as variability, is used to find out the number of 

positive items within a dataset. Its usefulness is even greater in binary classi- 

fication because it can be used to estimate the proportion of something that is 

related to positive items. 
(FN+TP) 

Prevalence = 
(TN+TP+FN+FP) 

(14) 

 
• Positive LR: 

It is the ratio of TPR and FPR. 

LR(+) = 
True Rate(+) 

False Rate(+) 
(15) 

• Negative LR: 

It the ratio of FNR and TNR. 

LR(-) = 
False Rate(-) 

True Rate(-) 
(16) 

• Diagnostic Ratio: 
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It is the ratio of PLR and NLR. 

DR = 
LR(+) 

LR(-) 

 

(17) 

• FM Index: 

It can be obtained using the below formulae: 

 

FM Index = √Predicted Val(+) *True Rate(+) (18) 

• CS Index: 

The Critical Success Index provides the correct predicted positive occur- 

rence. It can be obtained using the following formulae: 

 

CS Index =  TP 
(TP+FN+FP) 

(19) 

Table 7. Performance Comparison of Proposed Models on Various Performance Parameters 

Performance Parameter Computed Value 

(Approach 1) 

Computer Value 

(Approach 2) 

Accuracy 0.929 0.954 

Error Rate 0.071 0.046 

Null Error Rate 0.461 0.479 

Positive Predicted Val 0.949 0.953 

Negative Predicted Val 0.909 0.955 

TPR 0.922 0.958 

TNR 0.939 0.948 

Balanced Accuracy 0.931 0.953 

FPR 0.061 0.052 

FNR 0.778 0.417 

FDR 0.515 0.474 

F1 - Score 0.935 0.955 

FOR 0.090 0.045 

Prevalence 0.557 0.520 

PLR 15.24 18.52 

NLR 0.082 0.043 

Diagnostic Ratio 186 430 

FM Index 0.935 0.955 

Critical Success Index 0.878 0.915 

The MobilenetV2-based approach acquired the values as 0.929, 0.071, 0.461, 0.949, 

0.909,0.922,0.939, 0.931, 0.061, 0.778, 0.515, 0.935, 0.090, 0.557, 15.24, 0.082, 186, 

0.935 and 0.878 for Accuracy, Error Rate, Null Error Rate, Positive Predicted Values, 

Negative Predicted Values, True Positive Rate, True Negative Rate, Balance Accuracy, 

False Positive Rate, False Negative Rate, False Discovery Rate, F1- Score, False Omis- 

sion Rate, Prevalence, PLR, NLR, Diagnostic Ratio, FM Index and Critical Success 
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Index, respectively. The VGG 16-based approach acquired the values as 0.954, 0.046, 

0.479, 0.953, 0.955,0.958,0.948, 0.953, 0.052, 0.417, 0.474, 0.955, 0.045, 0.520, 18.52, 

0.043, 430, 0.955 and 0.915 for Accuracy, Error Rate, Null Error Rate, Positive Pre- 

dicted Values, Negative Predicted Values, True Positive Rate, True Negative Rate, Bal- 

ance Accuracy, False Positive Rate, False Negative Rate, False Discovery Rate, F1- 

Score, FOR, Prevalence, PLR, NLR, DR, FM Index and Critical Success Index, respec- 

tively. From the calculated values of these parameters, it is clear that the VGG 16-based 

approach performed better in every case. 

5.4 Discussion 

Here, we proposed two approaches on a dataset created by combining two collections 

of Chest CT scan images, featuring both COVID-19-infected individuals and healthy 

persons. In the first approach, we used MobileNetV2 CNN. The second approach is 

based on VGG 16 CNN. While implementing the first approach, we felt that its perfor- 

mance could be improved, which led us to develop the second approach, replacing Mo- 

bileNetV2 with VGG-16. To demonstrate our results, we compared the performance of 

both approaches using common metrics like accuracy, precision, F1 score, recall, etc. 

We observed that in both training and testing phases, the second approach (based on 

VGG-16) outperformed the first. 

But we do not limit our reasoning to just these performance parameters; but we also 

compared both models based on many other performance parameters like Error Rate, 

Null Error Rate, Positive Predicted Values, Negative Predicted Values, PLR, NLR, Di- 

agnostic Ratio, FM Index, and Critical Success Index. After confirming that the VGG 

16-based approach is better than the MobileNetV2-based approach, we compared our 

VGG 16-based approach with existing methods based on various performance metrics. 

The proposed approach has the highest recall, at 98%, while the highest recall among 

other approaches was 94%, which is lower than our model. Our proposed approach has 

the highest accuracy, at 95%, while the maximum accuracy among existing methods 

was 98.8 (Table 6.5), which exceeds our model’s accuracy. Our proposed model 

achieved the highest precision, at 95%, while the highest precision among other ap- 

proaches was 93.6 (Table 6.7), which is lower than our model. Our proposed model 

achieved the highest F1-score, at 96%, compared to the maximum recall of 94% by other 

approaches, showing our model’s superior performance. Based on these results and the 

performance demonstrated by the proposed approach, it is clear that the VGG 16-based 

model outperforms the MobileNetV2-based model. Additionally, the comparative re- 

sults with other existing models indicate that our model is better. 



    
 

 

 

 

 

https://doi.org/10.1007/978-981-19-6814-3_1 (2023) 

Springer, Cham. https://doi.org/10.1007/978-3-031-59170-9_2 (2025) 

https://doi.org/10.1007/s00521-022-07648-w (2022) 

(2024) 

        251Deep Transfer Learning Platforms for SARS-CoV-19 Diagnostics …     

6 Conclusion 

Here, we propose two deep transfer approaches for classifying COVID-19, based on a 

dataset prepared by combining two collections of Chest CT from both COVID-19- 

infected individuals and healthy individuals. In the first approach, we utilize 

MobileNetv2 CNN, while the second approach relies on the VGG 16 CNN. During the 

implementation of the first approach, we found that the model's performance could be 

improved, which led us to develop the second approach, where we substituted 

MobileNetV2 with VGG 16. To support our claim, we compared the performance of 

both approaches using popular parameters and others. We observed that in both training 

and testing cases, the performance of the second approach (based on VGG 16) is 

superior to that of the first. However, we did not limit our analysis to these performance 

parameters; instead, we also evaluated both models based on several additional metrics, 

including Error Rate, Null Error Rate, Positive Predicted Values, Negative Predicted 

Values, PLR, NLR, Diagnostic Ratio, FM Index, and Critical Success Index. Our 

findings indicate that the VGG 16-based model is better than the MobileNetV2-based 

model. 

With these results and the performance shown by our model, we can conclude that the 

VGG 16-based model is better than that of our first proposed model (MobileNetV2- 

based). In addition, the comparative results with other existing models show that our 

model performed better in terms of many performance parameters, while it needs to 

improve its performance on accuracy metrics. In the future, we will work to enhance 

the accuracy of our model using some advanced augmentation techniques and larger 

datasets, and add some new transformers to produce some kind of hybrid model. 
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