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The emergence of the novel coronavirus, SARS-CoV-2, has led to a highly contagious
disease, COVID-19, which has evolved into a global health catastrophe. The rapid and
widespread transmission of the virus has created significant challenges for its early and
accurate detection. In response, deep learning (DL) methods, specifically transfer learning,
have demonstrated promising capabilities in medical image analysis and are thus being
explored as a potential tool for the accurate diagnosis of COVID-19 using Computed
Tomography (CT) scans. This research presents a transfer learning methodology for
detecting COVID-19 CTs. The approach leverages pre-trained Convolutional Neural
Networks (CNNs) and evaluates the effectiveness of several deep network architectures,
including DenseNet121, DenseNet201, Xception, InceptionV3, MobileNetV2, MobileNet,
ResNet152V2, and ResNet101v2. The architectures are fine-tuned on a large dataset of CT
imaging made up of three distinct categories, including positive CT (pCT), non-informative
CT (NiCT), and negative CT (nCT). To evaluate the performance of the proposed
approaches, several experiments are carried out using various performance metrics. The
proposed models achieve accuracy, recall, F1-score, and precision values above 99%, which
shows a potential and automated tool for CT scan-based COVID-19 identification.
Moreover, we applied different activation functions for some specific models to improve
their detection performance. The results demonstrated a modest yet meaningful
improvement of approximately 2% across all performance metrics for certain models. To
better interpret these results, a visualization technique was employed to highlight the
discriminative regions that primarily contributed to the model’s predictions.

1. INTRODUCTION

most common ones are RT-PCR testing and Computed
Tomographys (CTs). The RT-PCR test involves the collection

Coronavirus Disease 2019 (COVID-19) is classified as a
disease caused by a novel coronavirus designated as SARS-
CoV-2. The virus indicated is the key cause of the COVID-19
pandemic [1]. This viral pathogen exhibits a remarkably high
level of contagiousness, facilitating its rapid transmission
among individuals primarily through respiratory droplets.
These tiny droplets, released during actions including
sneezing, speaking, or coughing by an infected person, operate
as carriers of the virus and may be inhaled by others at a short
distance. Moreover, indirect transmission may transpire via
contact with infected surfaces or things that have been handled
by patients. Consequently, adopting stringent hygiene
practices, employing facial masks, adhering to physical
distancing protocols, and adhering to other recommended
public health interventions are of paramount importance in
curbing the dissemination of the virus.

There are several methods for detecting COVID-19, but the
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of a patients nasal or throat sample, which is subsequently
analyzed to detect the presence of viral genetic material. This
test has served as the benchmark diagnostic method for
detecting COVID-19. It has become well-known for being
accurate and dependable at finding the virus. However, it may
take several days to get the test results, and false negatives can
happen if the sample is not collected properly or if the virus is
not found in the sample.

CT scans provide an alternative approach for COVID-19
diagnosis, allowing the visualization of lung abnormalities
associated with the disease. CT scans offer rapid results but
are less specific than RT-PCR testing and may yield false
positives in certain cases. It is essential to depend on the
knowledge provided by medical experts to ascertain the most
suitable diagnostic method based on particular circumstances
and clinical indications. Conversely, CT scans are a medical
imaging modality that produces high-resolution, three-
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dimensional representations of the inside architecture of the
human body. Regarding COVID-19, CTs may evaluate the
virus's effects on the patient's lungs and allow for ground-glass
opacities or lung consolidation, both of which are prevalent
indicators of pneumonia resulting from COVID-19. The
effectiveness of CT imaging for COVID-19 diagnosis lies in
its ability to rapidly produce detailed images of the lung
parenchyma, which can reveal characteristic radiographic
patterns associated with viral pneumonia. This technology
makes CT scans a vital tool for doctors in emergency
situations, as imaging results can be obtained within minutes.
Therefore, CT scans can provide an alternative approach for
COVID-19 diagnosis, allowing the visualization of lung
abnormalities associated with the disease. However, it is
essential to know that CTs are not as reliable as RT-PCR
testing, which directly identifies the presence of the SARS-
CoV-2 virus. CT scans can produce false-positive results if the
patient has other underlying lung abnormalities or diseases, as
the imaging findings may not be specific to COVID-19.
Consequently, the selection of a diagnostic method often relies
on the particular clinical context and the urgency of acquiring
the data. A combination of CTs and RT-PCR tests may be used
to provide a more thorough diagnosis of COVID-19 infection.
The rapid proliferation of the COVID-19 pandemic has
demanded the development of effective diagnostic techniques
to aid in the early and timely identification and treatment of
the virus. In this regard, researchers have investigated the
utilization of Convolutional Neural Networks (CNNs), a
category of deep learning (DL) algorithms.

CNNs have the potential to automate the analysis of CT
scans, enabling faster and more accurate diagnoses of COVID-
19. These methods for DL on extensive datasets of labelled CT
images enable them to identify the unique characteristics of
COVID-19 pneumonia and distinguish it from other lung
diseases. While the use of CNNs for COVID-19 diagnosis
from CT scans is a promising approach, it is still in the early
stages of development and implementation. However, CNNs
require large and diverse datasets of labeled images to train
effectively, and their performance is heavily dependent on the
quality and representativeness of the training data. Therefore,
alternative techniques, such as transfer learning (TL) strategies
from previously validated deep networks along with data
augmentation techniques, may be necessary to address the
limitations of the current CNN-based approaches [2-5].

This paper's primary features are as described below:

* Providing a robust TL technique to modify deep CNN
models with several architectural configurations, this
approach demonstrates its effectiveness using experimental
data. The models were partially fine-tuned to reduce training
time and memory consumption.

¢ Implementing the MobileNet, Inception, DenseNet,
ResNet, and Xception frameworks and evaluating their
performance using precision, accuracy, recall, and F1 scores.
Our models attained very competitive results with an accurate
rate of 99%.

¢ Evaluating the impact of different activation functions on
model performance for detecting COVID-19 pneumonia from
chest CT scans revealed an improvement of approximately 2%
across all performance evaluation metrics.

* Employing the Gradient-weighted Class Activation
Mapping (Grad-CAM) technique enhanced the explainability
of the models and facilitated the interpretation of their
decision-making process.

The following sections of the paper are organized and
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described as follows. The relevant research conducted in the
area of COVID-19 diagnosis and detection is covered in
Section 2. The different deep CNN architectures that are
assessed in this work are defined in Section 3. In Section 4, the
proposed model, CT scan dataset, and model selection
strategies are explained. Section 5 describes the experimental
results. The conclusions, along with potential for future
research, are presented in Section 6.

2. RELATED WORK

COVID-19 has highlighted the necessity of quick and
sensitive  diagnostic tools. Where DL has shown
improvements in the early identification of COVID-19 with
medical imaging techniques, involving chest X-rays and CTs,
this section analyses several studies on COVID-19 detection
using medical imaging and CNN approaches.

Zheng et al. [6] devised a DL algorithm capable of
identifying COVID-19 cases from chest CTs. A dataset
comprising CT scans from individuals diagnosed with
COVID-19, viral pneumonia, and healthy controls was used to
train the DL algorithm. The model achieved a classification
accuracy of 86.7% for COVID-19 cases.

A blockchain-based federated learning method for COVID-
19 recognition using CTs was introduced by Kumar et al. [7].
To deal with the variety of CT data gathered from various
institutions and scanners, the authors developed a data
normalization technique. They then segmented and
categorized COVID-19 patients using CTs using a Capsule
Network. The dataset used (28,395 out of 34,006) related to
patients with COVID-19. With 98% accuracy, the results
showed an increased performance in analyzing COVID-19
patients.

Rohila et al. [8] presented an automated DL approach,
called ReCOV-101, for analyzing COVID-19 infection using
chest CT scans. In order to enhance the classification accuracy,
the CTs are preprocessed using segmentation and interpolation
techniques. Experiments were carried out for the
MosMedData dataset, which comprises CTs for 1110 patients,
distributed into five different classes. The implemented model
attained an accuracy score of 94.9% for diagnosing COVID-
19 in the CTs.

Song et al. [9] introduced an approach for fine-tuning CNNs
to classify COVID-19 CT scans. In their framework, a 3D
CNN was applied to extract volumetric features from the CT
images, resulting in an accuracy of 92.4%. Alshazly et al. [2]
explored different deep CNN approaches for classifying
COVID-19 in CTs. Two small-sized CT image datasets were
used for conducting experiments and evaluating the models.

Alshazly et al. [10] proposed two deep architectures,
namely CovidResNet and CovidDenseNet, for identifying
COVID-19 using CTs. The experiments were performed using
a database of CTs that are classified into three categories. The
proposed models were considered for multi-class and binary
classification tasks. The best results were achieved for binary
classification, achieving an accuracy of 93.87%. Wang et al.
[11] introduced a DL-based method for the identification of
COVID-19 with the aid of CTs. They used a hybrid 3D and
2D CNN for feature abstraction from the CT images and
achieved a 96.5% accuracy.

Li et al. [12] introduced a methodology DL for COVID-19
detection using both CTs and chest X-rays. They used a 2D
CNN to extract distinct features for images and obtained an



accuracy rate of 90.8%. An ensemble of DL models was
suggested by Kini et al. [13] for the purpose of screening
suspicious COVID-19 cases. To enhance the overall detection
performance, three pretrained deep models were combined.
According to the experimental findings, the suggested
ensemble produced an accuracy of 98.98%. Using chest CT
scans, Apostolopoulos and Mpesiana [4] created a DL system
for COVID-19 identification. Features were extracted from the
CT images using a 2D CNN, achieving an accuracy of 95.5%.
Hamza et al. [14] introduced a unique framework that
combines CNN-LSTM architecture with a feature
optimization technique for COVID-19 classification from X-
ray. Three publicly accessible datasets were applied in the
experiments. The proposed method yields classification
results with an accuracy above 93%.

Akl et al. [15] established a CNN-ML ensembled
methodology for COVID-19 classification. They used the
SARS-CoV-2 CTs database, which consists of a total of 2482
CTs. The dataset contains 2482 positive and negative CT
images. They evaluated the effectiveness of feature extraction
using a custom CNN and compared it with traditional
methods. Feature extraction is carried out with both Scale-
Invariant Feature Transform (SIFT) [16] and the proposed
CNN model. Classification is performed with a bagging
ensemble method to achieve the best accuracy rate of 99.39%.

Kanjanasurat et al. [17] presented an ensemble approach
combining CNN and RNN for feature extraction and
classification, evaluated on a dataset of 16,210 medical
images, comprising CT scans and X-rays of COVID-19,
pneumonia, and healthy cases [18-20]. The results show that
combining a CNN-RNN model delivers the highest
performance. The test results show that the CNN-RNN fusion
model performs best, with 93.37% accuracy.

Sahin et al. [21] developed an approach for accurately
diagnosing COVID-19 using DL techniques based on CTs.
They employed the R-CNN approach for classification
purposes. They conducted their experiments on a collected
dataset comprising 4000 CT images, including images for
pneumonia and COVID-19. The obtained results show that the
R-CNN model achieves an accuracy score of 93.86%.

Joshi et al. [22] utilized four ensemble CNN models using
TL that can detect COVID-19 with CTs, comparing their
performance in CNN architectures. These experiments were
performed on a database of SARS-COV-2 CTs [23], which
consists of 2,477 CT images. Based on the experiments
conducted, the best ensemble model, Ensemble DVX,
achieved an accuracy of 97.70%, which combined
DenseNet169, VGG16, and Xception architectures.

Sejuti and Islam [24] introduced a CNN-KNN ensembled
methodology that can detect COVID-19 CTs. It aims to
improve classification accuracy by using a DL approach with
data augmentation and 5-fold cross-validation to enhance
generalization and reduce overfitting. They used the SARS-
CoV-2 CTs, which contain 2482 CTs, 1230 of which are
COVID-negative and 1252 of which are COVID-19. The
hybrid CNN-KNN model is identified as the best approach for
classifying COVID-19 and achieved 98.26% accuracy.

Afif et al. [25] introduced DL for the analysis of COVID-
19-related findings in CTs, comprising three primary modules:
the attention mix, residual convolutional, and context fusion,
along with the purpose of enhancing the timely identification
of COVID-19 infection. They used the COVID-x-CT dataset
[26] for training, validation, and testing, which contains
60,000 CT scans, and achieved an accuracy of 96.23%.

601

Riyadi et al. [27] investigated the effectiveness of various
optimization methods (SGD, Adamax, and AdaGrad) applied
to VGG-16 and VGG-19 for detecting COVID-19 using CTs.
A dataset 0f 2,038 CT scan images was used, consisting of 905
images of lungs affected by COVID-19 and 1,133 images of
unaffected lungs. Classification is performed with a VGG-16
approach to achieve the best accuracy rate of 94.11%,
outperforming all the tested models.

Maurya et al. [28] suggested a DL approach, Super-xDNN,
that integrates image segmentation to improve both the
performance and interpretability of algorithms for classifying
COVID-19. They considered the CTs dataset that comprises
120 patients, with 60 diagnosed with COVID-19 and 60 non-
infected. Their findings indicated that the Super-xDNN
architecture reached a classification accuracy of 98.3%.

Roy et al. [29] proposed a TL methodology that utilized a
concatenation of three pre-trained architectures, InceptionV3,
Xception, and ResNext50, to categorize X-ray images. They
used a database of lung X-rays separated into three distinct sets
[30]. According to the results, the Xception model performed
better than the other two models at identifying COVID-19.
When all three models were combined, the suggested approach
produced 98.44% classification accuracy.

Echtioui and Ayed [31] proposed a methodology for
identifying COVID-19 wusing pre-trained architectures,
including ResNet-50 and DenseNet-169. The study utilized a
dataset of 15,156 chest X-ray images categorized into
pneumonia, COVID-19, and normal classes, with 14,925
images allocated for training and 231 for testing. The
experimental results demonstrated that transfer learning is an
effective approach for COVID-19 detection, with DenseNet-
169 achieving the highest average accuracy of 90.04%.

Agrawal et al. [32] proposed automating COVID-19
recognition using TL, including VGGI19, ResNet50,
MobileNetV2, InceptionV3, Xception, and DenseNetl21. It
addresses the challenges of limited testing resources and aims
to improve diagnostic accuracy through advanced image
classification techniques. Binary categorization and multiple
categories describe the challenges associated with COVID-19
imaging. The suggested ResNet50 models obtained accuracy
levels of up to 99.20% and 86.13%, respectively.

Madhavi et al. [33] investigated TL approaches for COVID-
19 detection from X-ray images aimed to overcome the
limitations of conventional testing methods and support early
diagnosis. They considered a dataset that consists of 2,000 X-
ray images divided into three classes. The VGG-16 model
showed the highest classification performance when evaluated
for the selected X-ray dataset, with a sensitivity score of 100%.
Table 1 presents some prior works that utilize the TL methods
alongside the used datasets and the obtained performance.

Deep CNNs demonstrated promising signs in recognizing
COVID-19 from CT scans [34-36]. However, these DL-based
approaches face several restrictions that must be avoided
before they are widely applied in clinical adoption [37-39]. For
example, the limitation of relying on high-quality, large, and
available CT classification datasets for training. The ability to
access and the availability of such comprehensive datasets
may be limited in certain healthcare settings, hindering the
development and deployment of robust COVID-19 detection
models. Moreover, the inability of DL-based techniques for
COVID-19 CT scan detection to distinguish between COVID-
19 and other lung conditions with comparable CT scan results
presents another difficulty. That is why the DL methods
should not be used alone, but should be applied with other



accurate diagnostic tools, such as clinical tests and medical
history, to ensure an accurate and reliable diagnosis.
Additionally, DL-based CT scan solutions for COVID-19

detection are not yet widely adopted in clinical practice,
highlighting the need for further studies and clinical trials to
develop efficient and practical solutions.

Table 1. Related works overview of DCNN methods for COVID-19 detection

Author Architecture(s) Proposed Approach Dataset Used Accuracy
DL-based CT classification
Zheng et al. [6] Custom DL model . CT 86.7%
using weak labels
Rohila et al. [8] ReCOV-101 model Segmentation + interpolation + CT 94.9%
DL classifier
Song et al. [9] 3D CNN F me';‘med 3D CNN for CT cT 92.4%
eature extraction
Lietal [12] 2D CNN Feature ex”é‘%g“ forCT& 74 Xoray 90.8%
Apostolopoulos and 2D CNN Automated CT-bas.ed COVID- CT 95.5%
Mpesiana [4] 19 detection
Riyadi et al. [27] VGG-16, VGG-19 Comparison "ﬂ"pummm for CT 94.11%
Echtioui and Ayed ResNet-50, DenseNet-169 TL-based classification + X-ray 90.04%
[31] added layers
. . - i o) 1
Agrawal et al. [32] VGG19, ResNet50, MobileNetV2, TL for binary & multi-class X X-ray 99.20% binary,

InceptionV3, Xception, DenseNet121

ray 86.13% multi-class

3. DEEP ARCHITECTURES

Deep CNN architecture has revolutionized the field of
image classification by extracting high-level features from raw
input image data. However, as the depth of these networks
increases to tackle more complex tasks, they commonly have
the issue of gradients that explode or vanish, which can hinder
their training and performance. This section describes
advanced deep CNN architectures and how they have been
designed differently to increase their feature extraction
capability and decrease their computational complexity. In this
study, we explore the representational power of top-
performing deep CNNs in image recognition, including
Inception [40], ResNet [41], DenseNet [42], MobileNet [43],
and Xception [44]. The performance of these architectures is
evaluated in our experiments for recognizing COVID-19 from
CTs.

3.1 Inception

The Inception architecture, developed by researchers at
Google in 2014, has been a highly influential DL architecture
for computer vision tasks [40]. In order to enhance the model
performance, the Inception model introduced the Inception
module. The module applies multiple convolutional filters of
varying sizes (1 x 1, 3 x 3, 5 x 5) alongside max pooling.
Applying these different sizes filters enables the model to
extract features of different spatial sizes. The outputs of the
parallel convolutions are then concatenated together along the
channel dimension. The following network layer then receives
the output from the Inception module. Practically, to construct
a deeper network, several Inception modules are stacked
before performing a pooling operation to reduce spatial size.
Moreover, conventional convolutional layers and max pooling
layers are utilized to build the overall deep model.

3.2 ResNet
The CNN architecture known as Residual Network

(ResNet) was introduced by researchers at Microsoft in the
study by He et al. [41]. ResNet solves the vanishing gradient
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by the Residual Block. The "skip connections" or "shortcut
connections" represent the key ideas behind the Residual
Block. These connections enable the deep network to learn the
residual mapping from the input to the desired output.

The Residual Block consists of two main components. First,
identity shortcut connection, which represents the direct
connection that maps the input to the output, enabling the deep
network to maintain the integrity of the input information, and
prevents the vanishing gradient problem. Second, residual
mapping, which is a series of convolutional, activation, and
normalization layers to learn how to map residuals from input
to the correct class.

The key advantages of the ResNet architecture are the
ability to scale to extremely deep networks, with some variants
reaching hundreds of layers. This allows the network to extract
and learn simple and complex features, leading to improved
performance on a wide range of image recognition tasks.
Moreover, ResNet is available in several variants, including
18,50, 101, and 152-layer models. In this study, the evaluation
was focused on the deeper configurations with 50, 101, and
152 layers.

3.3 DenseNet

The deep network architecture known as Densely
Connected Network (DenseNet) was first shown in the study
by Huang et al. [42]. Its primary aim is to reduce the
limitations that CNNs usually face by increasing the number
of skip connections and by reusing previous feature maps. It
has complete layer connectivity, allowing information to be
reused and avoiding information decay. The Dense Block, the
fundamental component of the DenseNet architecture, is made
up of layers stacked one on top of the other, with the output of
the preceding block being merged with the input of the current
block using fully connected concatenation. It also uses Batch
Normalization units to improve information flow and network
stability. The DenseNet architecture is designed to address the
challenges, such as vanishing gradients and shortcut
connections in the ResNet model, while having fewer
parameters and more efficient learning than other similar
neural networks.



The DenseNet model has achieved leading performance
across various image recognition and computer vision tasks.
Its efficient parameter utilization and ability to reuse features
make it a consistently popular choice for applications with
limited computational resources.

3.4 MobileNet

The MobileNet deep architecture, developed by Google
researchers in the study by Sandler et al. [43]. The main
contributions of the MobileNet architecture are the resolution
multiplier, width multiplier, and depthwise separable
convolution.

MobileNet employs depthwise separable convolutions.
When compared to standard convolutions, this drastically
lowers the parameter number and model complexity. To
reduce the model size and its computational requirements,
MobileNet introduced a hyperparameter called the width
multiplier, which enables the network’s width (number of
channels) to be scaled down uniformly at each layer. Similarly,
MobileNet introduced a resolution multiplier hyperparameter,
which enables adjusting the input image resolution, providing
another way to trade off accuracy for efficiency. Therefore,
combining depthwise separable convolutions, a width
multiplier, and a resolution multiplier makes the MobileNet
models very efficient in terms of parameters and required
computations.

Different versions of MobileNet are available, including
MobileNet (V1, V2, and V3), with more methods that reduce
computing costs while improving accuracy. Due to its
effective and outstanding performance in a number of
applications, we opted to use it in our experiments.

3.5 Xception

The design of an Extreme Inception CNN is called
Xception, which is a deep architecture that extends the idea of
the Inception module by leveraging depthwise separable
convolutions across the entire network [44]. The Xception
architecture shares similarities with MobileNet and ResNet
architectures. Similar to MobileNet, the model is more
effective since the Xception design drastically lowers the
number of parameters and computational cost by substituting
depthwise separable convolutions for standard convolutions.
Similar to ResNet, the Xception architecture incorporates
residual connections between the depthwise separable
convolution blocks as introduced in ResNet. Residual
connections enhance the flow of data and gradient propagation
throughout the architecture, allowing the training of very deep
Xception models and simplifying optimization. Moreover, the
Xception architecture builds on an improved Inception
module, where the concatenation of different convolution
branches is replaced by a fully separable convolution structure,
which enhances the model’s efficiency and performance.

The Xception architecture has demonstrated enhanced
performance on several computer vision tasks, while
preserving a relatively tiny model size and minimal
computational challenge compared to other deep CNN
architectures.

4. METHODOLOGY

In this section, we present the deep transfer learning
approach employed for classifying COVID-19 using chest CT
images. The discussion begins with a description of the CT
scan dataset and the prevalent preprocessing methodologies.
Then, we discuss the model selection and the proposed
methodology of transfer learning, along with performance
evaluation metrics.

4.1 Data collection

The initial step in developing an automated COVID-19
detection system involves compiling a dataset of CT scans
from COVID-19 patients, alongside scans from healthy
individuals and patients with other pulmonary conditions. For
this work, we use the publicly accessible COVID-19 CTs
database [45]. The dataset consists of CT scans for three
different classes, including pCT, nCT, and NiCT, obtained
from HUST-Union Hospital patients and authorized by the
ethics council for use in research. 6000 CT scans are included
from the dataset with chest CT images of 2000 NiCT, 2000
nCT, and 2000 pCT patients. Samples of CT scans from each
class in the dataset under consideration are shown in Figure 1.

Figure 1. Sample CT scans from the dataset, categorized into
three rows: The first row consists of positive CT (pCT) scans
diagnosed with COVID-19; the second row contains negative
CT (nCT) slices, indicating cases where COVID-19 is not
present; the third row shows CT slices with improperly
captured lung parenchyma or insufficient data to make a
decision

4.2 Data preprocessing

These CT scans have a resolution of 512 x 512 pixels and a
depth of 24 bits. All images were downsized to 150 x 150
pixels to match the input size required by the pretrained DL
models. In addition to resizing, several preprocessing steps
were applied to prepare the images for training. This included
intensity normalization to standardize pixel values, channel
formatting to ensure compatibility with models pretrained on
RGB images, and data augmentation operations such as
rotation, flipping, shifting, and zooming to increase variability
and reduce. Table 2 summarizes the distribution of CT images
across the training and validation sets.

Table 2. The distribution of CT scan samples across the different classes in the dataset

Dataset Total Images  NiCT

nCT pCT  Train (60%)

Validation (40%) Preprocessing

COVID-19 CTs 6000 2000 2000 2000

3600

2400 Resizing to 150 x 150, normalization

603



InceptionV3
ResNet50V2
ResNet101v2
ResNet152v2
DesNet121

| DesNet201
| MobilNet

| MobilNetv2
| Xception
|
1
|

CT scan

Fully Connected
Layer-32

Layer-128

Fully Connected

Figure 2. The proposed framework for COVID-19 detection

4.3 Model selection and transfer learning

Figure 2 illustrates the COVID-19 detection framework,
which is constructed by leveraging various pre-trained deep
CNN architectures. It starts with loading the pre-trained
models, where the weights of a pre-trained model are
imported. The weights are obtained from a publicly accessible
source such as the Keras Applications. This part is essential
for initialising the framework with the trained parameters and
representations, which serve as a starting point for the fine-
tuning process. Then, we replace the original last layer of the
pre-trained models with a new set of fully connected layers.
We tried various combinations and layers with various
numbers of neurons and found that two fully connected layers
with 128 and 32 neurons obtain the best results. The last layer
comprises a set of neurons, which is equivalent to the number
of categories within the specified database. For our COVID-
19 dataset, which has three different classes, an output layer
with three neurons is attached to enable the classification
process.

Throughout the training process, we select specific layers of
the pre-trained model that remain frozen, thereby ensuring that
key learnt features, including edges, points, and curves, are
preserved through these early layers. The learned features
serve as a strong foundation for the fine-tuning process, and
when we train the customized model using the given COVID-
19 dataset. We train the newly added layers to adapt their
weights to the specific COVID-19 detection task.

Once we fit the new layers to the new task, we incrementally
unfreeze additional layers from the pre-trained model and
proceed with the training process. This gradual approach
allows the model to build upon the preserved representations
in the frozen layers while fine-tuning the newly unfrozen
layers. The training is repeated until the model performs as
desired on the new dataset and task.

This change aims to ensure that the model is tailored to the
COVID-19 classification task on the considered dataset.
Notably, the framework utilizes various models such as
InceptionV3, ResNet50V2, ResNetl01V2, ResNetl52,
DenseNet121, DenseNet201, MobileNet, MobileNetV2, and
Xception.

4.4 Model evaluation and performance metrics

In order to evaluate the performance of the trained models,
several evaluation metrics such as accuracy, precision, recall,
Fl-score, and the confusion matrix are used. To analyze the
model’s performance and identify any strengths, weaknesses,
or potential biases in the model’s predictions, we consider the
confusion matrix for each model, which provides a summary
of the classification results by comparing predicted and actual
class labels. The confusion matrix is represented by Table 3
and contains four category values.
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Table 3. Confusion matrix for the classification model

Actual Positive Actual Negative
True Positive (TP)  False Positive (FP)
False Negative (FN) True Negative (TN)

Predicted Positive
Predicted Negative

Furthermore, to assess the performance of the model
applied in classification, the confusion matrix can be used
because it contains various metrics, including recall, precision,
and F1 score.

TP + TN

= 1
ACCUracy = 4o N FP + FN M
Precisi TP @
recision = TP—-I-FP
TP
- 3
Recall TP L FN 3)
2 X TP
F1 — score = “4)

2 X TP+ FP+FN

5. EXPERIMENTS AND RESULTS

In this section, we first outline the experimental settings and
configure the various deep architecture hyperparameters.
Next, we go over the results that were collected and emphasize
how well the suggested models work to identify COVID-19
from chest CT images.

5.1 Experimental setup

To build and implement a deep CNN model, we typically
follow specific steps that begin with choosing a suitable DL
framework. There are different frameworks available, such as
TensorFlow, PyTorch, Keras, etc. We utilized Keras and
TensorFlow in our experiments. The experiments were
conducted on a machine equipped with hardware
specifications given in Table 4.

Table 4. The machine specifications for conducting

experiments
Parameter Value
Processor Core(TM) i5-5300U CPU
RAM 8 GB
Hard Disk Drive 500 GB
Operating System Windows 10
Programming Language Python
Jupyter on Google Co-laboratory and
IDE
Kaggle




5.2 Hyperparameters settings

When utilizing DL algorithms, choosing the right
hyperparameters is crucial for determining training parameters
and influencing model output. We optimized the networks by
choosing particular hyperparameter values for the activation
function, batch size, loss function, number of epochs, learning
rate, optimizer, and data augmentation qualities in order to
attain high accuracy. An overview of the hyperparameters we
employed in our investigation is shown in Table 5.

5.3 Results and discussion

We discuss the results of our refined deep networks
COVID-19 detection using multi-class data that contains pCT,
nCT, and NICT. The loss curves and accuracy curves for each
suggested model during the training and validation stages are
displayed in Figures 3—11. The training and validation curves
represent the models’ performance on their respective
datasets, illustrating how accuracy and loss evolve throughout
the training process. These curves generally show a consistent
decline in training loss accompanied by a corresponding
increase in training accuracy across the training epochs.
Moreover, the training curves show convergence to a low
training loss and high training accuracy, which indicates that
the models have learned the relevant features and can
effectively classify COVID-19 cases in the training data.

The confusion matrix for each model is provided to
demonstrate its efficacy in multi-class COVID-19 CT
detection. The confusion matrix enables a comprehensive
analysis of the model’s predictions relative to the actual labels,

as illustrated in Figure 12. A detailed analysis and valuable
insights to improve a model’s performance are provided by the
confusion matrix. For instance, the false positives and false
negatives in medical research, especially for severe disorders
such as COVID-19, must be avoided. Patients with COVID-
19 should not be misclassified as negative because false
negatives are extremely harmful to society. Moreover, it is
crucial to reduce the rate of incorrect diagnoses, namely the
misclassification of negative COVID-19 cases as positive.

Table 6 describes information obtained from various deep
models: DenseNet201, DenseNetl21, Xception, and
InceptionV3. The reported evaluation metrics indicate that the
accuracy value reaches up to 99% for particular designs,
including DenseNet121, Xception, DenseNet201, and
InceptionV3. ResNet50V2, which achieved 98% accuracy.
The next three models are MobileNet, MobileNetV2, and
ResNet152V2, which achieve an accuracy of 97%. The lowest
performance is obtained by the ResNet101V2 model, which
achieves an accuracy of 96%.

Table 7 presents the results produced from the deep CNN
models utilizing various activation functions. Each row
indicates a specific model featuring distinct activation
functions, along with evaluating performance rates that
include precision, recall, accuracy, and F1-score. The models
comprise  DenseNet121, InceptionV3, MobileNetV2,
ResNet152V2, and ResNet101V2, which were all tested with
different activation functions that consist of Exponential
Linear Unit (ELU) [46], Scaled Exponential Linear Unit
(SELU) [47], Rectified Linear Unit (RELU), Leaky RELU
[48], Gaussian Error Linear Units (GELU) [49], as well as
Parametric Rectified Linear Unit (P RELU) [50].

Table 5. The hyperparameter settings for controlling the training process of various deep Convolutional Neural Network (CNN)

models
P:::;lé?(ﬁ's InceptionV3 ResNet50V2 ResNet101V2 ResNet152V2 DenseNet121 DenseNet201 MobileNet MobileNetV2 Xception
Loss-function categorical _crossentropy
Rotation range 90 90 90 90 90 90 90 90 90
Optimizer Adam
Epochs 100 100 100 100 100 100 100 100 100
Activation
function RELU
Shear range 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
featurewise
True
center
Batch size 32 32 32 32 32 32 32 32 32
featurewise
s True
normalization
Learning rate 0.0001 0.00001 0.00001 0.0001 0.0001 0.0001 0.00001 0.00001 0.0001
horizontal flip True
zoom range 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2

Table 6. The results of the various deep Convolutional Neural Network (CNN) models

Evaluation Metrics

Model Accuracy  Precision Recall F1-score
DenseNet121 99 99 99 99
DenseNet201 99 99 99 99

Xception 99 99 99 99
InceptionV3 99 99 99 99
ResNet50V2 98 98 98 98

MobileNet 97 97 97 97
MobileNetV2 97 97 97 97
ResNet152V2 97 97 97 97
ResNet101V2 96 97 96 96
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Table 7. The results of the different deep Convolutional Neural Network (CNN) models with varying activation functions

Evaluation Metrics

Model Activation  Accuray Precision Recall F1-score
ReLU 99 99 99 99
ELU 99 99 99 99
SeLU 99 99 99 99
DenseNet12l | kg ReLU 99 99 99 99
GeLU 99 99 99 99
P ReLU 99 99 99 99
ReLU 99 99 99 99
ELU 99 99 99 99
InceptionV3 SeLU 99 99 99 99
Leaky ReLU 99 99 99 99
GeLU 99 99 99 99
P ReLU 99 99 99 99
ReLU 97 97 97 97
ELU 99 99 99 99
. SeLU 99 98 98 98
MobileNetV2 | kv ReLU 97 08 97 97
GeLU 98 98 o8 o8
P ReLU 08 98 98 98
ReLU 97 97 97 97
ELU 97 97 97 97
SeLU 97 97 97 97
ResNetlS2V2 | kyReLU 98 08 98 98
GeLU 98 08 08 08
P ReLU 08 08 08 08
ReLU 9% 97 9% 9%
ELU 08 08 o8 08
SeLU 98 98 98 98
ResNetlOIVZ -y kyReLU 98 08 98 98
GeLU 9 9 9 9
P ReLU 98 98 98 98

Table 8. The different characteristics and resource consumption of the different deep learning models

Model Total Params (1SVIIZ]§) Non-Trainable Params (ISVIIZ];) Trainable Params (ISVIIZ];}) Tr?sl)l;gfoflllme
DenseNet121 9,139,139 (34.86) 6,832,576 (26.06) 2,306,563 (8.80) 21
DenseNet201 22,258,627 (84.91) 18,281,088 (69.74) 3,977,539 (15.17) 24
InceptionV3 24,166,563 (92.19) 21,802,848 (83.17) 2,363,715 (9.02) 21

MobileNet 5,330,499 (20.33) 2,176,256 (8.30) 3,154,243 (12.03) 19
MobileNetV2 6,358,467 (24.26) 1,538,048 (5.87) 4,820,419 (18.39) 22
ResNet50V2 30,122,883 (114.91) 22,510,144 (85.87) 7,612,739 (29.04) 24
ResNet101V2 49,185,699 (187.63) 34,746,944 (132.55) 14,438,755 (55.08) 25
ResNet152V2 64,889,731 (247.53) 57,275,968 (218.49) 7,613,763 (29.04) 35

Xception 27,419,563 (104.60) 16,112,744 (61.47) 11,306,819 (43.13) 23
These findings show that there is generally high Figure 13, the confusion matrix analysis for the

performance among all models having scores averaging up to
99% across all performance evaluation metrics. Even though
using different activation functions achieved better
performance for some models, such as in MobileNetV2 (from
97% using RELU up to 99% using ELU and SELU),
ResNet152V2 (from 97% using RELU to 98% using P RELU,
GELU, and Leaky RELU), and ResNet101V2 (from 96%
using RELU to 98% using PRELU, SELU, ELU, and Leaky
RELU). The possible explanations for the slight differences in
performance may be attributed to their architecture’s
variations in the architecture, data splitting, or optimization
algorithms used during the training phase. The selection of a
suitable activation function matters greatly and depends on the
model design and the problem at hand. Activation functions
control how signals move through the neural networks and
thus affect their performance. The ability of a model to learn
from data and generalize it after being trained on specific
datasets is determined by the unique properties of each type.
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ResNet101V2 model confirms that the observed improvement
originates from consistent reductions in misclassification
rather than random statistical variation. Activation functions
that achieved higher performance, particularly PReLU, SELU,
and ELU, demonstrated a noticeable decrease in false
negatives, which is critical in the context of COVID-19
diagnosis, along with a slight reduction in false positives.
These systematic improvements directly enhanced class-level
recall and Fl-score, resulting in a stable and reproducible
overall gain of approximately 2%. Therefore, the observed
enhancement reflects a genuine increase in discriminative
capability and overall model robustness, rather than marginal
or noise-driven fluctuations.

Finally, the results from Figures 3—13 demonstrate that the
proposed deep CNN models achieve a balance between
minimizing false negatives, which are critical for patient
safety, and controlling false positives, which are important for
operational efficiency. The gradual improvements observed



after activation-function tuning indicate increased robustness
and suggest that the system can be effectively integrated as a
supportive tool alongside RT-PCR testing and radiological
evaluation in clinical practice.

Table 8 illustrates the different model characteristics and
resource consumption for the different CNN models, such as
the total number of parameters, non-trainable and trainable
parameters, average training time in seconds per epoch, and
size in megabytes (MB). The table shows that the time needed
to train the models is proportional to their size.

The models that have many more parameters generally
require more training time than smaller models. For instance,
ResNet152V2, which is the largest model in size, has the
highest training time per epoch. Furthermore, the trainable
parameters are directly correlated to the complexity of a
model. Large models have higher trainable parameters and are
thus more complex. This connection shows that large models
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can possibly learn to interpret complex patterns, but they will
require more computing resources when training.

5.4 Gradient-weighted Class
visualization

Activation Mapping

To enhance model transparency and facilitate visual
interpretation of the results, Grad-CAM localization maps
generated by several models are presented. CT scans from the
COVID-19 class in the test set were used to highlight the most
relevant regions contributing to the predicted outcomes.
Figure 14 presents instances of CT images from the COVID-
19 CT scan dataset together with their corresponding
localization maps. Notably, our DenseNet121 model correctly
identified most of the cases as COVID-19 CTs and indicated
the areas of defect in the CTs, which is important for
evaluating the DenseNet121 architecture.
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Figure 3. The InceptionV3 model's training and validation accuracy and loss curves
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Figure 10. The MobileNetv2 model's training and validation accuracy and loss curves
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Figure 11. The Xception model's training and validation accuracy and loss curves
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Figure 12. Confusion matrices obtained for different CNN models: (a) InceptionV3, (b) ResNet50V2, (c) ResNet101V2, (d)
ResNet152V2, (e) DenseNet121, (f) DenseNet201, (g) MobileNet, (h) MobileNetV2, (i) Xception
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Figure 15 illustrates the application of the DenseNetl21
architecture to external CT images for identifying COVID-19
cases and accurately localizing the affected regions [51, 52].
The DenseNetl121 architecture correctly classified the images
as COVID-19 and utilized Grad-CAM to visualize the disease-
related areas. Notably, the model ignored any labels embedded
within the images and focused solely on detecting the
pathological regions, as indicated by the prominent red
activation areas in COVID-19 cases. These experiments
demonstrate the effectiveness of the proposed methodology in
learning COVID-19-specific visual features and accurately
identifying CT images from sources outside the training
datasets.
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Figure 14. Grad-CAM visualizations showing a view of
accurately classifying CT images from the COVID-19
dataset, with key regions identified for judging by
DenseNet121




Figure 15. Grad-CAM visualization of CT images from
external sources [51, 52]

6. CONCLUSIONS

We suggested a transfer learning method for CT-based
COVID-19 identification using a sizable dataset of CTs
divided into three classes, including pCT, NICT, and nCT
images. The suggested method compared the performance of
several well-designed pretrained CNN architectures and
refined them. The deep network architectures include
DenseNetl121, DenseNet201, Xception, InceptionV3,
MobileNetV2, MobileNet, ResNet50V2, ResNet152V2, and
ResNet101v2, which are evaluated in automatically detecting
COVID-19 from chest CTs. The obtained results demonstrated
promising results with an accuracy, recall, precision, and F1-
score of 99%, indicating the effective use of deep transfer
learning as a tool for recognizing COVID-19 from CTs.
Moreover, the effective impact of applying different activation
functions on model performance was evaluated. Even though
using different activation functions achieved better
performance for some models, such as MobileNetV2 and
ResNet152V2, the choice of activation function should be
guided by the specific characteristics of the dataset, the
architecture of the CNN, and the desired performance metrics.
While DL-based methods have revealed satisfactory results for
detecting COVID-19 from CT scans, they are not without
limitations and should be implemented in conjunction with
different diagnostic tools. Further research is needed to
develop practical and reliable diagnostic tools for COVID-19.
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