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ABSTRACT ARTICLE HISTORY

Lung diseases often result in severe damage to the respiratory tract, Received 15 June 2023

and lead to a high risk of mortality within a short period of time. DL~ Accepted 7 February 2024

models based on ViT are considered to have promising advantages

over CNN architectures in terms of computational efficiency, and T . )
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accuracy when trained on large ImageNet datasets. In this study, vision transformer:

we present a new DL approach based on the combination of  coyip-19; lung disease

CNN with ViT to improve the efficiency of pneumonia diagnosis image

using medical images. In the first stage, raw images are passed

through a local filter to capture local relations on the inputs. The

local filter block includes two convolutional layers with kernel 3 x

3. This local filtering method aims to enhance rich features before

being fed into the patching layer of the ViT block. The proposed

method is experimented on the benchmark chest X-ray dataset.

The proposed method is evaluated and compared to some well-

known models, which include ViT, VGG19, Resnet50, Densnet201.

Experimental results demonstrated that the proposed approach

based on CNN and ViT reaches higher efficiency with about 1%

accuracy to the standard ViT model, and about 2% higher with

VGG19, Resnet50, Densnet201 and smaller in model architecture.
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1. Introduction

Nowadays, diagnostic imaging in medicine is a common technique, which is used in
medical examination and treatment, medical imaging includes X-ray image data, mag-
netic resonance imaging (MRI), imaging ultrasound images (Ultrasound), and endoscopic
images (endoscopy). In the diagnosis of diseases based on images, doctors recognize the
morphology and function of the internal structures of the patient’s body. According to the
results, doctors quickly determine the cause, area, and location of the lesion to give
appropriate treatment indications.

The results of imaged diagnostics depend on the experience and abilities of the
doctors, as well as their mental state and work pressure. Normally, it takes more time
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to train a proficient doctor in interpreting medical imaging results. Brady et al. (2012)
pointed out that there are significant differences in the interpretation of imaging
results among physicians and expert radiologists, even when using the same image
dataset.

As advances in information technology, particularly in the field of artificial intelligence
and deep learning, over the past decade, computer-aided diagnosis (CAD) systems have
increasingly played an important role in assisting doctors with disease diagnosis. The
fields of machine learning, especially deep learning models have been researched and
implemented in industry. CAD has become the major research domain in machine learn-
ing for medical imaging. CNN is an advanced deep learning architecture that has domi-
nated the field of computer vision for the past decade and CNN is a major of the
popular deep learning approaches for classification medical images.

In medical image processing, X-ray is a common and easily accessible diagnostic
method due to its low cost, simple implementation, and accessibility. X-ray imaging is
often the first indication for examination and treatment of diseases related to the
lungs, breast cancer, skeletal joints, and heart failure. Differences to regular objects and
abnormalities in a chest X-ray film are often challenging for experts in the field of diag-
nostic imaging to identify and classify consistently (Brady et al., 2012). For this reason,
many studies in medical imaging were carried out to aid radiologists using CNN. These
studies have achieved significant success in image classification tasks, including categor-
izing breast cancer (Khan et al,, 2019), classifying skin cancer (Pham et al., 2018; Pham
et al,, 2020), and detecting brain tumours (Abiwinanda et al., 2019).

In the period of 2021-2022, Vision Transformer is a new deep learning architecture,
attracting a lot of research interest from researchers around the world, ViT has a lot of
potential compared to convolutional neural networks. The ViT-based deep learning
models are evaluated to be more promising than the CNN architecture in terms of com-
putational efficiency, resource usage and accuracy when trained on the large ImageNet
dataset. The research community is increasingly focusing on ViT.

A multitude of intelligent diagnosis methods for pneumonia, pulmonary tuberculosis,
and COVID-19 have been proposed, thanks to the accelerated advancements in image
classification facilitated by deep learning architectures (Rajpurkar et al., 2017; Sharma
et al, 2020). These studies have primarily concentrated on tackling the classification
task between COVID-19 patients and normal cases, or more specifically, on distinguishing
between COVID-19, normal, and pneumonia cases. Some of these models have been very
successful in diagnosing pneumonia by analysing chest X-rays. However, due to the limit-
ation of the public datasets for experiments, the size of the datasets used for studies is
limited, lacking representativeness and generalizability. Therefore, further research is
needed to evaluate the ability to detect and classify COVID-19 patients in comparison
to other viral pneumonia cases, using sufficiently large datasets.

Within this study, we introduce a learning model that integrates local filters with ViT for
chest disease classification. The proposed method is experimented on a benchmark
dataset of chest X-ray images (Sait et al., 2020). The compared results of our model and
the ViT_B/16, VGG19, ResNet50, and DenseNet201 models demonstrated that the pro-
posed method outperforms the classical models.

Among the diverse array of methodologies employed in medical imaging, CNNs have
emerged as a highly potent deep learning technique for the classification of medical
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images. Their effectiveness is derived from their capability to extract spatial features via
convolutional computation. Motivated by CNN architecture, a lot of research on
medical imaging has focused on brain tumours (Abiwinanda et al., 2019) breast cancer
(Khan et al., 2019), pneumonia detection (Sharma et al., 2020), skin lesions (Pham et al.,
2018), Tuberculosis Detection (Huy & Lin, 2023) are implemented.

Classification of pneumonia together with COVID-19 also attracts special attention
from researchers. Pertaining to pneumonia diagnosis, studies primarily emphasize the
utilization of chest X-ray images for disease classification purposes. The efficacy of the
aforementioned model is assessed and demonstrated through performance metrics
including accuracy, sensitivity, precision and specificity. In 2017, Rajpurkar et al. (2017)
proposed the CheXNet model to classify pneumonia including 100,000 chest X-ray
images with 14 diseases, CheXNet is based on DenseNet (Huang et al., 2017), and this
model achieved the state-of-the-art results on all of 14 diseases. CheXNet surpasses the
average F1 metric performance of radiologists. In 2019, Ayan and Unver (2019) employed
two widely recognized CNN Backbones, namely VGG16 and Xception, for the purpose of
pneumonia diagnosis. They incorporated transfer learning and fine-tuning method-
ologies during the training stage. The evaluation of their models revealed that the
VGG16 network surpassed the Xception network in terms of accuracy, achieving an accu-
racy rate of 87%, and 82% respectively. Avola et al. (2022) used 12 well-known ImageNet
pre-trained models to classify into 4 classes including healthy, bacterial, virus and COVID-
19. Most models obtained significant performances. Recently, Hariri and Avsar (2023)
introduced a compact diagnostic model utilizing convolutional neural networks (CNNs)
using chest X-ray images for the classification of COVID-19 and pneumonia. The model
was designed to classify images into four distinct classes: COVID-19, Healthy, viral and
bacterial pneumonia. The proposed lightweight model, developed by Muhab Hariri and
Ercan Avsar, demonstrated an impressive overall accuracy of 89.89%. In comparison,
the pre-trained Efficient-Net B2 model attained an accuracy of 85.7%.

PneuNet model is based on Vision Transformer which is proposed by Wang et al. (2023)
utilizing of X-ray images for pneumonia classification yielded remarkable results with the
PneuNet model, achieving an impressive accuracy rate of 94.96% in the three-category
classification tasks (COVID-19, None, Normal) and 90% for 4 categories classification
(COVID-19, Normal, Bacterial, Viral), and 99.32% with binary classification (COVID-19,
None). Park et al. (2021) integrated ViT and ResNet50 architectures to perform the classifi-
cation of three distinct classes: normal, other infections (including tuberculosis, and bac-
terial pneumonia), and COVID-19, using a dataset comprising 17,548 chest X-ray images.
The model they developed exhibited notable performance, with an average accuracy of
86.4%.17,548 chest X-ray images. Their model attained an average accuracy of 86.4%.

2. Literature review
2.1. CNN-based methods

Convolutional neural network (CNN), which was originally proposed by LeCun et al.
(1998), represents a class of neural network models that includes convolutional layers,
pooling layers for reducing the dimensions of the feature maps, normalization layers,
and the final component is fully connected layers. The general CNN architecture
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Figure 1. Overview of CNN architecture.

(LeCun et al., 1998) is represented in Figure 1. Among these components, the convolu-
tional layer plays a pivotal role within the CNN architecture, facilitating the extraction
of informative features from input images and thereby supporting the learning process
of the CNN. In the CNN architecture, the input image passes through convolutional
layers with filters to learn spatial features of the image, generating feature maps. The
feature maps are enriched and gradually decrease in size according to the depth of the
network, the pooling layers are used to reduce the size of feature maps. Finally, the fea-
tures are passed through a fully connected layer, which is a multilayer perceptron (MLP)
network. This structure is demonstrated in Figure 2, known as (LeCun et al., 2010). A
classification layer utilizes the SoftMax function to assign the input to corresponding
class labels. The architecture of deep learning based on CNNs differs from traditional
machine learning methods in that the network learns features automatically during the
training process. In CNNs, the convolutional layer plays an important role in capturing
local relationships among neighbouring pixels in the image space.

LeNet was the first CNN network and it comprises two primary parts, the first part con-
sists of two convolutional layers followed by a pooling layer to reduce the size of the fea-
tures, and the second part is an MLP network - consisting of two fully connected layers
followed by SoftMax layer to classify handwriting images (LeCun et al., 1998).

In 2012, the AlexNet network was introduced (Krizhevsky et al., 2017), and it won the
ImageNet LSVRC competition. The classification performance of AlexNet was significantly
better than the subsequent ranked networks. AlexNet opened a new phase in the field of
computer vision. It is a much deeper neural network compared to the LeNet network,
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Convolutional
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Features extraction FC-MLP

Figure 2. CNN based classification.
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consisting of five convolutional layers. With an input image size of 224 x 224 x 3, the first
and second convolutional layers of AlexNet used filters with kernel sizes of 11 x 11 and
5x 5, respectively, while the last three convolutional layers used a kernel size of 3 x 3.
AlexNet utilized the ReLU non-linear activation function. The VGG (Simonyan & Zisserman,
2014), ResNet (He et al.,, 2016), and DenseNet (Huang et al., 2017) networks were intro-
duced in 2014, 2015, and 2016, respectively, following the debut of AlexNet. Several
improvements were made in the VGG, ResNet, and DenseNet networks, including increas-
ing the depth of the network, incorporating skip connections, and determining the com-
bination of convolutional and pooling layers. These changes led to significant
advancements in image classification on the ImageNet dataset. Many deep learning
models for analysing medical images have been focused on and developed based on
the CNN architecture. Examples include breast cancer classification (Khan et al., 2019)
and brain tumour classification (Abiwinanda et al., 2019).

2.2. Self-attention based methods

Self-Attention is a key component in the Transformer Architecture (Dosovitskiy et al.,
2020; Vaswani et al., 2017). The self-attention mechanism was developed to address
the limitations of sequential processing methods in recurrent neural networks (RNNs)
and LSTM (Hochreiter & Schmidhuber, 1997) in natural language processing (NLP). The
Self-Attention mechanism aims to determine the relative importance of one token with
respect to other tokens in a sequence.

In the Self-Attention mechanism, each input vector is transformed into three separate
vectors through linear projection, including query vector g, key vector k, and value vector
v, all of which have a fixed size. These vectors are then packed together to form three
different weight matrices, namely W2, W, and WY. W2, WX, and W" are learnable par-
ameters during the model training process. In practice, for computational convenience,
the sets of queries, keys, and values are combined into respective matrices Q, K, and
V. For each input vector X, the calculations for Q, K, and V values are performed in the
following manner: K= WKX: Q = WRX; V=WYX.

.

K
Attention(Q, K, V) = softmax(o—> V, di is the dimension of K
A/ dk

is an Attention extension, which includes many Attention mechanisms to learn many fea-
tures on the data set, h is the number of heads.

The architecture based on Self-Attention has been proposed and applied in the field of
computer vision (CV), achieving classification effectiveness compared to CNN-based
models. Vision Transformer (ViT) (Dosovitskiy et al., 2020) utilizes only the Transformer
Encoder block, which consists of multiple identical Encoder Layers. The flowchart of the
Transformer Encoder in Dosovitskiy et al. (2020) is represented in Figure 3 and each
Encoder Layer comprises two sub-layers: Multihead-Self Attention and Multi-layer Percep-
tron (MLP) as shown in Figure 3.

The transformer (Dosovitskiy et al., 2020) is applied in computer vision involving the
following steps as represented in Figure 4. The 2D image data, x € R"*"*3 is divided
into non-overlapping patches (tokens), where N =(H/p) x (W/p), with H and W being
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the height and width of the image, and p being the patch size (in standard ViT, p is chosen
as 16). These patches are flattened into 1-dimensional vectors of size D through a linear
projection, where D is chosen as 768, and the number of patches is N. The set of patches is
then packed into a matrix X =RV*P, X is called the embedding matrix. A special classifi-
cation token (CLS) and position vectors are added to the embedding matrix, which is then
fed into the Transformer Encoder block and processed similarly to the NLP domain.

The deep learning model based on CNN focuses on learning and extracting the
relationship between local features through convolutional layers, and the ViT model
focuses on describing the long dependencies in the global spatial domain of the input
image.

2.3. Transfer learning method

Transfer Learning is a commonly used method that aims to leverage the knowledge and
experience gained by a model from a previously trained task to a new learning task. The
goal of transfer learning is to reduce the training time of a model and improve its accuracy

Covid19

I Normal
Pneumonia Bacterial

Pneumonia Viral

MLP Head
Classifier

Transformer Encoder

6 ) 800 &) @) a6y 6,

Patch Embeddings

Patch + Position
Embedding
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Figure 4. Vision transformer architecture.



JOURNAL OF INFORMATION AND TELECOMMUNICATION e 7

Task 1

— Class

Benchmark
(ImageNet - 1K)

Knowledge transfer :
Model parameter

Task 2

—® Class

=
K=l
s}

©

s
=
fin]

New Classsifier

=
5
o
£
-
©
(%]
]
8
©
(=]
=
]
=

Figure 5. Fine-tuning approach for new dataset.

in conditions where there are not enough large datasets to train machine learning models
from scratch.

The transfer learning method is applied in two stages. In the first stage, we train a deep
learning model on a large dataset like ImageNet. In the final stage, the trained model is
applied to a new problem using two approaches: feature extraction, and fine-tuning.

The feature extraction approach involves using the pre-trained model and freezing the
model’s parameters up to the feature extraction block. Then, we modify the classification
block using a Multilayer Perceptron or Support Vector Machine (SVM), and then, we train
the model to classify on the new Dataset. The feature extraction approach significantly
reduces training time as the parameters of the feature extraction block remain fixed
and are not retrained on the new dataset.

In the fine-tuning approach, we inherit the weights of the pre-trained model and
modify the fully connected layers in the classification block. Then, training the previously
trained model on the new dataset to leverage the learned parameters and knowledge
from the pre-training. Transfer learning is widely used in medical image analysis research
(Avola et al., 2022; Khan et al,, 2019). The fine-tuning technique allows the model to adapt
to the new task while still benefiting from the pre-trained weights, as demonstrated in
Figure 5.

3. Proposed methodology

The proposed method is described in this section, Figure 6 presents the general model
architecture and Figure 7 describes our implementation. The proposed method consists
of three stages as follows: (1) first stage, neural network-based convolutional filters,
known as the local filter - CovEnBlock; (2) rich feature map is fed into the Transformer
Encoder module to enrich feature map; (3) MLP Head Classifier is used for pattern
classification.
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Figure 6. Overview of the proposed method — CovEnViT model.

This local filter takes raw images of size H x W x C, where (H, W) is the height and width
of images, and C is colour channels. This implies that the input image undergoes a trans-
formation by the local filter block to extract local features while maintaining the same
image size as the original input.

In the standard ViT model (Dosovitskiy et al., 2020), raw images of size Hx W x 3 are
divided into patches of size 16 x 16 x 3. Each patch is treated as a token and fed into
the transformer encoder block. In the CovEnViT architecture, to capture local relationships
within the spatial domain, we introduce a CovEn Block module. The input images are pro-
cessed through the local filter block to learn the local features of the image using convo-
lutional layers as shown in Figure 8. The feature maps generated after passing through the
local filter block are then divided into patches of size 16 X 16 X 3 and processed by the
Transformer Encoder.

The CovEn Block comprises two convolutional layers using a 3 x 3 kernel size. The
Rectified Linear Unit (ReLU) (Agarap, 1803) activation function is used after each convolu-
tional layer, f(x) = max(0, x). The design of the CovEn Block is based on the idea of using
two 2D-convolutional layers to capture local relations on raw images. The CovEn Block
Module is presented in Figure 8 and PyTorch-like pseudo code is demonstrated in Algor-
ithm 1. In our suggested method, the transformer encoder takes the embedded patches
from the high-level feature map as its inputs.

Algorithm 1: ConvEnViT

Data: X € REXHxW
Result: class of X
procedure: Local Filter Block
o <+ Relu function
F3%3 « 2D convolution operation with filter size of 3 x 3
for0<:< 2 do
| X« o(f53(X)

procedure: Vision Transformer by Dosovitskiy et.al.

MSA + Multi-head self-attention

MLP <+ Multi-layer Perceptron.

NL + Normalization

10 X « Pathch and Embedding(X)

11 X < cls_tokenUX

12 X + X + pos_embedding

13 Zg + X

14 for 1 <i< Ldo

15 Z; — MSA(LN(Z,,_]_)) +Z;_4
L Z; + MLP(LN(Z;)) + Z;

17 y =Z[0]
18 Return MLP_Head(y)

[ R

© w N o
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where

MLP_Head(y): MLP_Head takes the output feature vector of the cls_token and maps it
to a classification prediction.

The transfer learning method with the fine-tuning approach is chosen to be
implemented in this study to evaluate and compare the effectiveness of the proposed
model with ViT and other CNN-based models.

4. Materials and evaluation metrics

The public X-Ray dataset (Sait et al., 2020) was selected for experimentation and evalu-
ation of the classification performance. The experimental dataset consists of 9209
samples with four categories Normal, COVID-19, Pneumonia-Viral and Pneumonia-Bac-
terial. The dataset undergoes normalization and resizing to achieve size 224 x 224 and
is randomly split into separate training sets and evaluation sets in an 80% to 20% ratio,
respectively. Four models are used fine-tuning process as shown in Figure 9. The
specifics of the dataset within each class are shown in Table 1.

In this study, confusion matrix and common metrics including accuracy, precision,
recall, specificity, and F1-score were employed to assess both the pre-trained models
and our proposed model.

In the realm of multi-class classification, accuracy serves as a prevalent metric for asses-
sing the performance of deep learning models. It quantifies the proportion of accurately
classified samples relative to the total number of samples and is derived by dividing the
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sum of true positive and true negative predictions by the total number of prediction
samples (Grandini et al., 2020).

Accuracy = (TP + TN)/(TP + TN + FP + FN) M
Precision = TP/(TP + FP) 2)
Recall(Sensitive) = TP/(TP 4 FN) (3)

Specificity = TN/(TN + FP) (4)

F1-Score = 2 x (Precision x Recall)/(Precision + Recall) (5)

Precision measures the proportion of predictions belonging to a specific class that
belongs to that class. Recall evaluates the percentage of positive samples, which is com-
puted as the fraction of true positives (TP) over the sum of true positives (TP) and false
negatives (FN) samples. Specificity calculates the proportion of negative samples by com-
paring the number of true negatives (TN) to the sum of true negatives (TN) and false posi-
tives (FP) samples.

Concepts are used for calculating metrics including True Positive — TP, False Positive
- FP, True Negative — TN, False Negative — FN. Specifically, True Positive are the samples

Table 1. Train and validation dataset.

Train Validation Total
CovID-19 1025 256 1281
Normal 2617 654 3271
Pneumonia-bacterial 2401 600 3001
Pneumonia-viral 1325 331 1656

Total 7368 1841 9209
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that have been predicted as positive by the model and are positive, while False Posi-
tives are instances that the model has incorrectly classified as positive, even though
they are negative. True Negative are the samples that have been labelled as negative
by the model and they are True Negative, False Negative are the samples that have
been labelled as negative by the model, but they are True positives. Metric indexes
are calculated from the confusion matrix as follows: confusion_matrix is the confusion
matrix, i denotes class i™.

TP_{i} = confusion_matrix_{i, i} (6)

FN_{i} = sum(confusion_matrix_{i, :}) — confusion_matrix_{i, i} (7)
FP_{i} = sum(confusion_matrix_{:, i}) — confusion_matrix_{i, i} (8)
TN_{i} = sum(confusion _matrix_{:})—TP_{i}—FP_{i}—FN_{j} 9)

In the context of multi-class classification, due to the number of samples of each class is
not equal. We define a weight ratio for each class based on the samples of the class. The
weight ratio of i™™ class = (the number of samples i™ class/total samples) for calculating
the accuracy, precision, sensitivity, and specificity of the models. Precision, Recall, and
Specificity are calculated the same as model accuracy.

Weight_ratio_{i} = samples of class ith/Total samples (10)
Model Accuracy = 2 (Acc {i}xWeight_ratio_{i}) (11)
Acc{i} = TP_{i} + TN_{i}/Total of samples (12)

5. Experimental results

In our study, we conducted experiments and comparisons involving the proposed
approach and several well-known backbones such as the original ViT (Dosovitskiy et al.,
2020), Densnet201 (Huang et al., 2017), VGG19 (Simonyan & Zisserman, 2014), Resnet50
(He et al,, 2016). The proposed CovEnViT model was trained from scratch on the Ima-
geNet-1 K dataset with about 200 epochs. Then, the best-performing model on the vali-
dation set is used for fine-tuning the X-ray dataset with 1000 epochs. We adopted well-
known backbones such as VGG19, Resnet50, and Densenet201, modifying only the
number of output neurones to suit our specific requirements. The cross-entropy loss func-
tion is employed for training in all approaches. The fine-tuning models are trained on the
X-ray dataset with 1000 epochs. The parameters set for training task are as follows: learn-
ing rate = 0.00002, batch size = 16, optimizer with AdamW. The Transfer Learning for X-ray
processing is presented in Figure 9.

Table 2. Performance metrics of the different models.

Model Accuracy (%) Precision (%) Recall (%) Specificity (%) F1-Score (%)
ViT_B/16 96.38 93.07 93.10 97.12 93.00
Densnet201 95.49 91.15 91.20 96.73 91.17
VGG19 96.14 92.48 92.50 96.82 92.31
Resnet50 95.40 90.90 90.90 96.49 90.92

CovEnViT 96.54 93.28 93.37 97.27 93.27
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Figure 10. Evaluation metrics on the validation set using different models.

Table 3. Details of classified results of the different models.

Model Class Accuracy (%) Precision (%) Recall (%) Specificity (%) F1_Score (%)
ViT_B/16 CovID-19 99.78 100.0 98.44 100.0 99.21
Normal 98.59 97.43 98.62 98.57 98.02
Pneumonia Bacterial 93.86 88.35 93.50 94.04 90.85
Pneumonia Viral 93.97 87.67 77.34 97.62 82.18
Densnet201 ~ COVID-19 99.73 100.0 98.05 100.0 99.01
Normal 98.86 97.88 98.93 98.82 98.40
Pneumonia Bacterial 92.07 87.46 88.33 93.88 87.89
Pneumonia Viral 91.74 77.71 75.83 95.23 76.76
VGG19 CovID-19 99.78 100.0 98.44 100.0 99.21
Normal 98.80 97.45 99.24 98.57 98.33
Pneumonia Bacterial 93.37 86.77 94.00 93.07 90.24
Pneumonia Viral 93.05 87.18 71.90 97.68 78.81
Resnet50 CovID-19 99.67 100.0 97.66 100.0 98.81
Normal 98.70 97.30 99.08 98.48 98.18
Pneumonia Bacterial 92.02 86.36 89.67 93.15 87.98
Pneumonia Viral 91.69 79.47 72.51 95.89 75.83
CovEnViT CoviD-19 99.78 99.61 98.83 99.94 99.22
Normal 98.53 96.86 99.08 98.23 97.96
Pneumonia Bacterial 94.30 89.86 93.00 94.92 91.40
Pneumonia Viral 94.13 87.54 78.55 97.55 82.80

The evaluation results, along with the solutions, are presented in Table 2. The
results demonstrated that CovEnViT model achieved the best overall prediction
accuracy.

Within CNN-based deep learning methods, VGG19 demonstrates the highest accuracy
(see Figure 10), while the Densenet201 model outperforms the ResNet50 but falls short of
the VGG19 model in terms of results.

As shown in Table 3, evaluation metrics for COVID-19 and Normal classes are
the highest metrics in all models. In contrast, the evaluation metrics for classes
Bacterial and Viral are much lower. All models have difficulty distinguishing
between Bacterial and Viral infections as shown in confusion matrices in
Figure 11. The sensitivity metric for classes Bacterial and Viral is much lower than
COVID-19 and Normal.
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Figure 11. Confusion matrices were computed using (a) ViT, (b) DenseNet201, (c) VGG19, (d)
Resnet50, (e) CovEnViT.

6. Conclusions

In this study, we presented a new model that synergistically combines the power of CNN
and ViT to tackle the challenging task of pneumonia classification. By integrating these
two distinct yet complementary architectures, we aim to leverage the exceptional
feature extraction capabilities of CNNs alongside the self-attention mechanisms inherent
in ViT, thus harnessing the collective strengths of both approaches. The proposed
approach aspires to enhance the accuracy and efficacy of pneumonia classification, ulti-
mately contributing to improved diagnostic outcomes and patient care in the realm of
respiratory health. The proposed model combines a local filter with ViT, by adding
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CovEn blocks to capture local relations. CovEn Blocks consists of convolutional layers, to
enable the model to learn local relationships within the spatial domain of the image. The
results showed that this model improves the classification performance compared to the
standard ViT. Additionally, the models VGG19, ResNet50, DenseNet201, and ViT-B/16 were
fine-tuned to classify pneumonia on the public X-ray images. The experiment demon-
strated that this study unveiled noteworthy classification performance with the ViT
achieving better classification performance than the CNN-based models. The proposed
approach achieved higher classification performance compared to the standard ViT.
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