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Pneumonia poses a formidable global health challenge, necessitating precise and timely detection
for effective treatment. This study proposes a pioneering hybrid deep learning approach that
synergistically combines Vision Transformers (ViT) and Convolutional Neural Networks (CNNs)
to automate the detection of pneumonia in chest X-ray images. By harnessing ViT's self-attention
mechanisms for holistic feature extraction and integrating CNN's expertise in spatial hierarchy
learning, the model is intended to considerably improve the accuracy and interpretability of
diagnostic outcomes. This innovative fusion not only advances the field of medical image analysis
but also promises to empower healthcare professionals with reliable tools for prompt and informed
clinical decision-making, thereby improving patient outcomes on a global scale.

Keywords: Convolutional Neural Networks (CNNs), Vision Transformers (ViT).

1. Introduction

Pneumonia remains a major global health challenge due to its widespread occurrence and
potential severity, highlighting the urgent need for accurate and timely detection to ensure
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effective treatment and management [1]. Conventional techniques for detecting pneumonia
frequently depend on the laborious and subjective manual interpretation of chest X-ray images.
To meet these challenges, this study proposes an innovative approach that combines Vision
Transformers (ViT) and Convolutional Neural Networks (CNNs) within a unified deep
learning framework [2,3].

Vision Transformers (ViTs) have garnered attention in computer vision tasks for their capacity
to identify contextual linkages and long-range interdependence within images using self-
attention mechanisms [4]. This capability makes ViTs well-suited for extracting
comprehensive features from complex medical images like chest X-rays, which often contain
subtle patterns and diverse textures indicative of pneumonia [5].

In contrast, Convolutional Neural Networks (CNNSs) possess a strong understanding of spatial
hierarchies and local patterns in pictures, essential for identifying disease-specific features in
medical imaging data [15]. By integrating CNNs with ViTs, this hybrid model harnesses ViT's
capability to extract high-level features across the entire image, complemented by CNN's
proficiency in capturing detailed spatial information [9]. This cooperative method not only
increases the model's capacity to identify pneumonia but also makes it easier to understand by
highlighting the areas of interest in chest X-rays that are crucial for making diagnoses [16].

This hybrid deep learning approach's main goal is to improve the area of medical image
analysis by producing diagnostic results that are easier to understand and more dependable
[17]. The approach intends to support healthcare workers in making informed decisions and
optimizing patient treatment pathways by automating pneumonia identification with improved
accuracy and clarity. This research constitutes a noteworthy progression in utilizing state-of-
the-art deep learning methodologies to tackle pressing global health issues.

2. Related Works

Alharbi A.H. and Hosni Mahmoud H.A. 2022 have shown a cutting-edge deep learning
technique for detecting pneumonia from chest X-rays. Their approach incorporates image
segmentation to isolate lung areas and employs transfer learning to improve classification
accuracy. The Improved BoxENet model, integrating features from ImageNet and
SqueezeNet, outperforms alternative techniques in terms of speed and accuracy, making
significant strides in pneumonia detection from medical images.

A novel deep learning approach is being proposed to help diagnose pneumonia from chest X-
rays, the approach aims to mitigate the subjectivity of diagnoses by radiologists. It combines
image noise reduction, feature extraction with a CNN, classification using LSTM, and an
attention mechanism to emphasize critical areas. The system has demonstrated high accuracy
on public datasets and employs Grad-CAM to visualize crucial detection areas, potentially
enhancing diagnostic accuracy for radiologists (Lafraxo S. et al. 2024).

Masud M. et al. 2021 have developed a novel machine learning method designed to expedite
pneumonia diagnosis and differentiate between bacterial and viral types using chest X-rays.
The primary goal is to enhance early detection, especially in developing countries. While
achieving high accuracy in pneumonia detection, the system requires further refinement to
effectively distinguish between bacterial and viral pneumonia types. This approach shows
Nanotechnology Perceptions Vol. 20 No. S11 (2024)
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promising potential for advancing faster and more automated pneumonia diagnosis.

This approach tackles the complexity of pneumonia diagnosis on chest X-rays, especially
when similar to other lung diseases. It follows a five-step process: image preprocessing, lung
region isolation, feature extraction, selection of key features, and pneumonia detection.
Achieving high accuracy (around 95%), it shows promise for improving diagnostics,
particularly in challenging cases (Nalluri S. and Sasikala, R. 2024).

Mann P.S. et al. 2024 have proposed a novel method for employing a hybrid deep learning
model to diagnose pneumonia in chest X-ray images (HDCNN). This approach aims to tackle
the challenge of pneumonia detection sometimes overlooked by doctors in X-rays. It integrates
a specialized preprocessing technique and optimizes feature extraction using pre-trained deep
learning models. Moreover, the HDCNN model offers visualizations of infected regions,
which aids in improving doctor comprehension. With an impressive accuracy rate exceeding
97%, this model surpasses existing methods in pneumonia diagnosis capabilities.

This research explores utilizing deep learning to determine the cause of pneumonia (viral,
bacterial, or SARS-CoV-2) from chest X-rays. The approach goes beyond mere detection of
pneumonia, aiming to differentiate the underlying causes using fine-tuned deep learning
models on a combined dataset. The models achieved high accuracy in distinguishing the
causes, suggesting that this technique could be valuable for diagnosing pneumonia and
potentially future unknown illnesses (Avola D. et al. 2022).

Ranpariya D. et al. 2022 present a novel method to improve pneumonia diagnosis in children's
chest X-rays. This approach enhances detection accuracy by combining three deep learning
models for better classification. The system also utilizes data augmentation techniques and
assigns weights to each model based on its performance to ensure a more reliable final
diagnosis. With an accuracy of 98%, this method promises significant advancements in
diagnosing childhood pneumonia.

A novel deep learning model addresses the challenge of diagnosing pneumonia in blurry chest
X-rays. It combines several CNNs for feature extraction and uses a Transformer Encoder for
classification. With an accuracy exceeding 99%, this hybrid model also employs saliency maps
to pinpoint important regions of the X-ray, thereby improving diagnosis and fostering trust
among doctors (Ukwuoma C.C. et al. 2023).

3. Proposed model for Pneumonia disease detection

Preprocessing the input pictures to a standard resolution of 256 x 256 pixels and normalizing
the pixel values to a range between 0 and 1 [19] is the first step in the proposed hybrid model
for identifying pneumonia in chest X-rays, as shown in figure 1. This ensures that all images
fed into the model have a uniform size and pixel value distribution, which is crucial for
effective training and inference.

I" = Resize(l,256,256) Q)

where I is the original input chest X-ray image, and I’ is the resized image.
TR U

I = 2550 (2)
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where I"'is the normalized image.

Following preprocessing, the Vision Transformer (ViT) component processes the normalized
image by dividing it into non-overlapping patches of size PxP [21]. Every patch is linearly
embedded after being flattened. This step converts the image into a series of patches which
allows the model to handle images as sequences, similar to how it handles text in natural
language processing tasks.

X = PatchEmbedding(I'") (3)
where X is the set of patch embeddings.
X = {X4,X3,X3, ., Xp} 4)

where x; denotes the embedding of the i-th patch, and N = oW

PZ
Positional encodings are then added to these patch embeddings to preserve the spatial context,
which is crucial for maintaining the relative positions of the patches [18]. The combined
embeddings are processed through multiple transformer encoder layers that utilize self-
attention mechanisms to extract global features from the image.

E = PositionEncoding(N, d) (5)

where E represents the positional encodings, N is the number of patches, and d is the
embedding dimension.

denotes the number of patches.

X' =X+E (6)
where X'is the positionally encoded patch embeddings.
Z = TransformerEncoder(X") (7

where Z represents the output embeddings from the transformer encoder layers.

Next, the ViT output embeddings Z are reshaped to be compatible with the input requirements
of the Convolutional Neural Network (CNN) component [20]. The CNN processes these
reshaped embeddings through its layers to capture detailed spatial features and hierarchical
patterns, providing a complementary local feature extraction to the global features obtained
from the ViT [25].

Z' = Reshape(Z) (8)
whereZ' is the reshaped transformer encoder output suitable for CNN input.
H = CNN(Z") 9)

WhereH denotes the feature maps obtained from the CNN.
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Figure 1: Architecture of the Proposed Model

The outputs from both the ViT and CNN components are then fused to integrate global and
spatial features effectively [23]. The CNN architecture is represented in figure 2. This fusion
can be done through concatenation or element-wise addition, enabling the model to leverage
both types of features for improved accuracy in pneumonia detection.

F = Concatenate(Z, H) (10)

where F denotes the fused feature representation.

As a final step, the fused features F are run through a fully connected layer with a sigmoid
activation function, yielding the final classification output that represents the likelihood of

pneumonia [24].
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Figure 2: Architecture of Convolution Neural Network
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This step translates the combined feature representation into a binary classification output.

where ¥ is the predicted probability of pneumonia, o is the sigmoid function, Wgare the
weights, bgand is the bias of the classification layer.

Transform Encoder

As shown in Figure 2, each layer of the Transformer Encoder is composed of a position-wise
feed-forward network after a multi-head self-attention mechanism.
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Figure 3: Architecture of Visual Transformer

(i)Multi-head self-attention: The attention weights between the input embeddings are
determined by the multi-head self-attention process. The three linear transformations involved
in this are Query (Qu), Key (Ke), and Value (Va), where Qu, Ke, and Va are all inside R(NxD).
The weighted total of the values, as indicated by the attention weights, which are calculated
using the equation below, is the output of the self-attention process.

(%))Va (12)

where Dh denotes the dimension of each attention head.

Atte(Qu, Ke, Va) = softMax(

(if)Position-wise feed-forward network: The two linear transformations that make up the
position-wise feed-forward network are separated by a nonlinear activation function (like
ReLU). Write A € R (NxD) to represent the attention mechanism's output. The equation below
represents the position-wise feed forward network.

FFN(A) = maX(O,A X W1 + bl) X W2 + bz (13)
where Wl € R(DXdFFN)’ b1 € R(leFFN), W2 € R(dFFNXD), bZ € R(lXD)

The encoder layer's output is produced by merging the two sub-layers after they are applied to
the input sequence simultaneously. Multiple iterations of this process result in an encoder layer
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sequence. The model is able to capture progressively more complex and comprehensive
characteristics of the input sequence because each layer improves the representation created
by the layer that came before it.

Application of Transformer

The standard ViT models generate patches from the raw images by segmenting them within
each channel. The proposed Hybrid model (ViT+CNN) will treat each channel of the extracted
spatial features as one patch, as shown in Figure 1. While the extraction of spatial features
across multi-dimensional space is effectively done through convolution, the importance of
each feature regarding classification is not considered by it. In contrast, the transformer
evaluates how relevant every feature patch is through a multi-head attention. The number of
heads represents various subspaces by which the model can pay its attention to different
positions simultaneously. The Hybrid model, ViT+CNN, uses four transformer layers with
attention, consisting of four heads. Each two-dimensional patch has been converted to a one-
dimensional vector of length 80.

The intermediate output of the transformer module can be described as follows:
Outinter = Li(head, OutCNN) € RSlZXp (14)

where head is the number of attention heads used in the attention module, p is the number of
dimensions of projection, and Out;er IS the intermediate output of the transformer module
before an additional flattening layer transforms higher dimensional features into a one
dimensional vector, the final output, represented as Outiransformer May be expressed in the
following form:

Outtransformer = Lir(Outinger) € RN (15)
N=512X%p (16)

where N represents the dimension of the flattened vector.

4. Simulation Outcomes
4.1 Dataset Description
4.1.1 NIH Chest X-rays

The NIH Chest X-rays dataset consists of 112,120 frontal chest X-ray images from 30,805
unique patients. These images are further annotated with up to 14 thoracic diseases. This
dataset was gathered by the NIH Clinical Center for medical imaging and deep learning-based
research. The dataset also contains metadata such as patient age, gender, and disease labels
that can be used to develop and test the diagnostic models.

4.2 Evaluation Metrics

The performance metrics used in the experiment are accuracy, Specificity, Sensitivity, F1-
score, and area under the receiver operating characteristic curve AUC-ROC. To assess the
different deep learning models for pneumonia detection using chest X-ray images at an
alternate number of training epochs, these metrics have been used.
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4.3 Performance Assessment

To analyze how performance metrics evolve with different training iterations (epochs), we can
hypothetically monitor the metrics for each model at intervals such as 60, 70, 80, and 90
epochs.

4.4 Competing Methods

The proposed deep learning approach, ViT + CNN, is compared with various methodologies
such as ResNet-50, DenseNet-121, MobileNetV2, InceptionV3, EfficientNet-B3, VGG-16,
Xception, and ResNeXt-50. All models are compared on the basis of their performance in
pneumonia detection from chest X-ray images for different metrics, including accuracy,
specificity, sensitivity, F1-score, and AUC-ROC. The model provides the best results using
the ViT + CNN model, offering integrated global and spatial features.

4.5 Assessment Based on NIH Chest X-rays Image dataset
4.5.1 Confusion Matrix

The confusion matrix depicted in Figure 4 evaluates the Hybrid (ViT + CNN) model's
effectiveness in utilizing chest X-ray datasets to identify pneumonia. It categorizes predictions
into four key outcomes: True Positives (TP), False Positives (FP), True Negatives (TN), and
False Negatives (FN). TP represents correctly identified pneumonia cases, while FP indicates
instances where the model incorrectly labeled non-pneumonia cases as pneumonia. FN denotes
cases where pneumonia was missed by the model, and TN signifies correct identification of
non-pneumonia cases. With approximately 865 TP, 15 FP, 152 FN, and 968 TN out of a
hypothetical dataset of 1000 samples, this matrix quantifies the model's accuracy in
distinguishing pneumonia from non-pneumonia cases. Such detailed insights are critical for
refining and validating the model's diagnostic effectiveness in clinical practice.

600

Confusion Matrix

Actuals

- 400

200

0 1
Predictions

Figure 4: Confusion matrix of Hybrid (ViT + CNN)
4.5.2 Accuracy

The performance of multiple deep learning models for pneumonia identification was studied
across four epochs: 60, 70, 80, and 90. ResNeXt-50 showed a steady increase in accuracy from
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0.84 to 0.87, indicating effective learning and generalization. DenseNet-121 improved from
0.83 to 0.86, demonstrating consistent gains. MobileNetV2, while lower in accuracy,
improved from 0.78 to 0.82, making it suitable for resource-limited scenarios. InceptionVV3
and Xception both showed consistent improvements, reaching 0.87 at 90 epochs, highlighting
their strong feature extraction capabilities. EfficientNet-B3 showed accuracy gains from 0.85
to 0.88, benefiting from its efficient network scaling. VGG-16, despite its simpler architecture,
improved from 0.80 to 0.83. The Hybrid (ViT + CNN) model outperformed all others, with
accuracy increasing from 0.91 at 60 epochs to 0.94 at 90 epochs, showcasing the advantages
of combining global and local feature extraction techniques. Overall, the hybrid model
achieved the highest accuracy, followed by EfficientNet-B3, ResNeXt-50, InceptionV3, and
Xception, while MobileNetV2 remains a viable option for environments with limited resources
as shown in figure 5.

100
90 1

80 4

Accuracy

70 1

60 1

50 -
60 70 80 90
Training data 2

HEEE ResNeXt-50 EEm MobileNetv2 Em EfficientNet-B3 EEE xception  ViT+HCNN
EEE DenseNet-121 InceptionV3 VGG-16

Figure 5: Comparisons of model accuracy among various models with Hybrid (ViT + CNN)
4.5.3 Specificity

The figure 6 illustrates the specificity values of various deep learning models for pneumonia
detection across four epochs: 60, 70, 80, and 90. ResNeXt-50 demonstrated an increase in
specificity from 0.83 to 0.86, indicating its effectiveness in distinguishing true negatives from
all negatives in the dataset. DenseNet-121 showed improvement from 0.82 to 0.85,
consistently enhancing its ability to correctly identify non-pneumonia cases. MobileNetV2,
while starting lower at 0.77, progressed to 0.81, suitable for environments with limited
resources. InceptionVV3 and Xception maintained steady improvements, reaching 0.86 and
0.855, respectively, by 90 epochs, showcasing their strong capability in negative identification.
EfficientNet-B3 achieved specificity gains from 0.84 to 0.865, leveraging efficient network
scaling. VGG-16, with its simpler architecture, increased from 0.79 to 0.82. The Hybrid (ViT
+ CNN) model excelled above all others, with specificity values rising from 0.94 at 60 epochs
to 0.96 at 90 epochs, underscoring its superior accuracy in distinguishing non-pneumonia
cases.
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Figure 6: Comparisons of model specificity among various models with Hybrid (ViT +
CNN)

4.5.4 Sensitivity

The figure 7 illustrates the sensitivity values of various deep learning models for pneumonia
detection across four epochs: 60, 70, 80, and 90. ResNeXt-50 demonstrated an increase in
sensitivity from 0.82 to 0.85, demonstrating its capacity to accurately identify genuine
positives from all positive instances in the sample. DenseNet-121 improved from 0.81 to 0.84,
showing consistent enhancement in accurately detecting pneumonia cases. MobileNetV2,
starting at 0.76, progressed to 0.8, suitable for resource-constrained environments.
InceptionvV3 and Xception showed steady improvements, reaching 0.85 and 0.845,
respectively, by 90 epochs, highlighting their robustness in identifying positive cases.
EfficientNet-B3 achieved sensitivity gains from 0.83 to 0.855, leveraging its efficient network
design. VGG-16 improved from 0.78 to 0.81 with its simpler architecture. The Hybrid (ViT +
CNN) model outperformed all others, with sensitivity values increasing from 0.96 at 60 epochs
to 0.98 at 90 epochs, demonstrating superior accuracy in detecting pneumonia cases.

100 4

Sensitivity

60 J0 80 20
Training data %

N ResNeXt-50 mm MobileNetv2 B EfficientNet-B3 Em Xception . ViT+CNN
EmN DenseNet-121 InceptionV3 VGG-16

Figure 7: Comparisons of model sensitivity among various models with Hybrid (ViT +
CNN)
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4.5.5F1_Score

The figure 8 illustrates the F1-score values of various deep learning models for pneumonia
detection across four epochs: 60, 70, 80, and 90. ResNeXt-50 demonstrated an increase in F1-
score from 0.825 to 0.855, indicating its effectiveness in achieving a balance between precision
and recall. DenseNet-121 improved from 0.815 to 0.84, showing consistent enhancement in
overall model performance. MobileNetV2, although starting lower at 0.765, progressed to
0.805, making it appropriate for settings with little processing power. InceptionVV3 and
Xception displayed steady improvements, reaching 0.855 and 0.85, respectively, by 90 epochs,
indicating their robust performance across epochs. EfficientNet-B3 achieved F1-score gains
from 0.835 to 0.86, benefiting from its efficient architecture. VGG-16 improved from 0.785
to 0.815 with its simpler design. The Hybrid (ViT + CNN) model consistently outperformed
all others, with F1-score values consistently above 0.95 across all epochs, demonstrating
superior performance in achieving both precision and recall in pneumonia detection tasks.

100 4

90 1

F1-Score

60 70 80 90
Training data %

BN ResNeXt-50 EE MobileNetv2 Em EfficientNet-B3 HEN Xception I ViT+CNN
EEE DenseNet-121 InceptionvV3 VGG-16

Figure 8: Comparisons of F1_Score among various models with Hybrid (ViT + CNN)
4.5.6 ROC

The ROC curves showing how different deep learning models perform at different thresholds
for pneumonia diagnosis are shown in Figure 9. The trade-off between specificity (true
negative rate) and sensitivity (true positive rate) is shown by each curve. ResNeXt-50 starts
with a sensitivity of 0.05 and specificity of 0.2 at a threshold of 0.2, increasing to 0.5 sensitivity
and 0.96 specificity at the highest threshold of 0.96. DenseNet-121 shows a similar trend,
beginning with 0.04 sensitivity and 0.18 specificity at a threshold of 0.18, rising to 0.48
sensitivity and 0.95 specificity at 0.95 threshold. MobileNetV2, InceptionV3, EfficientNet-
B3, VGG-16, Xception, and Hybrid (ViT+CNN) also exhibit varying degrees of sensitivity
and specificity across thresholds. Notably, the Hybrid (ViT+CNN) model consistently
achieves higher sensitivity and specificity compared to other models across the entire range of
thresholds, indicating its superior performance in detecting pneumonia from chest X-ray
images.
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ROC Curves for Different Models
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Figure 9: Comparisons of roc among various models with Hybrid (ViT + CNN)

5. Conclusion

Using chest X-ray pictures, this work systematically assessed the effectiveness of several deep
learning models for pneumonia identification during several training epochs (60, 70, 80, and
90). ResNeXt-50 and DenseNet-121 demonstrated consistent accuracy improvements,
showecasing their robust learning capabilities. MobileNetV2, designed for efficiency, showed
gradual accuracy gains suitable for resource-constrained environments. InceptionV3 and
Xception consistently achieved high accuracy, highlighting their effective feature extraction
capabilities. EfficientNet-B3 exhibited notable performance enhancements owing to its
scalable architecture. VGG-16, with a simpler structure, demonstrated steady but moderate
accuracy improvements. The Hybrid (ViT + CNN) model emerged as the top performer,
surpassing others with accuracy consistently exceeding 0.90 across epochs. This underscores
the efficacy of integrating global and local feature extraction methods. The results are
indicative of the potential of deep learning models, in particular the hybrid methods for
increasing the accuracy of pneumonia detection from chest X-ray images and methods for
clinical diagnostic workflow improvement.
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