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ABSTRACT

Timely and accurate diagnosis is significant for enhancing patient survival and reducing the strain that
health care facilities would otherwise face in providing diagnostic services. Computed Tomography (CT)
imaging is a popular imaging method that allows visualization of lung structure in detail, revealing
abnormalities, including lung cancer, pneumonia, and Coronavirus (COVID-19) infection. Nevertheless,
manual interpretation of CT scans is labor-intensive and susceptible to discrepancies among radiologists.
The work presents an effective automated system for lung disease detection using a hybrid CNN-
Transformer architecture that utilizes local spatial attributes and extensive contextual comprehension. The
convolutional neural networks (CNNs) in this paper formulate a model that extracts multi-level features,
after which a Transformer encoder is used to model long-range dependencies across lung regions.
Moreover, a new multi-scale attention fusion framework is proposed to combine the spatial and contextual
representations to enhance the feature learning. The experiment was conducted on a multi-class lung CT
dataset that includes normal cases, lung cancer, pneumonia, and COVID-19. The proposed model achieved
a classification accuracy of 96.3%, a sensitivity of 95.8%, a precision of 95.9%, and an ROC-AUC of 0.97,
surpassing other conventional CNNs, including VGG16, ResNet50, and DenseNetl121, as well as single
Vision Transformer models. The results show that the hybrid CNN-Transformer architecture outperforms
both CNN and Transformer architectures in feature encoding and lung disease diagnosis. The proposed
framework constitutes a reliable computer-aided diagnostic system that can assist radiologists in the initial
identification of pulmonary diseases and has great potential for use in Al-assisted clinical decision support
systems.
Keywords: Lung Disease Detection, Computed Tomography (CT), Hybrid CNN-Transformer, Multi-scale
Attention Fusion, Deep Learning, Medical Image Classification
1. INTRODUCTION among the leaQing causes of death on our planet
[1]. Other diseases, such as Ilung cancer,
The lung diseases remain a highly important pneumonia, tuberculosis, and viral respiratory
health concern around the globe, and they are also  infections, have been reported to contribute
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immensely to morbidity and medical costs in the
world [2]. Of all these, lung cancer alone leads to
high numbers of cancer-related deaths due to the
delay in its diagnosis as well as the unavailability of
the means of prompt detection [3]. Early detection
of pulmonary abnormalities is therefore relevant for
achieving a high survival rate and an effective
response to the abnormalities. Medical imaging
procedures such as computed tomography (CT)
scanning provide high-quality images of internal
lung structures and have become a diagnostic tool
for detecting abnormalities in lung tissue [4].
Computed Tomography provides high-
resolution sectional images that help clinicians
identify minor pathological changes, e.g., nodules,
infiltrates, and lesions. CT scans are more accurate
in spatial information and may be better able to
diagnose lung diseases at an earlier stage, which
would otherwise be hard to detect with
conventional chest X-rays [5]. However, the rising
costs of CT imaging in modern medical records
pose enormous challenges for radiologists [6].
Interpretation of CT scans is tedious and likely to
involve interobserver variation, leading to
inconsistent diagnoses and errors [7]. Interpretation
of CT scans is a subjective, labour-intensive, and
time-consuming process, with the potential to affect
diagnostic  consistency and accuracy when
performed manually by different interpreters [8].
However, as the last few years demonstrated,
artificial intelligence (AI) and deep learning
methods can be used to address them and analyse
medical images automatically. Various Computer
vision problems, such as image -classification,
segmentation, and object detection, have been
implemented more effectively with deep learning
models [9]. Convolutional Neural Networks
(CNNs) have begun to dominate the field of
medical image analysis, as they can learn multi-
level feature representations directly from raw
images without feature extraction [10], [11]. Lung
disease detection using CNN-based models has
been widely applied for CT images. Such models
can effectively learn local spatial receptive fields,
including lung nodules, lesions, and tissue
abnormalities, using convolutional filters. A
number of studies have demonstrated that CNN
architectures, such as AlexNet, VGGNet, ResNet,
and DenseNet, can accurately identify pulmonary
diseases [12], [13]. On the one hand, residual
networks (ResNets), such as adding residual links
to overcome vanishing gradients and using them
more often in deeper networks for enhancing
feature extraction [14], were introduced. Likewise,
DenseNet models improve feature propagation by

connecting every layer to all other layers in a feed-
forward manner, consequently enhancing gradient
propagation and model compression [15].

Although they were successful, CNN-based
models lack certain characteristics for handling
complex tasks in medical images. Among the
primary drawbacks of CNNs is their inability to
capture long-range dependencies in images. This
may also make CNNs less able to learn global
contextual connections between remote image
features, since the discussion of convolutional
operations is primarily in terms of local receptive
fields. Disease patterns on lung CT scans are often
scattered across multiple lung regions; therefore,
there is a dire need to ensure that the global context
is captured to achieve proper diagnosis [16].

To address this shortcoming, an attention
mechanism has been added to deep learning models
to enhance feature representation by highlighting
the most important parts of an image. Selective
attentive CNN models have demonstrated better
performance on medical image-related tasks by
extracting  significant and relevant spatial
differences in disease patterns [17]. Nevertheless,
attention models can enhance the weighting of local
features but also rely on convolutional architectures
that, in turn, limit the modeling of global
correlations.

Transformer architecture tools have recently
become direct competitors to long-range relation
modeling for sequential and image data.
Transformers were originally formulated for natural
language processing using self-attention methods
that model relationships between items in the input
data irrespective of their physical distance. This
feature was introduced with the advent of ViT
models (ViT) and is now used in image analysis
applications, which divide images into patches and
learn global contextual connections via multi-head
self-attention layers [18]. Transformers have
achieved state-of-the-art results on a wide range of
computer vision benchmarks and have shown

strong  performance in  medical imaging
classification [19].
Transformer-driven architectures, however,

also face certain challenges in medical imaging.
Transformers generally require a large training
dataset and considerable computational power to
perform well. Medical imaging datasets are more
likely to be small due to confidentiality issues, the
cost of data annotation, and scarce access to
adequate data. Consequently, the standalone
Transformer models can fail to generalize well
when trained using rather small datasets [20].
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To address the shortcomings of CNN models,
recent studies have investigated densely coupled
CNN-Transformer architectures that use CNNs for
feature extraction plus Transformers for contextual
representation. The successful learning of low- and
mid-level spatial attributes in these combined
architectures is achieved by CNN layers, and
overall contextual association and long-range
dependencies between image sections are achieved
by Transformer encoders. The blended application
of hybrid models enables them to capitalize on the
advantages of both architectures while lessening
their shortcomings [21].

Despite significant advances in medical image
analysis using deep learning, multi-class lung
disease detection from computed tomography (CT)
scans remains a challenging problem due to disease
patterns, inter-class similarity, and the need to
capture both local and global features in medical
images. Traditional CNN models work well for
local spatial patterns, such as texture changes,
lesions, or nodules, but they fail to capture context-
dependent information spanning large organs, such
as the lung or parts thereof, that is required to
capture the complex nature of diseases.
Transformer models, on the other hand, have
demonstrated excellent contextual awareness
globally via self-attention mechanisms but often
require massive amounts of annotated data and
high-performance demands, making them difficult
to adopt in medical imaging applications.

The CNN-T has achieved remarkable results
across a range of computer vision tasks, including
object detection, medical image segmentation, and
disease classification. In medical imaging, such
models have been shown to enhance doctors'
diagnostic correctness by enabling them to combine
the details of spatial representations with general
information across the entire image. However, the
available hybrid models primarily focus on general
image analysis and therefore do not require lung
CT image-specific features. Moreover, scale-based
feature combination strategies, which can

effectively integrate spatial and contextual
representations to detect lung disease, have
received limited research attention [22].

Recently, some hybrid CNN-Transformer
approaches have been proposed. However, most
current methods address general medical image
analysis but do not specifically target multi-class
lung disease classification from CT scans. Few
studies integrate multi-resolution spatial and
contextual information to detect subtle variations
and ensure reliable diagnosis. Prior work also notes
the difficulty of distinguishing between diseases
with similar radiological signs, such as Pneumonia
and COVID-19.

An intelligent framework with efficient data
capacity, the ability to learn local features with
CNNs (Convolutional Neural Networks), global
context with Transformers (deep learning models
using self-attention for contextual relationships),
and an effective feature fusion mechanism
(combining features learned by different models to
produce improved representations) to enhance
disease representation is strongly desired. To
address these limitations, a hybrid CNN-
Transformer model with Multi-Scale Attention
Fusion is proposed to improve feature map
learning, achieving higher classification accuracy
and creating a robust computer-aided diagnostic
system for early and accurate diagnosis of lung
diseases from CT images.

This research was driven by the issues raised
above, and therefore, the researchers introduced a
Hybrid CNN-Transformer architecture to detect
lung diseases upon receipt of the CT scan. This
system consists of a backbone deep CNN to extract
multi-level features and a Transformer encoder to
encode global contextual connections between
regions, e.g., the lung. Also, a multi-scale attention
fusion method is proposed to improve feature
representation, where features are encoded with
spatial and contextual data acquired at multiple
scales within the network.
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Figure 1. Hybrid CNN-Transformer Architecture Workflow

The workflow involves a hybrid CNN-
Transformer model that classifies lung diseases, as
depicted in Figure 1. The model involves CT image
acquisition, pre-processing, and feature extraction
using CNNs that detect local patterns. These
features are subsequently encoded into patches and
transduced by a Transformer encoder to acquire
contextual knowledge. A multi-scale attention
fusion unit improves the features, which are then
flattened and sent to the classification layer to
produce the final diagnosis.

The main objective of this study was to
develop an advanced hybrid deep learning
architecture based on Convolutional Neural
Networks (CNNs) and Transformer networks to
efficiently process lung CT images. The KP model
was intended to improve the accuracy of lung
disease detection through integrating the high
spatial locality of CNNs with the worldwide
contextual representation of Transformer-based
self-attention. Moreover, the multi-scale attention
fusion strategy was included in the suggested
strategy, meant to enhance feature encoding by
providing information from spatial and contextual
domains across layers of our network. Lastly, the
research evaluated the performance of the proposed
hybrid architecture relative to conventional CNN-
and Transformer-based models using commonly
used evaluation measures in medical imaging,
including accuracy, precision, recall, F1, and ROC-
AUC.

The proposed framework intends to create an
effective computer-aided diagnostic system that
helps radiologists examine CT scans to detect lung
diseases more accurately and reliably. The model
will also integrate the strengths of CNN and
Transformer models for enhancing automatic
detection of lung-related disecases and further
advance Al-based healthcare technology [23].

The rest of this paper is organized as follows.
Section 2 evaluates existing research on deep
learning methods for lung disease detection and on
CNN-Transformer hybrid architectures in medical
imaging. Section 3 presents the suggested
methodology, including descriptions of the data
used, the data preprocessing methods, the hybrid
CNN-Transformer model, the mathematical model,
and the proposed algorithm. The experimental
results and performance evaluation presented in
Section 4 are based on traditional assessment
measures and contrast them with the existing state-
of-the-art models. Lastly, Section 5 draws
conclusions from the paper, presenting the main
findings, the study's limitations, and proposals for
future research.

2. RELATED WORK

2.1 CNN-Based Approaches for Lung Disease

Detection

Convolutional Neural Networks (CNNs) based
on deep learning have been widely used for the
automatic analysis of medical images [24]. There is
also  significant success with CNN-based
architectures for detecting lung diseases in CT
scans [25]. This is because of their ability to
acquire hierarchical spatial properties from raw
images. The first research used deep CNN models
to identify pulmonary nodules and lung cancer in
the CTs [26]. These models showed their ability to
learn discriminative controls for lung abnormalities.
Consequently, they are more effective for
classification than conventional machine learning
methods [27].

Based on those advancements, other trending
CNNs, such as VGGNet, Inception, and ResNet,
have also been used to classify lung CT images
[28]. These networks can be used to describe spatial
features, such as edges, textures, and lesion
patterns, using lung images [29]. For example, lung
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nodules have been identified using a deep residual
learning model that leverages deep network
structures via shortcut connections to avoid the
vanishing gradient problem [30]. These research
studies reported higher detection performance and
sensitivity to lung abnormalities [31].

However, despite their success, CNN-based
models are likely to be unsuitable for retrieving
long-range contextual relations within an image
[32]. Since convolutional functions operate on local
receptive fields, the models might miss global
functions that could be significant for identifying
detailed patterns of disease across large regions of

the lung.
2.2 Multi-Scale CNN Architectures
Multiscale CNNs aim to address the

inefficiency of conventional CNNs in producing a
variety of features at different spatial scales. The
concept of multiscale learning enables the network
to acquire finer-scale localisation patterns and learn
coarse-scale background information from CT
scans [33]. Based on this Development, various
researchers have recommended multi-branch CNNs
for CT images at different scales. These buildings
integrate feature maps from two or more
convolutional layers, enabling the model to detect
both small nodules and larger lung defects. The
multiscale nature of these structures is more
sensitive for the early detection of lung diseases,
when malfunctions might be minor in lung tissues
[34]. In addition to multi-branch approaches,
pyramid-based CNN architectures have been
designed to better represent the features to combine
multi-level spatial information. This approach
improved the detection of small pulmonary nodules
and subtle disease patterns that are difficult to
detect with single-scale CNN models [35].
2.3 Attention-Based Deep Learning Models
Attention mechanisms have become an
effective technique for enhancing the performance
of deep learning models for medical imaging tasks
[36]. (Automated classification of chest X-rays: a
deep learning approach with attention mechanisms,
2025) Attention modules encourage networks to
focus on the most relevant regions of an image,
thereby enhancing feature representation and
making it more interpretable [37]. Spatial and
channel attention mechanisms have been
incorporated into CNN frameworks for detecting
lung diseases and highlighting disease areas in CT
scans [38]. These attention-based applications
indicate to the network the features pertinent to
lung disease and pathologies (such as nodules,
infiltrates, or ground-glass opacities) [39]. It has
been demonstrated that attention, combined with

CNN architectures, can enhance classification
accuracy while reducing the false-positive rate. An
attention-guided CNN model also makes deep
learning systems much easier to understand by
producing visual attention maps that show which
parts of the input influence the model's predictions

[40].

2.4 Transformer-Based Models in Medical
Imaging
Over the past few years, transformer

architectures have become widely popular in
computer vision hardware because they can capture
global contextual relationships via their self-
attention mechanisms [41]. The Vision Transformer
(ViT) model represents images as patches, and
multi-head self-attention is wused to model
relationships between different parts of the image.
The use of Transformer models in medical image
classification has been covered in several studies,
including those that consider lung CT images [42].
Architecture  based on  transformers  has
demonstrated strong performance in learning global
context, a challenging task for CNNs [43]. These
models may be useful for discovering correlations
between remote regions of CT scans, which is
significant for identifying distributed patterns of
disease throughout the lung. Transformer models,
however, require both large datasets and substantial
computing power to be trained successfully [44].
Challenges in obtaining medical imaging databases
are also a general issue, as annotating medical
images is expensive, and privacy concerns may
compromise the performance of Transformer
models in single-user settings on clinical datasets
[45].

2.5 Hybrid CNN-Transformer Architectures

To limit the wuse of both CNNs and
Transformers, researchers have, in recent years,
developed hybrid models that incorporate them.
Hybrid CNN-Transformer systems will also
leverage the local extraction features of CNNs, the
long-distance relationships of a transformer
network, and its global overview.

In this architecture, CNN modules are
commonly used as backbone networks to extract
hierarchical features from medical images.
Transformer layers are then applied to them,
effectively modeling interactions between various
regions of the image, yielding self-attention results.
It has been demonstrated that hybrid architectures

outperform single-CNN or single-Transformer
architectures across a variety of computer vision
tasks [46].

Medical Imaging: Hybrid CNNs and

Transformers have been used for tasks such as
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tumor detection, organ segmentation, and disease
classification. These models can synthesize spatial
and contextual representations and provide
enhanced diagnostics and greater robustness [47].
2.6 Multi-Scale Feature Fusion and 3D CT

Analysis

The other important trend in research is multi-
scale feature fusion in deep learning models. Multi-
scale fusion techniques leverage features from
multiple  network  depths and  integrate
complementary features at varying levels of
blurriness. Several studies have demonstrated that
multi-scale feature fusion incorporating low-level
texture and high-level semantic features improves
the detection of subtle lung abnormalities [48]. This
process is further improved by attention-based
fusion mechanisms that assign adaptive weights to
features at various scales [49]. Also, researchers
have developed 3D deep learning architectures that
not only analyze single slices but also volume CT
data. A 3D CNN model can leverage the spatial
relationships among cuts from multiple CTs,
thereby providing more contextual information
about lung diseases [50]. However, such models
need much more CPU time and memory, which is a
limitation for real-time clinical implementations
[51]. Consequently, hybrid architectures integrating
effective 2D CNN-based feature extractors with
Transformer-based contextual modelling have been
increasingly regarded as viable solutions for lung
disease detection [52].

3. METHODOLOGY

The proposed framework presents a Hybrid
CNN-Transformer architecture with Multi-Scale
Attention Fusion for automatically detecting lung
disease in CT scans. The model uses convolutional
feature extraction along with transformer-based
contextual learning to identify both local spatial
patterns and long-range relationships in lung CT
images.

3.1 Dataset Description

Publicly available lung CT data were utilized
to test the proposed framework. The datasets
consist of CT scans of various lung diseases,
including healthy lungs, pneumonia, lung cancer,
and COVID-19.

The search engines used were the
MosMedData, the COVID-CT Dataset, and the
Lung Image Database Consortium (LIDC-IDRI),
all of which offer free medical databases. High-
resolution CT scans from various hospitals and
imaging systems are collected in the datasets.

The data were collected from three widely
recognized  repositories: MosMedData  [53],

COVID-CT Dataset [54], and LIDC-IDRI [55].
These datasets contain high-resolution CT scans
from multiple hospitals and imaging systems. This
ensures variability and robustness for model
training and evaluation.

Table 1. Dataset Parameters

Parameter Value

Total CT Images 12,000

Image Modality Computed Tomography
Image Format PNG / DICOM

Image Resolution 512 x 512

Resized Input Size | 224 x 224

Number of Classes | 4

Training Samples 8,400
Validation Samples | 1,800
Testing Samples 1,800

According to Table 1, 12,000 Computed
Tomography (CT) images are included in the
dataset of this study, as they provide sufficient
variability and classification capabilities. The
images also come in PNG and DICOM formats,
making them easily preprocessed and conforming
to medical imaging standards. All images initially
have a pixel resolution of 512 x 512, which
maintains fine-grained anatomical details vital to
proper diagnosis. To ensure efficient computation
and meet the input requirements of deep learning
models, all images are resized to 224 x 224 before
training.

The dataset is divided into four -classes
representing various disease conditions, making it
suitable for multi-class classification. In order to
have an appropriate training and evaluation, the
dataset will be split into three subsets: 8,40In order
to have an appropriate training and evaluation, the
dataset will be split into three subsets: 8,400 images
will be used in the training, 1,800 images in the
validation, and the remaining 1,800 in the testing.
Evaluation of performance will be reliable. In
general, the dataset is well-organized and large
enough to design and test highly advanced deep
learning models in medical image analysis.

To evaluate the model's performance without
bias, the dataset was split into 70% for training,
15% for validation, and 15% for testing.

Table 2. Class Distribution

Class Number of Images
Normal 3,000
Lung Cancer | 3,000
Pneumonia 3,000
COVID-19 | 3,000

The dataset is evenly distributed across four
classes (Table 2), with 3000 images per class, to
ensure balanced representation for multi-class
classification. The normal class includes CTs with
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no pathological abnormalities and serves as a
control. The Lung Cancer class includes images of
malignant nodules or patterns of tumor growth,
which are useful for early cancer diagnosis. The
Pneumonia category includes images of lung
opacities and infection-related inflammation, as
well as ground-glass opacities and bilateral lung
involvement on CT images, which are covered by
the other class, which in turn is the class of patients
with coronavirus (Cov-19).

This method of 3,000 images per class could
prevent the model from training on the class
imbalance issue, which is significant because it
supports unbiased model training and fairness in
evaluating the emerging model's performance. It
also helps the model acquire unique features in
each condition, thereby improving classification
and generalization. All in all, the balanced dataset
structure makes the proposed deep learning model
reliable and robust.

3.2 Image Preprocessing

Medical CT images are often noisy, contain
inappropriate background structures and exhibit
intensity variations that can affect the model's
performance.  Thus, several  preprocessing
operations were used.

Preprocessing Steps

i. Intensity Normalization

Pixel intensities were normalized using min—-max
normalization:

(M
Where: Irepresents the original pixel intensity.
ii. Noise Reduction

A Gaussian filtering operation was applied to
remove high-frequency noise.

L
Glx.y ) Ima?

1 i
iii. Lung Region Segmentation

2

g Iaf

Threshold-based segmentation was used to isolate
lung regions from surrounding tissues.
iv. Image Resizing
All CT images were resized to:
234324 3)
to match the CNN input size.
v. Data Augmentation
To increase dataset diversity and prevent
overfitting, augmentation techniques were applied.
Table 3. Image Data Augmentation Techniques and
Parameter Settings

Augmentation Technique | Parameter
Rotation +20°
Horizontal Flip Enabled
Zoom 0.2
Translation 10%

The data augmentation techniques were tested
in Table 3 to ensure the training data set is diverse
and robust. The level of rotation is varied in the
range of +20 to -20; after which the model becomes
orientation invariant. Horizontal 16x flipping has
been activated to simulate anatomical variability
and diversify the mirror and sample sets. Zoom:
This variable affects learning; therefore, you can
adjust your model to be sensitive to scale changes
by setting the zoom factor to 0.2. Moreover, a
maximum of 10 per cent translation is done to
create horizontal and wvertical lines to fit the
location differences of key parts. These data
augmentation  techniques reduce overfitting,
improve overall generalization, and sequentially
enhance the performance of deep learning models.
3.3 Proposed Hybrid CNN-Transformer
Architecture

The architecture proposed in the study
integrates CNN layers and Transformer encoders to
capture both local and global spatial and contextual
associations.
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Figure 2. Proposed System Workflow for Disease Prediction

The proposed system is designed with a clear
chain of actions that constitute the workflow,
enabling reproducibility. Figure 2 shows that the
first phase is the preparation and acquisition of the
dataset, including obtaining appropriate medical
images from reliable sources, annotating them,
normalizing them, and splitting them into training,
validation, and test sets. Image preprocessing and
enhancement mechanisms such as resizing, noise
removal, contrast enhancement, rotation, flipping,
and scaling are then used to improve data quality
and increase data diversity. The second step
involves a  hierarchical feature extraction
mechanism that uses a Convolutional Neural
Network (CNN) to encode low-level to high-level
spatial features of the input images. These features
are later sent to a Transformer encoder, which
captures long-range dependencies and contextual
relationships among the feature maps. In a further
move to improve representation, it is proposed that
a multi-scale attention fusion module, which
integrates features across scales, be used to enable
the model to attend to the most informative areas.
Lastly, the processed feature image is fed into a
fully connected classification layer, which produces
the final disease prediction. All these stages are
well-defined and detailed to ensure the proposed
system is reproducible and performs well.

The proposed architecture comprises five
major modules that perform specific tasks
throughout the learning process. At first, the CNN
feature extraction module can capture hierarchical
spatial features from the input images, namely,
identifying low-level features, such as edges and
textures, and high-level semantic features. These
extracted features are then passed to the patch

embedding module, where the feature map is split
into smaller patches and converted into a series of
feature mappings, ready to be fed into a
transformer. The transformer encoder models long-
range dependencies and contextual relationships
among patches, enabling a better understanding of
the image's global features. To further enrich
feature representation, a multi-scale attention fusion
module is employed to combine information across
multiple scales, enabling the model to attend to the
most relevant regions at different resolutions.
Finally, the classification layer uses the fused
features and outputs the predicted class label,
completing the disease classification task.
3.3.1 CNN Feature Extraction

A deep CNN backbone is used to extract
hierarchical spatial features.
The convolution operation is defined as:

Fij K )= T Ty Xa-mjn)Kmn) (4)
where:

e X=input image

e K= convolution kernel

e F(i f)= feature map

The CNN also includes a series of
convolutional and pooling layers that can extract
meaningful spatial features from medical images.
The layers can identify meaningful features of
images, e.g., lung nodules, variations in tissue
texture and correct lesion boundaries, all of which
are essential to successful disease detection and
classification.
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Table 4. CNN Layer Configuration

Layer Filters | Kernel Size
Convl 32 3x3

Conv2 64 3x3

Conv3 128 3x3
MaxPooling | 2x2 —

The CNN layers in Table 4 are used for feature
extraction. It uses three convolutional layers with
filters of increasing sizes (32, 64, 128) and a 3x3
kernel to extract spatial characteristics, followed by
a 2x2 max-pooling layer to reduce dimensions and
select essential features.

3.3.2 Patch Embedding
CNN feature maps are split into patches or

patch tokens, which are then fed into the
Transformer. The patches are flattened and
represented as vectors.

zy=[%; E:xxE:. nnE] (5)
where:

e x;=image patch

e E=embedding matrix

e =,= patch embedding sequence
3.3.3 Transformer Encoder

Transformer encoders learn  long-range
interaction through multi-head self-attention.
Self-Attention Mechanism

I
Attention(QK.V)=SofMax (Qij_ Jv ®

il

where

e  {= Query matrix

e [K=Key matrix

e V= Value matrix

e ;= scaling factor
Multi-Head Attention

MHA({Q, K V)=Concat(head, ...head, YW’ (7)
Through this mechanism, the network can acquire
global contextual information about CT images.

3.4 Multi-Scale Attention Fusion Module (Novel

Contribution)

A Multi-Scale Attention Fusion (MSAF)
module is added to enhance feature representation.
The fusion process incorporates the features that
have been extracted from:

e CNN layers (local features)

e Transformer layers (global context)
Feature fusion is defined as:

Ffuiiun='1F-:n.11_EFn=_nifum—3 3
where:

o F_,= spatial feature map

Firan: fnemes— contextual feature map

e m fi=adaptive attention weights
The weights are dynamically updated during
training. This module enhances the detection of
subtle lung anomalies.

3.5 Classification Layer
The resulting fused feature vector is sent to
fully connected layers for classification.

v=zofirman(Wi+h) ©)
where:
e W= weight matrix
e b= bias

o w=predicted probability
The output corresponds to one of the four classes:
e Normal
e Lung Cancer
e Pneumonia
e COVID-19
3.6 Proposed Algorithm

Algorithm: Hybrid CNN-Transformer Lung
Disease Detection

Input: CT scan image dataset

Output: Predicted lung disease class

a) Load lung CT dataset
b) Apply preprocessing
filtering, segmentation)
c) Resize images to 224 x 224
d) Apply data augmentation techniques
e) Feed images into CNN feature extractor
f)  Generate hierarchical feature maps
g) Convert feature maps into
embeddings
h) Pass embeddings to Transformer encoder
i)  Compute multi-head self-attention
j)  Extract contextual features
k) Apply Multi-Scale Attention
module
1) Flatten fused feature representation
m) Pass features to fully connected classifier
n) Apply softmax activation to obtain class
probabilities
0) Output predicted lung disease class
3.7 Novel Contributions of the Proposed Method
The proposed research approach will include
the inclusion of CT image analysis to boost the
efficiency of lung CT image analysis. It is trained
on a hybrid CNN-Transformer architecture that
excels at integrating spatial features and context to
improve diagnosis. It also contains a multi-scale
attention fusion module that consolidates features
across different resolutions, helping the model
refine not only fine-grained but also global
information. Moreover, an adaptive attention-
weighting framework is introduced that targets
disease features to enhance classification across
classes. In addition, the feature-embedding tactic is
well utilised to advance contextual modelling and
augment the depiction of intricate trends in the data.

(normalization,

patch

Fusion
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These innovations are combined to form a superior
rubric for classifying diseases.

4. RESULTS AND DISCUSSION

This paragraph presents the experimental
analysis of the proposed Hybrid CNN-TS
Transformer with Multi-Scale Attention Fusion
(HCT-MSAF) model for detecting lung diseases
using CT images. The model's performance is
evaluated using a variety of metrics and compared
with state-of-the-art deep learning methods.
Experiments were conducted using the dataset
described in the methodology section. All
experiments were split into 70, 15 and 15 percent
for training, validation and testing, respectively.

4.1 Experimental Setup

The PyTorch deep learning manual was used to
implement the proposed model, which was trained
on a workstation with a provided GPU. Training
was done by using mini-batch stochastic gradient
descent with adaptive optimization.

Table 5. Training Parameters

Parameter Value
Framework PyTorch
Batch Size 32
Optimizer Adam
Learning Rate 0.0001

Number of Epochs | 50
Loss Function Cross-Entropy Loss
Input Image Size | 224 x 224
Table 5 gives the training setup of the proposed
model. It is trained with PyTorch, a batch size of
32, and the Adam optimizer with a learning rate of
0.0001. Cross-Entropy Loss is used to train the
model using 50 epochs, and the input images are
resized to 224 (square) to maintain consistency.
Early stopping and dropout regularization were also
used to prevent overfitting.
4.2 Evaluation Metrics

A complete performance evaluation was
required, so the proposed model was assessed using
the standard classification metrics commonly used
in medical imaging research.
Accuracy
Accuracy measures the overall classification
performance:

TPHTH
TP+THH+FR+FH

(10)

Accuracy=
Precision
Precision indicates the proportion of correctly
predicted positive cases.

(11

.. hn]
Precision=——
TI+FP

Recall (Sensitivity)
Recall measures the ability of the model to
correctly detect disease cases.

™
Fecall= P

(12)
F1-Score
The F1-score represents the harmonic mean of

precision and recall.
Fl=1x BrecizionxFecll
Bracision+Reczl]
Specificity
Specificity measures the ability to correctly identify
normal cases.

(13)

Specificity= (14)
ROC-AUC
The Receiver Operating Characteristic (ROC) curve
measures the model's classification performance at
varying decision thresholds.
4.3 Training Performance Analysis

During training, the model experienced
consistent convergence, with the loss decreasing
and classification accuracy increasing.

Table 6. Training and Validation Accuracy

TH+FP

Epoch | Training | Validation
Accuracy | Accuracy
10 89.2% 88.4%
20 92.6% 91.9%
30 94.5% 93.8%
40 95.8% 95.2%
50 96.9% 96.3%

Table 6 shows that the training and validation
accuracies improve progressively with increasing
epochs, reaching 96.9% and 96.3% after 50 epochs.
The small separation between them implies it is
possible to generalize well and minimize

overfitting.
Training vs Validation Accuracy

—8— Training Accuracy
Validation Accuracy

96

92 4

Accuracy (%)

90 +

88

1b £5 2‘0 2‘5 3‘0 3‘5 4‘0 4‘5 5‘0
Epochs

Figure 3. Training and Validation Accuracy Curves
Demonstrating Model Convergence and Minimal
Overfitting

Training and validation accuracies are
compared at various epochs (10-50), as shown in
Figure 3. The training and validation accuracies
have continued to increase with each epoch,
indicating the model is learning. The training
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accuracy is 89.2 per cent, increasing to
approximately 96.9 per cent, and the validation
accuracy is 88.4 per cent, increasing to 96.3 per
cent. The difference between the training and
validation accuracies is small during training,
indicating that the model is generalizable and not
overfitting. Stability in learning and high model
performance indicate steady, parallel improvement
in the two curves. Overall, the more epochs, the
higher the accuracy, and the model performs quite
well, demonstrating a high degree of generalization.
Training and validation curves indicate that the
proposed architecture can significantly reduce
overfitting.
4.4 Classification Results

The ultimate analysis of the test data showed a
high classification rate across all categories of lung
diseases.

Table 7. Overall Performance Metrics

Metric Proposed Model
Accuracy 96.3%
Precision 95.9%

Recall (Sensitivity) 95.8%

F1-Score 95.8%

Specificity 96.9%
ROC-AUC 0.97

Table 7 indicates that the proposed model
performs well, achieving high accuracy, precision,
recall, and Fl-score (96.3% and 95.8%,
respectively). Specificity (96.9%) and ROC-AUC
(0.97) are good and indicate very reliable and
discriminating performance. The high ROC-AUC
value indicates strong discrimination by the model.

Performance Metrics of Proposed Model

100

80 1

60 4

Value (%)

40 4

20
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L
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o (3% «° 0

Metrics

Figure 4. Performance Evaluation Metrics of the
Proposed Model
As Figure 4 indicates, the proposed model has high
performance across all measures, with an accuracy
of 96.3 percent and strong precision, recall, and F1-
score (approximately 95.8 percent). The specificity

(96.9%) and ROC AUC (0.97) are high, indicating
high reliability and classification performance.
4.5 Confusion Matrix Analysis
The confusion matrix illustrates the classification
results for each disease category.
Table 8. Confusion Matrix of the Proposed Model
for Multi-Class Lung Disease Classification

Actual/ | Norm | Cance | Pneumon | COVI
Predicted al r ia D
Normal 435 6 4 5
Cancer 8 430 7 5
Pneumon 5 9 428 8

ia

COVID 4 6 10 430

The confusion matrix (Table 8) shows that the
proposed model accurately distinguishes between

different lung diseases. The majority of
classification errors were between pneumonia and
COVID-19, which have similar radiological
appearances.

4.6 ROC Curve Analysis
The classification performance of each class is
good, as shown by the ROC curves. The total
across all classes was over 0.95, a strength of the
proposed model.
Table 9. Class-wise AUC Scores

Disease Class | AUC
Normal 0.98
Lung Cancer | 0.97
Pneumonia 0.96
COVID-19 0.97

Table 9 shows a high AUC across all disease
classes, indicating high classification performance.
The model has the highest AUC for Normal (0.98),
then Lung Cancer and COVID-19 (0.97), and
Pneumonia (0.96), indicating strong discriminative
ability across all categories.

4.7 Comparison with Existing Models

To demonstrate the usefulness of the suggested

method, it was compared with several popular deep

learning models used in medical image
classification.
Table 10. Model Performance Comparison
Model Accura | Precisio | Recal | F1
cy n 1 Score
VGGl16 90.8% 90.2% 89.7 | 89.9
% %
ResNet50 91.4% 91.0% 90.6 | 90.8
% %
DenseNetl | 92.6% 92.1% 91.8 | 919
21 % %
Vision 93.1% 92.8% 92.5 |92.6
Transforme % %
r
Attention 94.2% 93.7% 934 935
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CNN % %
Proposed 96.3% 95.9% 95.8 | 95.8
Hybrid % %
CNN-

Transform

er

The results of various deep learning models in
classification are compared in Table 10. The more
advanced models, such as DenseNet121 and Vision
Transformer, build on classic models, including
VGG16 and ResNet50, and achieve 90-91%
accuracy. Attention CNN also increases to 94.2%.
The Hybrid CNN-Transformer model offers the
best results, with 96.3% accuracy and higher
precision, recall, and F1-score, indicating that it is
more effective than other methods. The suggested
hybrid architecture was much more efficient than
traditional CNN models and single Transformer

architectures.
Model Comparison Based on Accuracy

96 1

£

@
v}
s

Accuracy (%)

92 4

o1 4

. :
o Q A
N o o ‘\e‘@

Models
Figure 5. Comparative Analysis of Deep Learning
Models Based on Classification Accuracy

Figure 5 presents the comparison of classification
efficacies of different deep learning models.
Classical designs like VGG16 and ResNet50
achieve 90% and 91% accuracy, respectively, and
the most modern designs like DenseNet 121 and
Vision Transformer achieve even higher levels of
accuracy. Accuracy improves further to 94.2 with
the Attention CNN. It is important to note that the
proposed Hybrid CNNTransformer model achieves
the highest accuracy of 96.3, surpassing that of the
other models. It indicates that CNN-based feature
extraction is effective when used with transformer-
based contextual learning to enhance classification.
Comparison of various deep learning models in
terms of correctness in the classification.
Conventional architectures like VGG16 and
ResNet50 achieve accuracies of 90-91, while other
models like DenseNet121 and Vision Transformer
achieve higher accuracies. The CNN-Attention
further improves the accuracy to 94.2. It is worth

noting that the proposed Hybrid CNN-Transformer

model achieves the highest accuracy of 96.3

percent, surpassing all other models. It shows that

CNN-based feature extraction combined with

transformer-based contextual learning has a better

chance of improving classification performance.

4.8 Ablation Study

An ablation study was conducted to assess the

value of each element of the presented framework.
Table 11. Performance Comparison of Model

Variants Based on Classification Accuracy

Model Variant Accuracy
CNN Only 91.7%
Transformer Only 92.8%
CNN + Transformer 94.5%
CNN + Transformer + Attention 96.3%
Fusion

Table 11 shows a clear gain in accuracy as the
model design becomes more advanced. Although
CNN-only and Transformer-only models achieve
moderate results, their combination achieves 94.5%
accuracy. The maximum accuracy of 96.3 percent
is achieved when the attention integration module is
added, demonstrating the efficiency of the feature
representation. The findings affirm that the Multi-
Scale Attention Fusion component significantly
enhances the hybrid model.
Accuracy Comparison of Model Variants

100 A

80 4

60 4

Accuracy (%)

40 4

204

Model Variants

Figure 6. Accuracy Comparison of Different Model
Variants

The performance of different model settings in
terms of classification effectiveness is shown in
Figure 6. The CNN-only and Transformer-only
models achieve 91.7% and 92.8% accuracy,
respectively. The combination of the two methods
increases precision to 94.5, demonstrating the
advantage of integrating spatial and contextual
features. The complete model, including the
attention fusion component, achieves 96.3 percent
accuracy, indicating the effectiveness of multi-scale
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attention in enhancing feature representation and
overall performance.
4.9 Discussion

The experimental findings show that an
effective combination of CNN and Transformer
architectures has a strong positive influence on lung
disease detection. The CNN component, which is
good at identifying spatial features (nodules,
lesions, and lung structure changes), and the
Transformer component, which is good at
identifying overall contextual relationships in CT
images, complement each other. We have also
added a Multi-Scale Attention Fusion module to
combine features across multiple spatial
resolutions, further enhancing results. The upgrade
allows the model to recognize even the slightest
localized abnormalities, not to mention the more
serious pathology patterns in lung tissues.
Compared with traditional CNN models such as
VGG and ResNet, our model achieves an
impressive 4-5% improvement in classification
accuracy. Additionally, this hybrid design is
significantly superior to unified designs based on
Vision Transformer frameworks and demonstrates
the advantage of combining the ability to extract
spatial features with that to model contextual
factors simultaneously. To conclude, our proposed
framework for automated detection of lung diseases
is a strong and effective decision-support tool for
clinical diagnosis.

The study provides insights into the design of
Al-powered medical imaging systems. Results
indicate both local spatial characteristics and global
context are vital for accurate lung disease
classification. The CNN learns fine-grained
information, such as nodules and texture, while the
Transformer models distant relationships within the
lung. The hybrid architecture shows that combining
both perspectives yields a more complete feature
representation.

The Multi-Scale Attention Fusion module is
crucial for achieving these outcomes. Ablation
study results show the attention mechanism extracts
subtle disease features that traditional architectures
often miss. This boosts model performance. This
finding is especially important in medical image
analysis, where fusing multiscale information helps

distinguish diseases with similar radiological
appearances.
The proposed model delivers performance

improvements over state-of-the-art solutions. While
the numerical improvement may appear small, it
can be clinically significant. The system achieves
96.3% accuracy, surpassing DenseNetl21, Vision

Transformer, and Attention-CNN. Even a 2-5%
increase in diagnostic screening accuracy could
reduce missed cases and misdiagnoses, improving
health outcomes and enabling earlier treatment. The
results affirm complementary benefits from local
feature extraction, contextual learning, and multi-
scale attention fusion, which existing architectures
lack. This demonstrates the potential of the
proposed model to advance Al-based lung disease
diagnosis.

The suggested system may help radiologists
analyze CT images quickly and accurately. It is not
intended to replace clinical experts. Instead, it
serves as a decision-support tool to reduce
diagnostic burden, improve consistency, and enable
earlier diagnosis of lung diseases. The results show
that hybrid deep learning systems will become
increasingly important in future Al-based health
care systems.

Despite these limitations, the proposed
framework represents a significant step forward in
applying advanced Al to lung disease diagnosis.
Addressing the outlined challenges will be crucial
for broader clinical adoption, but the model's
strengths and substantial improvements over
existing systems demonstrate its great potential to
transform medical imaging and patient care.
Continued refinements and future integrations of
additional data sources and real-world scenarios
will further strengthen the impact and reliability of
such Al-powered systems.

4.10 Real-Life Implementation and Practical

Applications

The proposed Hybrid CNN-Transformer
approach can be applied to create computer-aided
diagnostic (CAD) systems for lung disease
screening and diagnosis in a healthcare radiology
workflow. It automatically resolves the problems of
lung disease diagnosis from a computed
tomography (CT) scan image of a patient in a real-
life application into possible classes, including lung
cancer, pneumonia, COVID-19, or a normal lung
condition. This could benefit radiologists by
highlighting potentially suspicious cases, reducing
the time doctors spend reviewing X-rays, and
focusing their review of films on more difficult
cases. This can be especially beneficial in high-
volume healthcare settings where numerous CT
scans need to be reviewed daily.

Moreover, the proposed framework can
provide telemedicine or other telehealthcare
services, with the initial diagnosis conducted in
areas where radiology services are insufficient. The
model could also be incorporated into clinical
decision-making support systems, improving the
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consistency of clinical decisions, enabling early
disease detection, and, consequently, improving
patient outcomes. If validated and approved for
clinical use, the suggested approach could also be
effective for diagnosing pulmonary diseases using
artificial intelligence (Al) in clinical practice.

5. CONCLUSION

This study proposed a Hybrid CNN-
Transformer model with Multi-Scale Attention
Fusion to detect lung disease from CT scans
automatically. The primary aim of the paper was to
improve the diagnostic quality of automated
methods by leveraging the most powerful local
spatial feature detector in Convolutional Neural
Networks and the general contextual learning of
Transformer designs. The proposed methodology
consisted of CNN-based layered feature extraction,
transformer-based contextual modelling and a new
multi-scale attention fusion technique to enhance
the feature representation and classification
accuracy.

The experimental findings demonstrated that
the proposed model achieved a classification
accuracy of 96.3%, precision of 95.9%, sensitivity
(recall) of 95.8%, F1-score of 95.8%, specificity of
96.9%, and ROC-AUC of 0.97. Compared to
typical deep learning models, such as VGGI16
(90.8%), ResNet50 (91.4%), DenseNetl21
(92.6%), and Vision Transformer (93.1%), the
proposed hybrid model was found to be better
(91.37% overall classification error was improved
by between 3 and 5). These findings confirmed that
CNN-based spatial feature extraction, combined
with Transformer-based contextual representation,
improved lung disease detection on CT images.
Although this study yielded positive results, several
limitations were identified. The model has been
trained and tested on publicly available datasets,
though these may not capture the diversity and
variability of clinical settings. In addition, the
architectures proposed in most of the research were
2D CT slice-based rather than full 3D volumetric
CT, which could have impaired the stability of the

architectures during spatial relationship
measurements across slices. Furthermore, the
computational complexity of hybrid CNN-

Transformer architectures may pose challenges for
deployment in resource-constrained environments.
The directions for future research are to implement
the proposed structure in 3D volumetric CT
analysis, to apply explainable AI methods to
improve the model's explainability, and to create
lightweight models for clinical use within the near
future. In addition, the proposed system will be

validated in future research using large-scale, multi-
institutional datasets to improve the model's
stability and generalization.

A few limitations of the previous literature and
the present study will be addressed in future
research. Currently, the methods commonly used to
detect lung disease, such as the proposed
framework, rely solely on 2D CT slices rather than
on the spatial relationships within 3D volumetric
CT data. Hence, hybrid CNN-Transformer models
could be used in the future for 3D volumetric
analysis of CT scans for providing better context
and diagnosis. Moreover, little effort has been
devoted to making the model interpretable, which is
crucial for clinical applications. Future studies on
automated diagnostic systems should focus on
implementing Explainable Artificial Intelligence
(XAI) methods, such as attention visualization and
saliency maps, to increase transparency and trust in
the system. One of the follow-up research lines is to
corroborate the proposed framework using larger,
multi-institutional datasets collected from different
patient groups and imaging devices, thereby
making it more robust and generalizable.

In the future, a lightweight, economical hybrid
architecture suitable for resource-limited healthcare
environments and edge-based medical systems can
be explored. Moreover, multimodal clinical data,
such as patient history, laboratory results, and
radiology reports, can be combined with CT image
analysis to enhance diagnostic accuracy and
facilitate more comprehensive clinical decision-
making. The guidelines can complement previous
research publications in the field and accelerate the
advancement of Al-powered medical diagnosis of
lung diseases.

The key novel aspects of this research are the
integration of the proposed Multi-Scale Attention
Fusion mechanism into CNN-based spatial feature
extraction, Transformer-based contextual learning,
and the training of the entire system within a single
framework  for  multi-class lung  disease
classification from CT images. The proposed model
architecture naturally combines local and global
features and enhances feature representation
through adaptive multi-scale fusion, in contrast
with traditional CNN models, which typically use
only local features, and standalone Transformer
models, which mainly rely on global context. The
performance of this design is compared with that of
some well-known designs, and the experimental
results are presented. The latter offers all the
performance improvements and is a very powerful,
scalable solution for diagnosing lung diseases,
thereby advancing the evolution of Al-driven
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medical imaging. The findings highlight the
potential of a hybrid deep-learning platform for
clinical decision support, diagnostic accuracy, and
the construction of future next-generation
computer-aided diagnostic systems.

Overall, the presented CNN-Transformer
hybrid algorithm showed promise as a potential tool
for early lung disease detection via Al, applicable to
more effective medical imaging processing and
helping radiologists in diagnostic efforts.

Also, the research reveals that adopting local
feature learning, global contextual modeling, and
multi-scale attention mechanisms is a promising
strategy for medical image classification compared
to a single deep learning paradigm. The techniques
developed in this study can be applied to the design
of future computer-aided diagnostic (CAD) systems
for other medical imaging applications in which
both spatial detail and contextual knowledge are
significant.
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