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Abstract Currently, lung diseases are increasing, causing millions of infections and
deaths annually. Early detection is critical, but misdiagnosis can occur due to factors
like physician fatigue. Thus, machine learning techniques have gained prominence in
healthcare as alternative or complementary tools for analyzing medical data because of
their ability to assist in accurate and efficient diagnosis. Although many studies focus on
X-ray-based lung disease models, most methods are binary classification methods (for ex-
ample, COVID-19 vs. normal). Therefore, in this paper, we apply a multi-classification
approach based on a convolutional neural network (CNN) model with a self-attention
mechanism. This model can classify six classes: tuberculosis, pneumonia, COVID-19,
opacity, pneumothorax, and normal X-ray images. A total of 45,241 lung X-ray images
from multiple databases were collected to evaluate the model. The proposed model is
compared with several deep learning models to verify its performance. The CNN model
with a self-attention mechanism can classify the six types of lung X-ray images with a
high detection accuracy.

Keywords: Lung disease, Machine learning, X-ray image, Deep learning, Self-Attention,
CNN

1 Introduction

Lung diseases have always affected our human health in a variety of ways and are one of
the leading causes of death around the world. Moreover, it has been proven that these
diseases (lung nodules, pneumonia, chronic bronchitis, etc.) are consistently associated
with an increased risk of cancer, even among smokers [1]. At the end of 2019, COVID-19
broke out, resulting in significant global mortality. Even if COVID-19 is no longer en-
demic, more severe respiratory diseases remain a critical concern. So urgent and accurate
methods are needed to detect lung diseases promptly. Early diagnosis and detection can
greatly reduce the risk of life-threatening lung diseases so that they can be prevented
before they happen. According to the World Health Organization (WHO), an estimated
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3.2 million people die each year from diseases linked to domestic air pollution, such as
asthma and pneumonia. Therefore, it is crucial to adopt efficient diagnostic methods to
assist in the early detection of lung lesions [2]. In today’s medical diagnosis, many rea-
sons can lead to a doctor’s misdiagnosis (such as the doctor’s inexperience, the doctor’s
fatigue level, subtle or minor changes in some diseases, and other reasons) [3,4]. Before
there was an automated diagnostic model, the Centers for Disease Control reported that a
single pneumonia alone was responsible for more than 50,000 deaths in the United States
alone. Pneumonia is also one of the leading causes of death in children, and according to
a 2019 report by the WHO, pneumonia is the cause of more than 800,000 child deaths
worldwide. Thus, pneumonia kills more children than any other infection. According to
UNICEF, about 2,200 children died in just one day [5]. A projection X-ray is used to
capture subtle lesions, soft tissues, and varying densities within the human body. Gener-
ally, X-rays are used to observe lung tissue diseases, the chest cavity, and the outline of
the lungs and heart. X-ray scans can not only diagnose common chest diseases but also
determine cardiac hypertrophy, spinal lesions, lung abnormalities, etc. It is a medical
method to detect the diseased part in time and participate in the treatment as early as
possible [6]. In recent years, with the rise of machine learning, including deep learning,
lung disease detection has significantly benefited from these advances [7,8]. However,
X-ray images are completely different from natural images. Medical images are not easy
to obtain because of privacy and other reasons. Moreover, the high similarity in the X-ray
images poses significant challenges for training neural networks.

Numerous studies have incorporated traditional machine learning (ML) techniques
within their classification models to tackle various challenges [9]. Among these methods,
the support vector machine (SVM) has been notably employed within the layers of neural
networks to detect lung cancer and reduce processing complexity |10]. This detection was
enhanced in the second stage, which used the SURF technique with a genetic algorithm
to extract the features. In [11], the VGG16 network was combined with SVM to enhance
the classification results. To solve the low-resolution problem extracted by the neural
network layers, the CNN and KNN were combined to detect COVID-19 in the CT scan
images in [12]. In the field of deep learning (DL), many studies used VGG16 [13-15],
VGG19 [16-18], ResNet [16}/19-21] to extract the features from X-ray images.

Inspired by the successful applications of conventional neural networks (CNNs) in
medical image processing, we apply a light model to classify lung disease from X-ray
images. Many of the previous studies were proposed for binary classification. Thus,
unlike many existing models, we apply a light CNN model for multiple classifications
with comparative classification performance. The advantages of the proposed model are
that it only has a 30-layer network structure and uses separable convolution to reduce the
computation complexity significantly. The proposed model is examined with many X-ray
images, and it achieves excellent results based on several indicators, such as accuracy,
recall, and Fl-score values. In addition to the advantages of the proposed model, we
collect many X-ray images from many existing resources to create a large X-ray image
database with about 45,241 images.

The main contributions of this paper can be described as follows:

e Apply a lightweight network for lung disease multi-classification process, which
includes six lung X-ray images (five different disease and normal images), which
may be used to facilitate the accurate diagnosis of lung diseases in some countries
and regions with medical shortages.
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e Employ an attention mechanism integrated with CNN to mitigate the model’s over-
fitting, enhancing its ability to classify lung diseases from X-ray images accurately.
This attention mechanism focuses on the most relevant features in the medical im-
ages, ensuring the model generalizes unseen data better and enhances its diagnostic
accuracy.

e Implement extensive experiments based on different evaluation indicators using
public datasets collected from Kaggle and GitHub to verify the performance of the
presented model, which outperformed several existing models.

The structure of this paper is organized as follows: Section [2|reviews the contributions
of several previous works. In Section |3] we provide an overview of general CNNs. Sec-
tion [] presents the proposed model and discusses the parameter tuning for the network
architecture. Section [5| describes the evaluation experiments, including comparison ex-
periments to assess the effectiveness of the proposed model architecture. Finally, Section
[6] presents the conclusion.

2 Literature review

In [22], a CNN model employing hybrid deep learning that combines heading and base
models was developed to improve feature extraction. VGG16 and VGG19, two pre-
trained deep learning structures, were incorporated into the base model. The heading
section comprised a dropout layer and dense layers of size three with distinct activa-
tion functions. To help doctors make better decisions, the authors in [23] suggested a
hybrid bidirectional LSTM (BiDLSTM)-Mask Region-Based CNN (Mask-RCNN) lung
disease prediction system. Crystal improves Mask-RCNN model scalability and conver-
gence by fine-tuning hyperparameters. The BiDLSTM architecture linked to the Mask
RCNN model’s fully connected layer predicted long-range lung disease relationships for
diverse datasets. Additionally, a framework suggested in [24] used three chicken swarm
optimization (CSO)-built DL multiple neural networks (DLMNNs). Farhan et al. [25]
introduced a hybrid deep learning algorithm (HDLA) architecture that utilizes X-ray
images for automatic feature extraction, detection, and preprocessing. BioBert semantic
vectors were coupled with visual vectors obtained from convNeXt network fine-tuning
to transfer the two categories of features into a unified metric space in [26]. A proto-
type of semantic vectors was developed for every metric space class. Following this, the
image-label metric relationship is investigated at the X-ray image and illness category
levels, and an innovative dual-weighted metric loss function is constructed. A Multi-task
Supervised Contrastive Learning (MTSCL) framework was presented in [27] to learn ro-
bust features from the target dataset. It used two hierarchical categorization steps. The
MTSCL model detected lung anomalies in the first stage, and in the second stage, tree-
based algorithms identified these as pneumonia or COVID-19. The second stage took
advantage of image preprocessing with lung masks and MTSCL model-generated lesion
masks, which improved framework results. Moreover, in [28], Bayesian counterparts of
two distinct off-the-shelf CNNs (DenseNet-121 and EfficientNet-B6) were utilized to pro-
vide new methodological indications that can strengthen the classification extraction.
Ong and Cheng [29] proposed a network integrating the DenseNet network and VGG16
network for X-ray image classification. They added an attention mechanism to the model
to extract depth features. The dataset was derived from chest X-rays taken from pediatric
patients aged 1 to 5 years at Guangzhou Women and Children’s Medical Center [30]. In
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the pre-processing of the dataset, the ResNet network was used for semantic segmenta-
tion first, and all images were uniformly adjusted to 512x512 in the second step. The
third step is to transform the image data into a 255-level gray value image by enhancing
the lung’s shadow area. The last step is to remove the redundant part. Then, they fed
it into the network they had developed. The experimental results showed that binary
and triple classification accuracy has achieved good accuracy rates. Noasir et al. [31] pre-
sented a multimodal image classification of COVID-19 forces in X-ray using computed
tomography. Fang and wang [32] analyzed COVID-19 with mixed CT and X-ray data,
enhanced feature extraction with adaptive algorithms, and improved the accuracy of the
model with residual blocks and dense blocks, which could also effectively improve the
robustness of the proposed model. The results of the experiment were good and achieved
high detection rates.Hassantabar et al. [33] used CNNs to detect and diagnose COVID-19
disease in X-rays. The author proposed two methods: the DNN model based on data
fractal features and the CNN model based on lung images. The results show that the
accuracy of the CNN architecture was 93.2%, which was much higher than that of DNN
technology, which was 83.4%.

3 Preliminaries

3.1 CNN Neural Network

With the rapid advancement of deep learning, neural networks, particularly CNNs, have
demonstrated significant success across various domains. Neural networks are designed to
simulate the function of the human brain by simulating interconnected neurons, forming
a computational model inspired by the biological nervous system. In this model, input
data is transformed into a feature matrix, which is then processed by the network. The
network learns to identify patterns and make decisions based on these features through an
adaptive process that optimizes its parameters during training. Ultimately, the trained
model is capable of performing complex tasks by simulating the behavior of biological
neurons in processing and interpreting the input data.

When a value is transmitted via a link, it is scaled by the link’s associated weight.
For a given input X, the value arriving at the neuron is computed as W x X, where
W is the weight matrix. The neural network adapts by adjusting these weights during
training. The termb represents a special parameter known as the bias, which is added
to the neuron’s input. The bias can be considered as the weight of a constant input of
1, allowing the neuron to shift its activation independently of its input. This makes the
total input to the neuron W x X 4 b, where the bias ensures that the neuron can produce
a non-zero output even when the input is zero.

As illustrated in Figure [1 y represents the final output value of the neuron. The
operation sums the weighted inputs received by the neuron, and the result is passed
through an activation function. The neuron’s activation depends on whether the weighted
sum exceeds a certain threshold 6. The neuron will produce an output if the input exceeds
this threshold. The relationship is mathematically defined in Eq. :

y=WxX+5b (1)

In deep learning, convolutional neural networks (CNNs) play a central role that is
distinct from traditional fully connected neural networks. A CNN typically comprises
several key layers, including the input, convolutional, pooling, and output layers. The



J. Zhu and X. Ma Artificial Intelligence Topics and Applications 2(1), 2026, 1 5 of

Figure 1: Neuron activation formula.

convolutional and pooling layers serve as the feature extractor, which is critical for iden-
tifying patterns in the data. The convolutional layer consists of neurons that are locally
connected to their neighboring neurons, forming multiple feature maps. Each feature
map is shared by neurons arranged in a grid-like structure. This weight-sharing mech-
anism significantly reduces the number of parameters, thereby minimizing the risk of
overfitting and improving the network’s generalization ability. Additionally, pooling lay-
ers further reduce the spatial dimensions of the data, aiding in computational efficiency
and preventing overfitting.

3.1.1 Convolutional Layer

The convolutional layer is a fundamental component of CNNs and is responsible for fea-
ture extraction from input images or data. This layer consists of multiple convolutional
kernels (also referred to as filters), each designed to extract specific features. Each con-
volutional kernel has its own set of parameters, including weights and biases, which are
adjusted during the learning process. The parameters of the convolutional layer include
the kernel size, stride, and padding, which collectively determine the size of the output
feature map. The primary function of the convolutional layer is to perform localized
operations on the input data by moving the filter across the image with a specified stride.
As the filter moves horizontally and vertically across the image, it detects various features
such as edges, textures, and other patterns. These extracted features form the output
feature maps, which capture increasingly complex representations of the input data as the
network deepens. Convolutional layers are particularly effective at detecting higher-level
features, such as shapes and objects, by applying multiple filters that specialize in differ-
ent tasks like edge detection, sharpening, or blurring. This process aids in understanding
the structural and contextual information within the image.

Assuming the input image has dimensions W1 x H1 x D1, four hyperparameters must
be set for the convolutional layer: the number of filters (K), stride (S), filter size (F), and
padding (P). The output dimensions of the convolutional layer, denoted as W2x H2x D2,
can be computed using the following formula:

_ W1-F+2P

W2 1 2
—+ 2)
Hl—-F+2P

mp= M= E22l (3)

D2 =Dl=K (4)
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These equations define the dimensions of the output feature map after applying con-
volution, where W2 and H2 represent the spatial dimensions, and D2 denotes the number
of feature maps (determined by the number of filters K).

3.1.2 Pooling Layer

The pooling layer performs downsampling operations, typically using either max pooling
or average pooling. Its primary functions are as follows:

e Feature dimension reduction: Pooling reduces the spatial dimensions of the
input, thereby decreasing the size of the model. This reduces the computational
cost and the number of parameters in the subsequent layers.

e Invariance: Pooling layers provide translation invariance, and to some extent,
scale and rotation invariance, by preserving the most prominent features regardless
of minor variations in the input.

e Increase the receptive field: Pooling increases the receptive field of the following
layers, as it reduces the resolution of the feature maps while retaining essential
information. This allows the network to capture more global features as it progresses
through deeper layers.

e Reduce overfitting: By reducing the feature dimension, pooling lowers the num-
ber of parameters and computation, which helps in mitigating overfitting while
retaining the most useful information.

Pooling layers are used repeatedly in convolutional networks to progressively reduce
the spatial size of the feature maps, making the network more computationally efficient
and less prone to overfitting. The most common type of pooling is max pooling, though
other variants such as average pooling and sum pooling are also used. Max pooling
operates with two key parameters: filter size (F') and stride length (5).

Assuming the input feature map has dimensions W1 x H1x D1, the output dimensions
after pooling, denoted as W2 x H2 x D2, can be computed using the following equations:

1-F
wo— V1=8 (5)
3
Hl-F
H2=———+1
—, ©)
D2 = D1 (7)

Here, W2 and H2 represent the spatial dimensions of the output feature map, and D2
remains the same as the input depth D1, as pooling operates independently across each
feature map. Therefore, convolution layer and pooling layer are usually used together, as
shown in Figure
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Figure 2: Application between convolutional networks and pooling layers

3.1.3 Activation Function

In deep learning, particularly in neural networks, activation functions are applied after
the output of each layer (e.g., Sigmoid, Tanh, ReLLU, etc.) to introduce non-linearity into
the model. Their primary function is to transform the output of a neuron and determine
whether to pass the signal to the next layer. Activation functions allow neural networks
to learn complex patterns in data by mimicking the behavior of biological neurons, where
a neuron fires if the input exceeds a certain threshold.

Activation functions can be categorized into linear and nonlinear functions. Com-
mon nonlinear activation functions include Sigmoid, Tanh, ReLLU, and Swish. Among
these, the ReLU (Rectified Linear Unit) function is widely used in CNN layers due to
its simplicity and efficiency in mitigating the vanishing gradient problem and reducing
computational complexity. The ReLLU function is defined as:

ReLU(x) = max(0, z) (8)

The softmax activation function is used in the final layer of the proposed network
to normalize the output of the previous layer, ensuring the values are within the range
(0,1). Softmax is particularly useful for handling multi-class classification problems by
converting logits into probabilities. It is commonly used in conjunction with a cross-
entropy loss function for training deep networks in supervised learning. The softmax
function is defined as:

eh(l‘,yi)
P(ylz) = S, e (9)
Here, P(y|x) represents the probability of class y; given input z, and h(x,y;) is the
logit for class y;. Softmax is typically applied to the output layer in neural networks for
multi-class classification.

3.1.4 Flatten Layer

In the proposed model, after the pooling layer, a flatten layer is applied to convert
the multidimensional feature maps into a one-dimensional vector. This transformation
prepares the data for the fully connected layers that follow. In this model, the flatten
layer is followed by four fully connected layers, where activation functions are used to
classify the output into different categories. The main function of the flatten layer is to
reshape the multidimensional data into a single column vector, allowing the entire feature
map to be passed to the fully connected layers for further processing and classification.



J. Zhu and X. Ma Artificial Intelligence Topics and Applications 2(1), 2026, 1 8 of

3.1.5 Fully Connected Layer

The fully connected (FC) layer is typically placed at the end of a CNN. Its role is to
synthesize and integrate the features extracted by the previous layers and use them for
classification. In the fully connected layer, each node is connected to all nodes in the
preceding layer, allowing the model to combine all the extracted features for final classi-
fication. The fully connected layer usually contains the most parameters in the network,
making it crucial for determining the final output. It also functions as a classifier, where
the positional dependencies of features are reduced, improving the network’s robustness.
In the proposed model, after the flatten layer, four fully connected layers are used. By
applying activation functions, the output is classified into different categories.

3.1.6 Batch Normalization Layer

Batch normalization is a widely used technique in deep learning that improves both
the accuracy and training efficiency of neural networks. The primary function of batch
normalization is to normalize the input of each batch by ensuring that each feature has a
mean of 0 and a variance of 1. This normalization makes the training process more stable
and accelerates convergence. The process of batch normalization involves calculating the
mean and variance of the batch data, subtracting the mean, and dividing by the standard
deviation to normalize the data. After normalization, the data is scaled and shifted using
learnable parameters—a scaling factor and an offset. This allows the network to retain
the ability to represent complex relationships while benefiting from normalized input
distributions. The primary roles of batch normalization are as follows: (1) it accelerates
model training; (2) it improves the accuracy and generalization of the model; and (3) it
reduces the model’s reliance on careful initialization of weights.

3.2 Depth-Separable Convolutional Networks

Depth-separable convolution is an efficient form of convolution operation used in CNNs.
It splits the standard convolution into two smaller, separate operations: depthwise convo-
lution (also called channel-by-channel convolution) and pointwise convolution (also known
as 1 x 1 convolution). In depthwise convolution, each input channel is convolved inde-
pendently with a separate filter, generating one feature map per channel. However, this
operation does not combine information across different channels, so it is usually followed
by pointwise convolution. In pointwise convolution, a 1 x 1 filter is applied across all the
channels to combine the feature maps generated by the depthwise convolution. Together,
these two operations approximate the standard convolution but with significantly fewer
parameters and computational cost.
The advantages of depth-separable convolution are as follows:

1. It reduces the number of parameters by decomposing the standard convolution into
depthwise and pointwise operations, which require fewer filters.

2. The computational cost is lower compared to traditional convolution, as the depth-
wise and pointwise convolutions are performed separately, each with reduced com-
plexity.

3. It produces a smaller model: Since depth-separable convolution has fewer parame-
ters and a lower computational cost than standard convolution, it results in a lighter
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and more efficient model, which is especially beneficial for lightweight neural net-
works.

4 Materials and methods

In this section, we describe the proposed multi-classification model for lung disease detec-
tion from X-ray images using a CNN architecture based on the Self-Attention Mechanism-
6 (SAM-6). This network model consists of 2 convolutional layers, 5 max-pooling layers,
8 depthwise separable convolution layers, 1 self-attention mechanism, 1 flatten layer, 4
dense layers, 5 regularization layers, and 4 batch normalization layers. The workflow of
the proposed model is shown in Figure [3
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Figure 3: Flowchart of the proposed lung diseases classification model.

For classification, the input images are preprocessed to a size of 224 x224 pixels. Fea-
ture extraction begins with two convolutional layers (3x3 kernel size, 16 filters) followed
by a MaxPooling layer. As discussed in Section 4, convolutional layers are typically used
in conjunction with pooling layers to extract features, reduce model size, and mitigate
overfitting. After the first pooling layer, the data is passed into a deep separable convo-
lutional network, starting with two depthwise separable convolutional layers (3x3 kernel
size, 32 filters).

Batch normalization is applied to both the second and third depthwise separable
convolutional layers, positioned before the MaxPooling layer. The parameters remain the
same between the second and third layers, except for the number of filters, which doubles
from 32 to 64 in the third layer. In the subsequent layers, the number of convolutional
filters continues to double with each layer. To prevent overfitting, a regularization layer
is added after the depthwise separable convolutional layers in the fourth and fifth layers,
along with a self-attention mechanism, where the dropout rate is set to 0.2.
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Finally, a fully connected layer is input in the final layers, where the number of neurons
is halved in each successive layer. The last layer contains 6 neurons, corresponding to the
6 classification categories. The overall architecture of the proposed network is illustrated

in Figure [4
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4.1 Self-Attention Mechanism

Self-attention is one of several attention mechanisms, and since the publication of its
original study , it has become a foundational component of many deep learning methods
for various applications. Given its widespread use, understanding how self-attention
works is essential. The self-attention formula is provided in Equation ({10J):

Vg,
In this formula, the process begins by taking the dot product of the Query matrix ) and
the transpose of the Key matrix K7, then dividing by v/dj, where dj, is the dimensionality
of the key vectors. This scaling factor, \/d},, prevents the dot product QKT from becoming
too large, which could lead to instability in the softmax calculation. Using v/dj ensures

that the result of QK7 follows a distribution with an expected mean, making the softmax
operation more stable.

Attention(Q, K, V') = softmax <QKT> xV (10)

4.2 Setting Hyperparameters

In this study, extensive experiments were conducted to evaluate the effects of various
hyperparameters, including batch size, optimizer, loss function, and normalization (Batch
Normalization, BN). After thorough testing, the Stochastic Gradient Descent (SGD)
optimizer was identified as a key factor in improving performance within the domain of
medical deep learning. Additionally, categorical cross-entropy was selected as the loss
function due to its superior performance, as detailed in the evaluation section.
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The categorical cross-entropy loss function is expressed as follows:

loss = — Z (i1 log yir + Uiz log Yiz + -+ + Gim 108 Yim) (11)
i=1
ol i
0ss _ Ja (12)
0Yin Yi1

In these equations, n represents the number of samples, and m denotes the number
of classes. Here, y refers to the true labels, and y represents the predicted labels. Since
the loss is computed across multiple outputs, the total loss is a sum over the individual
contributions for each class. According to the equations, the weight update speed is
influenced by the magnitude of the prediction error.

Moreover, the SGD is a simple yet effective optimizer. It updates model parameters
based on the gradient computed from a single or small batch of samples. One of the main
advantages of SGD is its suitability for large datasets and complex models. The update
rule for SGD is represented by Equation (13):

W41 = Wy — ﬁva(Wt; Ty, yi) (13)

where w; is the model parameter at time step ¢, 7 is the learning rate, and V,, L(wy; x;; y;)
is the gradient of the loss function L with respect to the model parameters w at data
point (z;,y;). The settings of the hyperparameters are summarized in Table

Table 1: Hyperparameter settings.
Hyperparameter  Value

Batch _size 32

Optimizer SGD

Loss categorical crossentropy
Epochs 400

Learning rate 0.01

5 Experiments and Results

5.1 Datasets

The datasets of this study were collected from different public platforms, such as [34-41].
The dataset consisted of 45,241 X-ray lung images. There are six types of X-ray im-
ages: tuberculosis (4,162), COVID-19 (5,795), pulmonary opacity (6,012), pneumothorax
(4,697), pneumonia (9,883), and normal lungs (14,692). Figure [5| shows samples of the
X-ray images of the six different categories of five lung diseases and normal images.

The preprocessing is implemented by adjusting the pixel value of the image to adjust
the pixel range of the image to be between 0 and 1. The size of all datasets is changed
to 224x224 and finally put into the model for training.

5.2  Performance Indicators

For X-ray image preprocessing, the ImageDataGenerator in Keras is used to resize and
augment the images.
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Figure 5: Examples of lung diseases: COVID-19, Opacity, Normal, Pneumonia, Pneu-
mothorax, Tuberculosis

We used the five-fold cross-validation to evaluate the proposed model. The model is
trained on 400 epochs using the SGD optimizer and the classification cross-entropy loss
function.

To evaluate classification performance, the following metrics from data mining are
used:

e True Positive (TP): The model correctly identifies a patient with the condition (the
actual class is 1, and the prediction is 1).

e False Positive (FP): A healthy image is incorrectly classified as positive (the actual
class is 0, but the prediction is 1).

e True Negative (TN): The model correctly identifies a healthy individual (the actual
class is 0, and the prediction is 0).

e False Negative (FN): The model fails to detect the condition in a patient (the actual
class is 1, but the prediction is 0).

In this study, we use several performance metrics to evaluate the classification results,
including precision, loss, F1-Score, and recall. The formulas are as follows:

Accuracy = 75—+ gzi i 1]?]\3[ TFN (14)
Precision = TPT;-—PFP (15)
Recall(Sensitivity) = TP?—;——PFN (16)

1 — score — 2 x Precision x Sensitivity (17)

Precision 4+ Sensitivity
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5.3 Results

The proposed model was evaluated using five-fold cross-validation, and the results indi-
cated consistent and robust accuracy across all folds, as listed in Table [l The average
accuracy achieved across the five folds was 94.33COVID-19 detection achieved good re-
sults, with an average F1-score ranging from 92% to 96% across folds, reflecting reliable
classification. At the same time, the Opacity class recorded a high Fl-score of 0.90 to
0.95, while Pneumothorax exhibited slight variability but achieved an average F1-score
of 0.94. Challenges were observed in the Normal class, with Fl-scores lower than other
classes, likely due to its similarity to other classes. Additionally, Figure [6] shows the
confusion matrix of the Fold-5 results. As we can see from all results, the suggested
model performed well in detecting and classifying various lung conditions with high relia-
bility and high detection rates. The high macro and weighted averages (Table [4]) further
confirm the model’s balanced performance across diverse classes and distributions.

Table 2: The classification results using five-fold cross-validation for folds 1 and 2.

Class Fold 1 Class Fold 2
Precision Recall F1-Score Support Precision Recall F1-Score Support
COVID-19 0.90 0.94 0.92 1178 COVID-19 0.97 0.92 0.95 1119
Opacity 0.93 0.95 0.94 2874 Opacity 0.94 0.97 0.95 2949
Normal 0.91 0.80 0.85 1240 Normal 0.88 0.88 0.88 1192
Pneumonia 1.00 0.99 0.99 2010 Pneumonia 0.99 0.99 0.99 1983
Pneumothorax 0.91 0.98 0.94 906 Pneumothorax 0.95 0.95 0.95 934
Tuberculosis 0.98 0.98 0.98 817 Tuberculosis 0.99 0.97 0.98 848
Accuracy 0.94 9025 Accuracy 0.95 9025
macro avg 0.94 0.94 0.94 9025 macro avg 0.95 0.95 0.95 9025
weighted avg 0.94 0.94 0.94 9025 weighted avg 0.95 0.95 0.95 9025

Table 3: The classification results using five-fold cross-validation for folds 4 and 5.

Class Fold 3 Class Fold 4 ‘
Precision Recall F1-Score Support Precision Recall F1-Score Support

COVID-19 0.92 0.97 0.94 1108 COVID-19 0.93 0.96 0.95 1112
Opacity 0.96 0.85 0.90 3011 Opacity 0.95 0.95 0.95 2937
Normal 0.88 0.87 0.85 1212 Normal 0.87 0.88 0.87 1164
Pneumonia 0.99 0.99 0.99 1955 Pneumonia 1.00 1.00 1.00 2034
Pneumothorax 0.70 0.97 0.81 906 Pneumothorax 0.97 0.92 0.95 962
Tuberculosis 0.99 0.97 0.98 833 Tuberculosis 0.99 0.98 0.98 816
Accuracy 0.92 9025 Accuracy 0.95 9025
macro avg 0.91 0.93 0.91 9025 macro avg 0.95 0.95 0.95 9025
weighted avg 0.93 0.92 0.92 9025 weighted avg 0.95 0.95 0.95 9025

5.4 Visual lesion localization

To provide a rational explanation for the classification results, we use Grad-CAM (Gradient-
weighted Class Activation Mapping) to visualize the features extracted by the model and
to show the basis for its disease diagnoses. Grad-CAM is a widely used explainability
technique in deep learning, particularly in CNNs, that generates visual explanations of
model decisions. It is especially useful in image classification tasks as it highlights the
regions of an image that the model focuses on when making predictions. By applying
Grad-CAM, we can generate visual interpretations of the CNN model’s gradients, help-
ing to address the "black box” problem often encountered in deep learning applications.
As shown in Figure [, the Grad-CAM results clearly indicate that the model accurately
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Table 4: The classification results using five-fold cross-validation for fold 5.

Class Fold 5
Precision Recall F1-Score Support
COVID-19 0.96 0.95 0.96 1163
Opacity 0.93 0.96 0.95 2921
Normal 0.90 0.85 0.87 1204
Pneumonia 0.99 0.99 0.99 1901
Pneumothorax 0.97 0.98 0.97 988
Tuberculosis 0.99 0.98 0.98 848
Accuracy 0.95 9025
macro avg 0.95 0.95 0.95 9025
weighted avg 0.95 0.95 0.95
Avrage Results for all 5-folds ‘
Average Accuracy Average Precision Average Recall Average F1-Score
0.9433 0.9454 0.9433 0.9435
1104 23 10 1 20 5
Rl (94.93%) (1.98%) (0.86%) (0.09%) (1.72%) (0.43%)
Opacity (0.287%) (0‘027%) (o.i%b
Normal 162 1 9 0 0.6
(1.16%) (13.46%) (0.08%) (0.75%) (0.0%)
Preumonia (0,006 (0.58%) (0.0%) (99.32%) ©0.12% L 0.4
Preumothorax | 5706 0.3%) 0.3%) ©0.1%) (o7.77%) 0
roz2
Tuberculosis 1 (0‘761%) (0‘559%) (0.112%) (0.112%) (0‘335%)
@*‘0@ & & ‘,,o@“’é@ & E@\&'@
€ L\)& ,@o
['h] «

Figure 6: Confusion matrix of the Fold-5.

captures lesion information, enabling reliable disease classification based on the identified
features. We further demonstrate the extraction of the most prominent features from
our proposed model. In the 15 X-ray images presented, the model achieves perfect clas-
sification, with Grad-CAM effectively highlighting the key regions responsible for each
diagnosis.

5.5  Comparison with other deep learning structures

To evaluate the effectiveness of the proposed model, we implement comparison experi-
ments to assess the accuracy of the model against other deep learning models usually
used in literature. The experiment compared DenseNet121 and VGG16 architectures,
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Figure 7: Grad-CAM results presented

each enhanced with the proposed CNN network (composed of convolutional layers and
depthwise-separable convolutions) and versions of the CNN network without the self-
attention mechanism. Additionally, we compared the complete proposed model with the
same model, excluding the attention mechanism. The architecture of each compared

model is presented in Figures [§] [0} [L0} 11}, and [12]
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Figure 8: The framework of the CNN network model.

Table |5 presents the comparison results for different models in terms of the Precision,
Recall, and F1-score metrics. The proposed model achieved the best results compared
to other models. It is also clear that CNN, without attention, obtained the second rank,
followed by DenseNet121+CNN, VGG16+CNN, DenseNet121, and VGG16, respectively.
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Figure 10: The framework of the VGG16+CNN network model.

J

g
Dense(512)
Dropout 0.7

Dense(256)
Dropout 0.5
Dense(128)
Dropout 0.3

Dense(6)

However, the suggested CNN with attention model required a longer time than the CNN
model as well as other compared models.

6 Conclusion

In this study, a lightweight deep learning model was presented to efficiently and ac-
curately diagnose lung diseases using minimal computational resources. The primary
objective was to develop a multi-classification model that balances high diagnostic ac-
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Figure 12: The framework of the DenseNet121+CNN network model framework.

Table 5:  Comparison results for all models using five-fold cross-validation.

Model Precision  Recall  Fl-score
DenseNet121 0.8389 0.8243 0.8253
VGG16 0.8044 0.8079 0.8034
DenseNet121+CNN 0.8902 0.8902 0.8901
VGG16+CNN 0.8593 0.8447 0.8396
CNN 0.9187 0.9010 0.9037
Proposed model 0.9453 0.9433 0.9434

curacy with a streamlined, lightweight architecture. To address the common challenge
of overfitting—often caused by high data dimensionality and complex network struc-
tures—a simple self-attention CNN model was implemented. The model’s effectiveness
was validated using publicly available datasets from GitHub and Kaggle. Results demon-
strate that the proposed deep learning approach accurately identifies various lung dis-
eases and outperforms several existing models. Future research will focus on exploring
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more advanced preprocessing techniques and additional methods to mitigate overfitting.
Moreover, sophisticated feature extraction methods will be integrated to further enhance
model performance.
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