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Automated analysis of chest X-ray images has become an important approach for 

supporting the detection and classification of pulmonary diseases. However, existing deep 

learning (DL) models often face challenges in accurately capturing complex anatomical 

structures and preserving detailed boundaries during image segmentation. This study 

proposes FCNU-Net, a hybrid DL framework that integrates the encoder characteristics of 

Fully Convolutional Networks (FCNs) with the decoder structure of U-Net for lung disease 

segmentation and classification from chest X-ray images. The proposed model was 

evaluated using 876 chest X-ray images collected from Siti Rahmah Islamic Hospital, 

including normal, pneumonia, and tuberculosis cases. The experimental framework 

involved image preprocessing, semantic segmentation, and classification based on the 

modified convolutional architecture. The results demonstrate that FCNU-Net achieved an 

overall classification accuracy of 96.60%, with a precision of 90.7% and sensitivity of 

85.4%. Furthermore, the model obtained an average Intersection over Union (IoU) of 

0.8904 and Dice coefficient of 0.9417, indicating effective pixel-level segmentation 

performance. The proposed framework improves feature representation and boundary 

localization by combining the strengths of FCN-based dense prediction and U-Net-based 

spatial reconstruction. These findings suggest that FCNU-Net provides a reliable DL 

approach for automated lung disease analysis using chest X-ray images and may serve as a 

potential tool for computer-assisted medical diagnosis. 
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1. INTRODUCTION

Lung disease is one of the most serious health conditions 

that threatens human life, particularly in developing countries 

[1]. The severity of this disease is attributed to its 

consequences, which can lead to fatal outcomes if early 

treatment and proper monitoring are not provided [2]. Lung 

disease is commonly caused by bacterial infections, one of 

which is Mycobacterium tuberculosis [3]. This bacterium can 

rapidly spread to other parts of the body, including bones, 

lymph nodes, the central nervous system, and kidneys [4]. 

Recent advances in information technology have enabled 

the development of various early intervention approaches 

through the application of Artificial Intelligence (AI), 

particularly by developing automated detection systems [5]. 

The implementation of AI in the detection process has 

demonstrated a considerable contribution to supporting 

diagnostic procedures [6]. The resulting outputs exhibit 

adequate accuracy, thereby assisting medical professionals in 

clinical decision-making [7]. AI is introduced in the diagnosis 

of lung diseases through learning-based approaches that 

enable systematic problem-solving [8]. Furthermore, the role 

of AI in detection processes has yielded significant results 

through the application of digital image processing techniques 

[9].  

Image processing is a branch of AI that focuses on the 

processing and analysis of images for detection and object 

identification purposes [10]. This concept has contributed to 

advancements and progress in medical technology by 

addressing various diagnostic challenges that were previously 

difficult to resolve [11]. Previous studies have reported that 

image processing techniques have had a positive and 

significant impact on disease detection processes [12]. Several 

image processing techniques can be adopted for detection 

purposes, one of which is image segmentation [13]. Image 

segmentation is a technique used to separate specific regions 

or objects within an image [14]. This technique enables the 

division of objects into multiple segments, thereby facilitating 

more accurate and efficient analysis and detection processes 

[15]. 

The concept of segmentation can be integrated with deep 

learning (DL) approaches to perform detection and 
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classification tasks [16]. Other studies have indicated that DL 

can be effectively adopted for detection processes, yielding 

results with a high level of accuracy [17]. DL–based 

segmentation methods, such as Convolutional Neural 

Networks (CNNs), have demonstrated effectiveness in 

capturing complex features and enabling early detection for 

timely intervention in lung disease patients [18]. DL models 

are capable of producing structured outputs across various 

tasks, including identification and classification processes 

[19]. Furthermore, DL has shown significant performance in 

detecting disease-related objects, thereby supporting medical 

professionals in clinical decision-making [20]. DL can also be 

utilized to recognize specific patterns associated with various 

types of lung diseases [21]. Through model-based analysis, 

DL enables object detection with improved accuracy [22] and 

facilitates early detection in lung disease identification, 

contributing to disease control and prognosis management 

[23]. 

Previous studies have demonstrated that the application of 

DL provides effective and efficient models for lung disease 

detection processes [24]. Comparisons of CNN architectures, 

such as ResNet and Inception, have been conducted to modify 

DL models and evaluate their performance in detection tasks 

[25]. In addition, the development of multichannel DL models 

has been shown to produce significant results in detecting lung 

disease objects [26], with reported accuracy reaching 93.75% 

based on the proposed DL architecture [27]. The development 

of DL models within hybrid frameworks has also yielded 

optimal performance outcomes [28]. Furthermore, studies 

applying DL to detection tasks have reported accuracy levels 

ranging from 94% to 99.5% through modifications of 

unsupervised learning approaches [29]. Modifications of CNN 

architectures for lung disease classification have also been 

shown to be effective based on the redesigned models [30]. 

Moreover, the implementation of correlation-based feature 

selection methods to optimize detection performance has 

resulted in the highest accuracy of 95.56% using the Support 

Vector Machine (SVM) method, followed by CNN at 92.11% 

and K-Nearest Neighbor (K-NN) at 88.40% [31]. 

Based on a review of previous research findings, this study 

aims to address similar challenges in the detection and 

classification of lung diseases. The proposed work focuses on 

developing a DL-based model using a U-Net architecture 

integrated with a Fully Convolutional Neural Network 

(FCNU-Net). The development of the FCNU-Net architecture 

is intended to introduce novelty in DL-based detection and 

classification models. This architectural innovation is 

expected to contribute to improved DL performance in lung 

disease detection and classification processes based on 

predefined evaluation parameters. 

 

 

2. MATERIAL AND METHODS 

 

The detection and classification processes are conducted 

based on the development of a DL model using the FCNU-Net 

architecture through several experimental stages to achieve 

optimal results. The dataset used in this study for the detection 

and classification of lung diseases was obtained from chest X-

ray examinations of lung patients at Siti Rahmah Islamic 

Hospital, Padang City. A total of 876 X-ray images were 

collected, representing various lung conditions, including 

normal, pneumonia, and tuberculosis.  

The dataset used in this study was categorized into three 

diagnostic classes representing different lung conditions. The 

Normal class consisted of 617 chest X-ray images, 

representing healthy individuals without radiological signs of 

pulmonary abnormalities. The Pneumonia class included 197 

images showing radiographic manifestations of pneumonia, 

while the Tuberculosis class comprised 62 images containing 

characteristic findings associated with pulmonary 

tuberculosis. Consequently, the dataset exhibited an 

imbalanced class distribution, with the Normal class 

representing the largest proportion of samples and the 

Tuberculosis class containing the fewest images. This 

imbalance poses additional challenges for the DL model, as it 

may bias the learning process toward the majority class. 

Samples of chest X-ray images from patients diagnosed with 

lung diseases are presented in Figure 1. 

 

 
 

Figure 1. Illustration of the image annotation and training 

process 

 

Figure 1 illustrates the chest X-ray images used as the 

research dataset in the lung disease detection and classification 

process. Before being utilized for DL training in detection and 

classification tasks, the images undergo a preprocessing stage 

to remove noise and irrelevant artifacts that may still be 

present. Subsequently, the dataset is divided into training and 

testing sets, comprising 676 images for training and 200 

images for testing. These experiments are organized into 

multiple phases, including preprocessing, segmentation, and 

DL learning. The preprocessing stage is applied to enhance the 

quality of the input images. Subsequently, the preprocessed 

images undergo a segmentation process to determine the 

regions of interest for object detection. The resulting 

segmented images are then used as input for the DL learning 

process to perform detection and classification tasks. The 

overall research framework is illustrated in Figure 2. 

Figure 2 presents the research framework for the detection 

and classification process. This framework highlights the 

novelty of the proposed DL model, which is embodied in the 

FCNU-Net architecture employed in this study. The 

development of the CNN architecture in this research focuses 

on the design of a Nested FCNU-Net network, which modifies 

the classical CNN structure into a Fully Convolutional 

Network (FCN) comprising four main components: (1) a 
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three-level encoder–decoder architecture with a bottleneck 

consisting of 512 filters, (2) nested convolution blocks 

involving two successive 3 × 3 convolution operations at each 

level to enhance feature representation, (3) multi-level skip 

connections between the encoder and decoder to preserve 

spatial details, and (4) the use of transposed convolution as a 

learnable upsampling mechanism. The entire architecture is 

constructed modularly using a layer graph approach, allowing 

flexible and conflict-free inter-block connections. This 

architectural development results in a segmentation model 

capable of accurately predicting lung masks at full image 

resolution. Furthermore, the development of the DL model 

based on the FCNU-Net architecture for detection and 

classification purposes is illustrated in Figure 3. 

Figure 3 illustrates the FCNU-Net architecture in the 

development of a DL model for lung disease detection and 

classification. The FCNU-Net architecture is modified by 

integrating the encoder component of an FCN with a U-Net–

based decoder. This architectural design results in a robust 

model for image segmentation and classification, offering the 

ability to handle images with objects of varying sizes, 

improved computational efficiency, and enhanced precision in 

producing accurate segmentation and classification outputs. 

 

 
 

Figure 2. Research framework 
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Figure 3. Development of the Fully Convolutional Neural Network (FCNU-Net) deep learning (DL) architecture for lung disease 

detection and classification 

 

The proposed architecture provides a robust and effective 

framework for image segmentation and classification by 

integrating advanced DL techniques capable of accurately 

identifying and classifying objects with varying scales and 

complex visual characteristics. One of the main advantages of 

this architecture is its ability to handle objects of different sizes 

more effectively while maintaining high computational 

efficiency. Furthermore, the model is designed to produce 

more precise and sharper segmentation boundaries, thereby 

improving the quality of object delineation in the resulting 

segmentation maps. The novelty of this study lies in the 

development and implementation of a DL-based segmentation 

model that enhances feature extraction and object 

representation, leading to improved segmentation 

performance compared to conventional approaches. 

During the training phase, the DL model was configured 

using a learning rate of 0.003, which determines the magnitude 

of weight updates during the optimization process. This 

learning rate was selected to achieve a balance between 

convergence speed and training stability, enabling the model 

to minimize the loss function efficiently while reducing the 

risk of unstable parameter updates. In addition, a batch size of 

4 was employed, meaning that four training samples were 

processed simultaneously in each iteration. Although 

relatively small, this batch size allows more frequent 

parameter updates, which can improve the model's 

generalization capability, particularly when working with 

datasets of limited size or high-resolution images that require 

substantial GPU memory. 

The training process was carried out over 2,000 epochs, 

allowing the model to repeatedly learn from the training data 

through multiple forward and backward propagation cycles. 

Such an extensive training duration was intended to ensure that 

the network sufficiently captured both low-level and high-

level features present in the dataset while gradually optimizing 

the model parameters to achieve convergence. Repeated 

exposure to the training data enables the model to better 

understand complex patterns and relationships among image 

features, thereby improving segmentation and classification 

accuracy. 

All experiments were conducted on a computer equipped 

with an AMD Ryzen 7 5800H processor with Radeon 

Graphics, which provided the computational resources 

necessary to execute the DL framework. The hardware 

supported the complete training pipeline, including forward 

propagation, loss computation, backpropagation, and 

optimization of network parameters throughout the training 

process. Although the experiments were performed without a 

dedicated high-end GPU, the available processing capability 

was sufficient to conduct extensive training and evaluate the 

proposed architecture under consistent experimental 

conditions. Overall, the selected hyperparameter 

configuration, together with the computational environment, 

was expected to facilitate stable model convergence, improve 

learning effectiveness, and achieve optimal predictive 

performance in both image segmentation and classification 

tasks. 

 

 

3. RESULTS 

 

The improvement of DL performance in the detection and 

classification of lung diseases using X-ray images is based on 

modifications to the CNN architectural model by integrating 

the roles of U-Net and FCNU-Net. The process begins with a 

preprocessing stage aimed at generating noise-free images. 

The preprocessing stage involves several techniques, 

including image transformation, image resizing, image 

masking, and image intensity conversion using the eAGT 

function. The output results of the preprocessing stage are 

presented in Figure 4. 

Figure 4 presents a preprocessed image, which aims to 

remove irrelevant objects and noise from the original image. 

The results of preprocessing play a crucial role in supporting 

the detection and classification processes to achieve optimal 

performance. The effectiveness of the detection and 

classification processes is closely related to the initial concept 

of semantic segmentation utilizing the role of CNNs, which 
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were later modified. The results of the detection and 

classification processes are presented in Figure 5. 

 

  
(a) Input image (b) Detection result 

 

Figure 4. Preprocessing result 

 

  
(a) Input image (b) Object detection 

 

Figure 5. Detection and classification results 

 

Figure 5 presents the testing results of the detection and 

classification process based on the modified CNN 

architecture. These results demonstrate accurate object 

localization through semantic-based segmentation. The 

findings further confirm that performance improvements in 

CNN-based detection and classification are achieved through 

architectural modifications designed to optimize the detection 

and classification processes. 

 

 

4. DISCUSSION 

 

This modification was made to develop a better CNN 

architecture model for detection and classification purposes. 

The development of this model is to maximize the DL 

performance of the CNN architecture in detection and 

classification. The modified CNN architecture proposed in this 

study is presented in Algorithm 1. 

Algorithm 1 presents the modified CNN architecture 

developed for semantic-based segmentation in the context of 

lung disease detection and classification. The proposed 

development demonstrates that the CNN model incorporates 

architectural modifications aimed at achieving optimal object 

segmentation. The modified CNN learning process is capable 

of producing satisfactory performance, as evidenced by the 

output results illustrated in Figure 6. 

Figure 6 presents the validation results of the performance 

of the modified CNN model in the learning process for lung 

disease detection and classification. The experimental results 

presented in Figure 6 demonstrate that the proposed model 

achieved an overall classification accuracy of 96.60%, 

indicating that the model was able to correctly classify the 

majority of the input samples with a high level of reliability. 

This high accuracy reflects the effectiveness of the proposed 

architecture in learning discriminative features from the 

dataset and performing accurate predictions across different 

image classes. The obtained result also suggests that the 

integration of the proposed segmentation and classification 

framework contributes positively to the overall predictive 

performance of the model. 
 

Algorithm 1. Modified CNN Architecture 

Input: Chest X-ray image I (256×256×1) 

Output: M lung mask prediction (256×256, binary) 

start 

---------- PREPROCESSING ---------- 

If I has 3 channels (RGB) then: 

    Convert I to grayscale 

If size of I is not 256×256 then: 

    Resize I to 256×256 

Normalize intensity of I to range [0,1] 

---------- ENCODER ---------- 

// Encoder 1 

F11 ← ReLU(Conv3x3(I, 64)) 

F12 ← ReLU(Conv3x3(F11, 64)) 

Save F12 as skip level 1 feature 

P1  ← MaxPool2x2(F12) 

// Encoder 2 

F21 ← ReLU(Conv3x3(P1, 128)) 

F22 ← ReLU(Conv3x3(F21, 128)) 

Save F22 as skip level 2 feature 

P2  ← MaxPool2x2(F22) 

// Encoder 3 

F31 ← ReLU(Conv3x3(P2, 256)) 

F32 ← ReLU(Conv3x3(F31, 256)) 

Save F32 as skip level 3 feature 

P3  ← MaxPool2x2(F32) 

// ---------- BOTTLENECK ---------- 

B1 ← ReLU(Conv3x3(P3, 512)) 

B2 ← ReLU(Conv3x3(B1, 512)) 

// ---------- DECODER ---------- 

// Decoder 3 

U3 ← TransposedConv2x2(B2, 256, stride=2) 

C3 ← Concatenate(U3, F32)        // skip level 3 

D31 ← ReLU(Conv3x3(C3, 256)) 

D32 ← ReLU(Conv3x3(D31, 256)) 

// Decoder 2 

U2 ← TransposedConv2x2(D32, 128, stride=2) 

C2 ← Concatenate(U2, F22)        // skip level 2 

D21 ← ReLU(Conv3x3(C2, 128)) 

D22 ← ReLU(Conv3x3(D21, 128)) 

// Decoder 1 

U1 ← TransposedConv2x2(D22, 64, stride=2) 

C1 ← Concatenate(U1, F12)        // skip level 1 

D11 ← ReLU(Conv3x3(C1, 64)) 

D12 ← ReLU(Conv3x3(D11, 64)) 

// ---------- OUTPUT ---------- 

O  ← Conv1x1(D12, numClasses=2) 

P  ← Softmax(O)                  // probability of each pixel class 

For every pixel (x,y): 

    M(x,y) ← argmax_k P_k(x,y)   // select the class with 

highest probability 

Output M as a lung segmentation mask 

end 
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Figure 6. Results of the modified Convolutional Neural Network (CNN) learning process 

 

Table 1. Evaluation of Intersection over Union (IoU) and Dice in modified Convolutional Neural Network (CNN) with FCNU-

nested 

 
Image IoU Dice Image IoU Dice Image IoU Dice 

1 0.87742 0.93471 11 0.90471 0.94997 21 0.89053 0.9421 

2 0.89854 0.94656 12 0.90649 0.95095 22 0.84059 0.91339 

3 0.8798 0.93606 13 0.93001 0.96373 23 0.80103 0.88953 

4 0.91731 0.95687 14 0.89275 0.94333 24 0.88662 0.9399 

5 0.85509 0.92188 15 0.89632 0.94533 25 0.85927 0.92431 

6 0.90106 0.94795 16 0.88367 0.93824 26 0.92474 0.9609 

7 0.872 0.93163 17 0.84985 0.91883 27 0.92846 0.96291 

8 0.89689 0.94564 18 0.91083 0.95334 28 0.88575 0.93941 

9 0.90435 0.94977 19 0.86544 0.92787 29 0.86094 0.92528 

10 0.89794 0.94623 20 0.92894 0.96316 30 0.91979 0.95822 

 

Table 2. The comparative evaluation of related research findings 

 

No. Previous Research Results 
Results of Work 

Performed 

1. 
Research in lung disease detection presents an accuracy of 93.75% based on the developed deep 

learning (DL) architecture model [27]. 
The resulting performance 

accuracy has been 

confirmed at 96.60% 

based on CNN 

modification in lung 

disease detection and 

classification. 

2. 
The application of DL in detection also presents an accuracy level of 94%–99.5% by modifying 

unsupervised learning [29]. 

3. 

The implementation of the correlation selection method was also carried out to maximize the detection 

process based on DL performance, which has provided the best accuracy output from the Support 

Vector Machine (SVM) method of 95.56%, then the Convolutional Neural Network (CNN) 92.11%, 

and the K-Nearest Neighbor (K-NN) 88.40% [31]. 

 

In addition to overall accuracy, several complementary 

evaluation metrics were employed to provide a more 

comprehensive assessment of the model's performance. The 

model achieved a precision of 90.7%, indicating that most of 

the samples predicted as belonging to the target class were 

indeed correctly classified. This high precision demonstrates 

the model's ability to minimize false positive predictions, 

which is particularly important in applications where incorrect 

positive classifications may lead to undesirable consequences. 

Furthermore, the model obtained a sensitivity (recall) value 

of 85.4%, reflecting its capability to correctly identify the 

majority of actual positive samples within the dataset. The 

recall score indicates that the proposed model successfully 

detected a substantial proportion of the target objects, although 

a small number of positive instances were still misclassified as 

negatives. The combined results of accuracy, precision, and 

recall indicate that the proposed model not only produces 

highly accurate predictions but also maintains a balanced 

performance in minimizing both false positive and false 

negative errors. Overall, these evaluation metrics confirm the 
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robustness and effectiveness of the proposed DL architecture 

for image segmentation and classification tasks. These 

findings demonstrate that the modified CNN model delivers 

performance that surpasses previous CNN-based models in the 

detection and classification process. Validation of the 

proposed approach is further supported by Intersection over 

Union (IoU) and Dice coefficient evaluations, as presented in 

Table 1. 

Table 1 presents a sample evaluation of the IoU and Dice 

coefficient obtained from the modified CNN architecture 

using the FCNU-Nested model. The experimental results 

indicate that the proposed model achieved an average IoU 

value of 0.8904 and a Dice coefficient of 0.9417. These results 

demonstrate that the modified CNN architecture provides a 

significant performance improvement, thereby enhancing the 

effectiveness of the conventional CNN model. Additional 

experiments were conducted to further validate these findings 

by comparing them with results reported in previous studies 

on lung disease detection and classification. The comparative 

evaluation of related research findings is presented in Table 2, 

confirming the consistency and superiority of the proposed 

FCNU-Nested model in improving detection and classification 

performance. 

Table 2 presents a comparative analysis of several previous 

studies related to lung disease detection and classification 

using DL approaches. Based on the reported results, it can be 

observed that the proposed approach for improving CNN 

performance in this study produces competitive and superior 

outcomes. These findings confirm that enhancing CNN 

performance through the FCNU-Nested architecture is 

effective and capable of accurately performing lung disease 

detection and classification. 

 

 

5. CONCLUSION 

 

The proposed architecture provides a robust and effective 

framework for image segmentation and classification by 

integrating advanced DL techniques capable of accurately 

identifying and classifying objects with varying scales and 

complex visual characteristics. One of the main advantages of 

this architecture is its ability to handle objects of different sizes 

more effectively while maintaining high computational 

efficiency. Furthermore, the model is designed to produce 

more precise and sharper segmentation boundaries, thereby 

improving the quality of object delineation in the resulting 

segmentation maps. The novelty of this study lies in the 

development and implementation of a DL-based segmentation 

model that enhances feature extraction and object 

representation, leading to improved segmentation 

performance compared to conventional approaches. During 

the training phase, the DL model was configured using a 

learning rate of 0.003, which determines the magnitude of 

weight updates during the optimization process. This learning 

rate was selected to achieve a balance between convergence 

speed and training stability, enabling the model to minimize 

the loss function efficiently while reducing the risk of unstable 

parameter updates. In addition, a batch size of 4 was 

employed, meaning that four training samples were processed 

simultaneously in each iteration. Although relatively small, 

this batch size allows more frequent parameter updates, which 

can improve the model's generalization capability, particularly 

when working with datasets of limited size or high-resolution 

images that require substantial GPU memory. 

The training process was carried out over 2,000 epochs, 

allowing the model to repeatedly learn from the training data 

through multiple forward and backward propagation cycles. 

Such an extensive training duration was intended to ensure that 

the network sufficiently captured both low-level and high-

level features present in the dataset while gradually optimizing 

the model parameters to achieve convergence. Repeated 

exposure to the training data enables the model to better 

understand complex patterns and relationships among image 

features, thereby improving segmentation and classification 

accuracy. 

All experiments were conducted on a computer equipped 

with an AMD Ryzen 7 5800H processor with Radeon 

Graphics, which provided the computational resources 

necessary to execute the DL framework. The hardware 

supported the complete training pipeline, including forward 

propagation, loss computation, backpropagation, and 

optimization of network parameters throughout the training 

process. Although the experiments were performed without a 

dedicated high-end GPU, the available processing capability 

was sufficient to conduct extensive training and evaluate the 

proposed architecture under consistent experimental 

conditions. Overall, the selected hyperparameter 

configuration, together with the computational environment, 

was expected to facilitate stable model convergence, improve 

learning effectiveness, and achieve optimal predictive 

performance in both image segmentation and classification 

tasks. 
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