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Interpreting chest radiographs is a challenging and resource-intensive clinical task, largely because of the inherent complexity 

of identifying a broad spectrum of pulmonary pathologies. As a result, there is a pressing need for innovative techniques that 

can accurately classify multiple abnormalities in chest X-ray images. This research presents an enhanced deep learning 

framework tailored for multi-label classification of chest X-ray images, addressing a comprehensive set of conditions, including 

lung opacity, normal pulmonary findings, COVID-19, bacterial pneumonia, viral pneumonia, and tuberculosis. The proposed 

approach utilizes a refined version of the VGG16 architecture augmented with squeeze-and-excitation (SE) blocks. This model 

was trained on an extensive collection of chest X-ray images and rigorously compared with leading contemporary methods 

using key performance indicators: accuracy, F1-score, precision, recall, and area under the curve (AUC). The modified VGG16-

SE model outperformed existing techniques across every evaluation metric. It recorded an accuracy of 98.49%, an F1-score of 

98.23%, a precision of 98.41%, a recall of 98.07%, and an AUC of 98.86%. The current study offers a highly effective deep 

learning strategy for classifying chest radiographs. Given its strong performance across diverse lung conditions, the model 

shows considerable promise for seamless incorporation into routine clinical practice, supporting faster and more precise 

diagnosis of pulmonary diseases. 
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Introduction 

Rapid progress in medical imaging technologies has 

substantially improved diagnostic precision in modern 

healthcare, particularly in the assessment of chest X-

rays—one of the most commonly performed imaging 

examinations worldwide. Although widely used, 

interpreting these images demands considerable 

expertise and remains challenging because of subtle 

radiographic signs and the specialized knowledge 

required for accurate diagnosis [1-3]. Chest X-rays play 

a central role in identifying numerous respiratory and 

cardiac disorders, such as lung opacities, pneumonias of 

different origins, tuberculosis, and various other 

anomalies. Each pathology presents distinct detection 

challenges because overlapping radiographic 

appearances may mimic one another. Conventional 

diagnostic approaches depend primarily on radiologists’ 

subjective judgments, which are prone to considerable 

inter-observer variability. In contrast, automated 

intelligent systems present a valuable opportunity to 

alleviate radiologists’ heavy workloads, enhance 
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diagnostic reliability, and accelerate time-to-diagnosis, 

ultimately elevating standards of patient care [4, 5]. 

Recent breakthroughs in deep learning (DL) have shown 

strong potential in medical image interpretation, 

particularly through convolutional neural networks 

(CNNs), which have achieved outstanding results in 

visual recognition and classification [6, 7]. These 

sophisticated architectures excel at extracting complex 

patterns from imaging data and frequently outperform 

conventional image analysis methods in both speed and 

diagnostic precision. The capacity of CNNs to 

automatically derive meaningful representations from 

large volumes of unlabeled image data offers a 

transformative prospect for medical imaging, promising 

quicker, more accurate, and more widely accessible 

diagnostic processes [8, 9]. Nevertheless, despite notable 

improvements and refinement efforts, CNNs frequently 

deliver less-than-optimal results when deployed in 

practical medical imaging scenarios. This shortfall arises 

from multiple factors that limit effective generalization 

in real clinical environments [10-12]. A key obstacle is 

the substantial variation in image quality caused by 

differences in acquisition devices, patient positioning, 

and procedural variations. These inconsistencies 

introduce noise that models struggle to accommodate, 

compromising accuracy and reliability. 

Furthermore, infrequent or unusual disease 

manifestations represent another critical barrier. When 

such cases appear rarely in training datasets, the model’s 

capacity to correctly detect and categorize them declines, 

increasing misclassification rates for less common 

conditions. In addition, the inherent complexity of multi-

label classification in chest X-rays intensifies these 

difficulties. Pathological features often display only 

minor distinctions, requiring models that can effectively 

discern subtle, overlapping characteristics. Standard 

CNN designs tend to underperform in such settings, 

especially when class boundaries are not sharply defined. 

A further significant concern is the class imbalance 

commonly observed in medical datasets. Conditions with 

lower prevalence receive insufficient representation, 

which distorts the learning process [13, 14]. 

Consequently, models become biased toward dominant 

classes, reducing generalization and reliability when 

applied to underrepresented pathologies in clinical 

practice. 

This study proposes an optimized deep learning 

framework engineered for multi-label classification of 

chest X-ray images. This task is particularly demanding 

because of the intricate and frequently overlapping 

radiographic patterns associated with respiratory 

disorders. The framework targets several prevalent and 

clinically significant conditions, namely lung opacity, 

COVID-19, normal pulmonary appearance, viral 

pneumonia, bacterial pneumonia, and tuberculosis. Each 

condition possesses characteristic yet sometimes similar 

imaging features that can hinder accurate differentiation. 

Extensive experiments were performed on a sizable 

repository of labeled chest X-ray images to thoroughly 

evaluate the effectiveness of the suggested approach. The 

breadth and diversity of this dataset ensure that the model 

is tested under realistic conditions and can accommodate 

the variability encountered in everyday clinical settings. 

Such dataset characteristics are vital for enabling the 

model to generalize effectively to new cases and for 

ensuring that laboratory performance reliably extends to 

practical healthcare applications. 

The primary contributions of this work are summarized 

as follows: 

 We introduce a novel adaptation of the 

established VGG16 architecture to markedly 

improve its effectiveness in medical image 

diagnosis. Renowned for its depth and strong 

performance in visual tasks, the original 

VGG16 serves as an excellent base. We enhance 

this foundation by incorporating squeeze-and-

excitation (SE) blocks, which dynamically 

improve the network’s focus on the most 

relevant features. These blocks explicitly 

capture channel-wise interdependencies within 

convolutional feature maps and recalibrate 

feature responses according to their importance. 

This mechanism enables the model to 

emphasize salient information while 

suppressing less useful signals, thereby boosting 

predictive precision. The resulting architecture 

retains the core advantages of VGG16 while 

adding advanced feature refinement 

capabilities. This integration is especially 

beneficial in medical diagnostics, where 

detecting and interpreting fine-grained patterns 

is essential. Overall, the modified VGG16 with 

SE blocks exemplifies the value of merging 

classical deep learning designs with 

contemporary attention mechanisms to develop 

more effective and reliable analytical tools for 

healthcare. 
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 We tackle the prevalent problem of class 

imbalance in medical imaging datasets. The 

study employs chest X-ray images distributed 

across six categories: lung opacity, normal 

pulmonary states, COVID-19, viral pneumonia, 

bacterial pneumonia, and tuberculosis. The 

original dataset exhibited notable imbalance 

across these categories, which can adversely 

affect model training. To mitigate this issue and 

strengthen model robustness, we applied a 

comprehensive data augmentation strategy. 

This technique generates additional training 

samples by applying geometric transformations 

to existing images, including scaling, horizontal 

flipping, zooming, width shifting, and rotation. 

These augmentation methods effectively 

balanced the dataset, achieving more equitable 

representation across all classes. This balancing 

not only reduces bias but also enriches the 

training data, establishing a stronger basis for 

developing a dependable diagnostic model. 

The remainder of this paper is structured as follows: 

Section 2 reviews relevant literature and provides 

contextual background. Section 3 details the proposed 

methodology, encompassing the lung disease dataset, the 

data augmentation approach, and the implementation of 

the modified VGG16 architecture with SE blocks. 

Section 4 reports the experimental setup and presents the 

obtained results. Section 5 discusses the optimization 

techniques utilized in this research. Finally, Section 6 

concludes the study and outlines directions for future 

work. 

 

Related work 

The application of deep learning (DL) techniques for 

identifying abnormalities in chest X-ray images has 

gained considerable momentum in recent years. This 

growing interest stems from the remarkable capacity of 

these algorithms to detect intricate patterns and subtle 

anomalies that often escape traditional analytical 

methods. Within medical research, artificial intelligence 

(AI) has emerged as a prominent tool, particularly for 

supporting the diagnosis of various health conditions. 

Numerous studies employing AI in medical diagnostics 

have reported encouraging results, highlighting the 

accuracy and reliability of these sophisticated 

technologies [15-23]. The current section reviews the 

methodologies adopted by earlier investigators in this 

field. 

In Ref. [24], the authors developed a 2D-CNN model to 

classify chest X-ray images into six categories: viral 

pneumonia, tuberculosis, fibrosis, normal lung 

conditions, bacterial pneumonia, and COVID-19. Their 

investigation compared the performance of standard 

VGG16 and VGG19 architectures with the proposed 2D-

CNN. The 2D-CNN achieved 96.75% accuracy, while 

the VGG16 and VGG19 models attained 90.43% and 

89.51%, respectively. In Ref. [25], a deep learning 

framework was introduced to enhance the identification 

of multiple pulmonary diseases, including opacity, 

fibrosis, normal lungs, viral pneumonia, tuberculosis, 

and COVID-19-related pneumonia. The study evaluated 

the standard VGG19 architecture alongside an improved 

variant using a dataset comprising 48,582 chest X-ray 

images. The conventional VGG19 model reached 

96.57% accuracy, whereas the enhanced version 

achieved 98.88%. 

Ref. [26] proposed a multi-scale CNN for a six-class 

classification task to detect bacterial pneumonia, 

tuberculosis, fibrosis, normal lung conditions, viral 

pneumonia, and COVID-19. The model was trained on 

5,700 chest X-ray images. The researchers assessed the 

original VGG19 and VGG16 architectures, as well as a 

VGG16 variant incorporating multi-scale feature 

mapping. The VGG19 model achieved 95.61% accuracy, 

and the baseline VGG16 reached 95.79%. With the 

multi-scale enhancements, the VGG16 model’s accuracy 

improved to 97.47%. In [27], the authors presented a 

ResNet50 model leveraging deep feature extraction to 

classify chest X-ray images into five categories: 

tuberculosis, bacterial pneumonia, viral pneumonia, 

normal lung conditions, and COVID-19. Using a dataset 

of 2,186 images, the ResNet50 architecture achieved 

91.60% accuracy. 

Ref. [28] examined the effectiveness of various ResNet 

architectures, including ResNet-50, ResNet-101, and 

ResNet-152, for diagnosing different lung pathologies. 

The analysis utilized a dataset of 21,885 chest X-ray 

images categorized into four classes: lung opacity, 

pneumonia, COVID-19, and normal cases. The study 

evaluated the diagnostic proficiency of these models in 

distinguishing key respiratory conditions. Results 

indicated that the ResNet-50 model attained 91% 

accuracy, the ResNet-101 model reached 93%, and the 

ResNet-152 model achieved the highest accuracy of 

94%. Ref. [29] introduced a multi-class model for 

differentiating COVID-19, normal lung conditions, lung 

opacity, and viral pneumonia from chest X-ray images. 
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This work assessed both the standard MobileNetV2 

network and a customized adaptation. The customized 

MobileNetV2 variant outperformed the original, 

achieving 95.80% accuracy compared to 90.47% for the 

baseline model. 

Several studies in medical imaging have reported strong 

performance in binary or small-scale classification tasks. 

However, accuracy tends to decline substantially as the 

number of classes increases. This reduction is primarily 

attributable to the difficulty of differentiating among 

multiple overlapping conditions, especially when 

radiographic features show only subtle distinctions. 

These challenges become more pronounced in multi-

class scenarios, where precise discrimination among lung 

infections requires recognizing fine-grained details. 

These limitations hinder the practical application of these 

models in real-world clinical environments, where 

patients frequently present with complex, co-existing 

pulmonary conditions. In such settings, the capability to 

accurately identify multiple lung pathologies is not 

merely advantageous but essential. Consequently, there 

is a clear need for advanced CNN architectures that can 

reliably manage multi-class classification of lung 

diseases with greater precision and robustness. Creating 

such frameworks would offer substantial benefits in 

clinical practice by enabling more accurate diagnoses and 

facilitating targeted treatment approaches for patients 

with complex pulmonary disorders. This pressing 

requirement underscores the importance of ongoing 

research and the advancement of state-of-the-art 

diagnostic tools capable of meeting the evolving 

demands of contemporary healthcare. Continued 

progress in DL methodologies is vital to elevate the 

quality of medical diagnostics and improve patient 

outcomes amid increasingly diverse and complex 

medical presentations. 

 

Materials and Methods 

 

Lung disease dataset and partitioning 

This study focused on multi-class classification using 

three separate medical imaging datasets, each consisting 

exclusively of chest X-ray images. The combined dataset 

contained 27,445 images encompassing normal cases and 

five distinct categories of lung pathologies. The first 

dataset, obtained from Ref. [30], contributed a varied 

collection of 3,616 COVID-19 positive cases, 10,192 

normal images, 6,012 images showing lung opacity, and 

1,345 images of viral pneumonia. The second dataset, 

sourced from Ref. [31], originally included 3,500 

tuberculosis images and 3,500 normal chest X-rays; only 

the tuberculosis images were incorporated into the 

present analysis. The third dataset, acquired from Ref. 

[32], provided 2,780 images of bacterial pneumonia and 

1,493 images of viral pneumonia; only the bacterial 

pneumonia cases were selected. Figure 1 displays 

representative chest X-ray examples from the compiled 

dataset across the different diagnostic categories. In 

addition, Figure 2 depicts the distribution of lung 

conditions within the assembled collection.

 

   
(a) (b) (c) 
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(d) (e) (f) 

Figure 1. Representative chest X-ray samples from the compiled dataset. 

 

 

 
Figure 2. Distribution of lung disease categories within the dataset. 

 

In this investigation, 80% of the overall dataset was 

utilized for the training phase. Specifically, 60% of the 

data, corresponding to 17,566 samples, served for model 

training, while an additional 20%, amounting to 4,390 

samples, was reserved for validation. The final 20% of 

the dataset, comprising 5,489 samples, was allocated for 

testing [33, 34]. This partitioning strategy facilitated a 

comprehensive evaluation of model performance across 

the targeted lung conditions: bacterial pneumonia, 

COVID-19, normal cases, lung opacity, tuberculosis, and 

viral pneumonia. Table 1 summarizes the data 

distribution for each category across the training, 

validation, and testing sets. For example, bacterial 

pneumonia was divided into 1,766 training, 441 

validation, and 573 testing instances. Similarly, COVID-

19 cases were allocated as 2,305 for training, 576 for 

validation, and 735 for testing.

 

Table 1. Dataset partitioning across training, validation, and testing sets. 

Lung condition Training collection Validation collection Testing collection 

Bacterial pneumonia 1766 441 573 
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COVID-19 2305 576 735 

Normal 6570 1643 1979 

Opacity 3829 957 1226 

Tuberculosis 2233 558 709 

Viral pneumonia 863 215 267 

Total 17,566 4390 5489 

 

 

Image augmentation strategies 

In this study, image augmentation techniques [35, 36] 

were employed to mitigate the constraints posed by the 

relatively modest size of the training dataset and to 

strengthen the overall training process. These techniques 

[37, 38] apply a range of transformations that expand the 

training data volume while introducing diversity in scale, 

orientation, and appearance. This increased variability 

helps reduce overfitting to the specific features of the 

original training samples and improves the model’s 

ability to generalize to previously unseen data. 

We applied a full range of augmentation methods to all 

lung condition categories except the normal class, as 

detailed in Table 2, to balance the training dataset. As a 

result, each disease category in the training set was 

expanded to 6,570 images. These augmentation 

procedures were critical for enhancing the diversity and 

resilience of the training collection. The applied 

transformations included random rotations, height and 

width shifts, brightness adjustments, zooming, shearing, 

horizontal flipping, and fill mode modifications. 

Collectively, these operations generated a more varied 

and representative training dataset, thereby supporting 

the development of an accurate and reliable model 

capable of performing well under different imaging 

conditions. 

 

Table 2. Details of the data augmentation techniques 

applied to the training set. 

Parameter Value 

Brightness range [0.55, 1.35 ] 

Horizontal flip True 

Rotation [+28, −28 ] 

Width shift [0.75, 1.35 ] 

Height shift 0.30 

Zoom [0.45, 0.95 ] 

Fill mode Nearest 

Sheare 0.40 

 

The parameters in Table 2 were selected based on 

empirical evaluation and established best practices in 

deep learning for medical imaging applications. The 

objective was to design effective augmentation pipelines 

that realistically replicate variability observed in clinical 

environments and promote robust generalization across 

heterogeneous imaging conditions. Ranges for 

brightness, rotation, width shift, height shift, and zoom 

were optimized through iterative testing to provide 

meaningful diversity while preserving the clinical 

integrity of the radiographic images. Fixed fractional 

values for height shift and shear parameters were 

determined following preliminary trials that yielded 

optimal model accuracy and stability. No additional 

distribution spread was implemented, as the selected 

parameters sufficiently emulated the natural variations 

and distortions typical of clinical chest X-rays without 

introducing implausible artifacts. 

These augmentation examples demonstrate how each 

transformation alters the original image, encouraging the 

model to learn invariant and discriminative features of 

underlying anatomical structures despite such variations. 

This strategy proved essential for maintaining strong 

model performance across diverse imaging scenarios. By 

exposing the network to augmented data, its ability to 

generalize from the training set to new instances 

improved significantly, increasing its diagnostic 

reliability in real-world clinical applications (Figure 3).
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(a) (b) (c) 

   

(d) (e) (f) 

   

(g) (h) (i) 

Figure 3. Examples of data augmentation techniques applied to a viral pneumonia image. 

 

VGG16 architecture 

The VGG16 architecture [39] is characterized by its 

simplicity and effectiveness, consisting of 16 layers in 

total—13 convolutional layers and 3 fully connected 

layers. A defining feature of VGG16, distinguishing it 

from prior deep learning models, is its greater network 

depth achieved through the consistent use of small (3 × 

3) convolution filters, which contributed to superior 

performance. VGG16’s design strategy relies on 

progressively stacking multiple convolutional layers with 

small receptive fields. This approach increases network 

depth while keeping the parameter count manageable, 

thereby improving computational efficiency and 

scalability. Using uniform 3 × 3 filters across all 

convolutional layers simplifies hyperparameter selection 

by removing the need to optimize varying filter sizes 

across layers—a common complication in network 

design. This uniformity also supports straightforward 

scaling to accommodate different levels of complexity 

and facilitates adaptation to a wide range of image 

recognition applications. 
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Every convolutional layer in VGG16 incorporates ReLU 

(Rectified Linear Unit) activation functions, which 

introduce non-linearity essential for learning intricate 

patterns from the input images. Following the activation, 

max-pooling operations are applied at regular intervals to 

reduce the spatial dimensions of the feature maps. This 

downsampling step decreases computational demands as 

the network grows deeper, helps control overfitting, and 

produces more abstract feature representations with 

fewer parameters. At the conclusion of the convolutional 

stack, VGG16 employs three fully connected layers, with 

the final layer utilizing a softmax activation function to 

produce class probability distributions. 

 

SE block 

The squeeze-and-excitation (SE) block [40] constitutes 

an innovative component in convolutional neural 

network design that enhances representational power by 

explicitly modeling channel-wise interdependencies. 

This lightweight module has shown notable 

improvements in CNN performance across diverse tasks 

and datasets, with only marginal increases in 

computational cost and no major structural changes. The 

SE block consists of two primary operations: squeeze and 

excitation. In the squeeze phase, global average pooling 

compresses spatial information from each feature map 

into a single-channel descriptor. This operation reduces 

each channel to a scalar value, effectively capturing a 

global summary of the feature responses across spatial 

dimensions and providing a compact representation for 

subsequent processing. 

During the excitation phase, a self-gating mechanism 

leverages these channel-wise statistics to adaptively 

recalibrate the feature maps. A gating operation with 

sigmoid activation learns inter-channel dependencies and 

generates modulation weights. These weights are then 

applied to the original feature maps, selectively 

amplifying informative channels while attenuating less 

relevant ones. This dynamic recalibration enables the 

network to emphasize the most task-relevant features. 

Consequently, integrating SE blocks substantially 

strengthens the network’s representational capacity. For 

example, in image classification applications [41], SE 

blocks allow models to prioritize more discriminative 

visual cues, improving accuracy. Figure 4 illustrates the 

structural flowchart of the SE block. 

 
Figure 4. Flowchart of the SE block architecture. The 

SE block improves model performance through 

channel-wise feature recalibration. 

 

The process begins with global average pooling, which 

condenses spatial information into a channel descriptor. 

This descriptor is subsequently passed through fully 

connected layers utilizing ReLU and sigmoid activations 

to produce scaling weights for each channel. The 

resulting weights are multiplied with the original 

convolutional feature maps, thereby emphasizing the 

most relevant features. 

 

Proposed VGG16-SE architecture 

Figure 5 presents the overall structure of the modified 

VGG16 model enhanced with SE blocks, specifically 

designed for the multi-label classification of chest X-ray 

images. The network accepts input images of standard 

dimensions (224 × 224 pixels with three color channels). 

It then proceeds through a series of convolutional blocks 

in which the number of filters progressively increases 

with network depth. The initial two convolutional layers 

each utilize 64 filters to extract low-level features from 

the input. Immediately after these layers, an SE block 

recalibrates the feature maps by dynamically adjusting 

channel-wise importance weights.
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Figure 5. Overview of the proposed network architecture. 

 

As the architecture deepens, the number of filters in 

subsequent convolutional blocks doubles sequentially—

to 128, then 256, and finally 512—each block followed 

by an SE module. These progressive increases enable the 

extraction of increasingly complex and abstract feature 

representations. The interleaved SE blocks further ensure 

that the most task-relevant features receive greater 

emphasis throughout the network. In the deepest layers, 

where 512 filters are employed, the SE blocks play a 

particularly important role in handling the high-

dimensional feature space. By selectively amplifying 

informative channels and attenuating less relevant ones, 

they help maintain focus on diagnostically significant 

information and prevent the dilution of critical signals. 

After the convolutional backbone, the model transitions 

to a classification head comprising three dense layers. 

The final dense layer applies a softmax activation 

function to generate probability distributions across the 

six target classes: lung opacity, COVID-19, normal, viral 

pneumonia, bacterial pneumonia, and tuberculosis. 

Integrating SE blocks into the VGG16 framework 

introduces an adaptive channel recalibration mechanism 

through squeeze-and-excitation operations. This addition 

allows the network to dynamically modulate the 

contribution of each feature channel within convolutional 

layers, thereby enhancing its discriminative capability. In 

medical image analysis, such as identifying lung diseases 

from chest X-rays, SE blocks enable the model to capture 

subtle pathological distinctions that the standard VGG16 

architecture may overlook. Such improvements are 

especially valuable in clinical practice, where diagnostic 

precision directly impacts clinical decision-making and 

patient prognosis. Table 3 summarizes the modified 

VGG16-SE architecture.
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Table 3. Detailed architecture of the proposed VGG16 model with SE blocks. 

Layer (Type) Output shape Number of params 

conv2d (Conv2D) (None, 224, 224, 64) 1792 

conv2d_1 (Conv2D) (None, 224, 224, 64) 36,928 

se_block (SEBlock) (None, 224, 224, 64) 580 

conv2d_2 (Conv2D) (None, 224, 224, 128) 73,856 

conv2d_3 (Conv2D) (None, 224, 224, 128) 147,584 

se_block_1 (SEBlock) (None, 224, 224, 128) 2184 

conv2d_4 (Conv2D) (None, 224, 224, 256) 295,168 

conv2d_5 (Conv2D) (None, 224, 224, 256) 590,080 

conv2d_6 (Conv2D) (None, 224, 224, 256) 590,080 

se_block_2 (SEBlock) (None, 224, 224, 256) 8464 

conv2d_7 (Conv2D) (None, 224, 224, 512) 1,180,160 

conv2d_8 (Conv2D) (None, 224, 224, 512) 2,359,808 

conv2d_9 (Conv2D) (None, 224, 224, 512) 2,359,808 

se_block_3 (SEBlock) (None, 224, 224, 512) 33,312 

conv2d_10 (Conv2D) (None, 224, 224, 512) 2,359,808 

conv2d_11 (Conv2D) (None, 224, 224, 512) 2,359,808 

conv2d_12 (Conv2D) (None, 224, 224, 512) 2,359,808 

se_block_4 (SEBlock) (None, 224, 224, 512) 33,312 

dense (Dense) (None, 256) 131,328 

dense_1 (Dense) (None, 128) 32,896 

dense_2 (Dense) (None, 6) 774 

Total params: 14,957,538 

Trainable params: 14,957,538 

Non-trainable params: 0 

 

Investigation outcomes 

Experimental setup 

The experimental environment for this study was set up 

on a Windows 11 Pro system with 32 GB of RAM and 

an NVIDIA RTX 3060 GPU with 12 GB of memory. The 

implementation was carried out in Python, utilizing 

Keras as the primary deep learning library with 

TensorFlow serving as the backend. Hyperparameters 

were selected through empirical optimization to balance 

training efficiency and model performance. All models 

were trained for 30 epochs, at which point performance 

metrics such as accuracy and loss demonstrated stable 

convergence, providing an optimal balance between 

computational time and effectiveness. The Adam 

optimizer was employed for its adaptive learning rate 

properties, which are particularly suitable for managing 

the fluctuating gradients common in neural network 

optimization. A learning rate of 0.0001 was adopted to 

ensure stable and gradual convergence, facilitating 

consistent loss minimization without excessively rapid or 

sluggish updates. A mini-batch size of 32 was chosen to 

balance computational efficiency and training stability 

while making effective use of GPU memory. Finally, 

categorical cross-entropy was used as the loss function, 

given its suitability for multi-class classification 

problems. Table 4 summarizes the hardware 

configuration and selected hyperparameters utilized in 

the experiments.

 

Table 4. Experimental setup and hyperparameter configuration. 

Parameter Specification / Value 

Operating System Windows 11 Pro 
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System Memory (RAM) 32 GB 

Programming Language Python 

Deep Learning Framework Keras with TensorFlow backend 

Graphics Processing Unit (GPU) NVIDIA RTX 3050 (12 GB) 

Training Epochs 30 

Optimization Algorithm Adam 

Learning Rate 0.0001 

Mini-Batch Size 32 

Loss Criterion Cross-entropy 

 

Performance metrics 

Evaluation metrics play a fundamental role in 

determining the proficiency and reliability of 

classification models. These measures are essential not 

only for assessing performance during training but also 

for evaluating the model’s ability to generalize 

effectively to unseen data. Key indicators such as 

accuracy, precision, recall, and F1-score provide 

comprehensive insights into model effectiveness and 

robustness [42-44]. 

 

Accuracy =
(TPos +  TNeg)

(TPos +  FNeg +  FPos +  TNeg)
  (1) 

 

Precision =  
TPos

(TPos +  FPos)
 (2) 

 

Recall =  
TPos

(TPos +  FNeg) 
 (3) 

 

F1 − score =  2 ∗
(Precision ∗  Recall)

(Precision +  Recall)
 (4) 

 

Where TNeg denotes the number of true negative 

instances correctly identified by the model. FPos 

represents false positives, where negative instances are 

incorrectly classified as positive. TPos refers to true 

positive instances that the model accurately recognizes. 

In contrast, FNeg indicates false negative cases where 

positive instances are mistakenly classified as negative. 

Table 5 presents a comparative analysis of the overall 

performance between the baseline VGG16 model and the 

proposed VGG16-SE variant. In terms of accuracy, 

which reflects the proportion of correct predictions 

across all classes, the modified VGG16-SE model 

achieved 98.49%, substantially outperforming the 

standard VGG16 model’s 96.78%. This gain 

demonstrates improved classification reliability and 

reduced false positives and false negatives. Precision 

increased from 95.91% in the original VGG16 to 98.41% 

in the enhanced model, indicating more reliable positive 

predictions and fewer erroneous disease identifications. 

Recall (sensitivity) rose from 96.41% to 98.07%, 

signifying a stronger ability to detect actual positive 

cases—an essential attribute in medical diagnostics 

where missed detections can have significant clinical 

consequences. Finally, the F1-score, representing the 

harmonic mean of precision and recall, improved from 

96.12% to 98.23%. This balanced metric confirms 

consistent enhancements in both precision and recall 

attributable to the incorporation of SE blocks. 

 

Table 5. Overall performance metrics comparison. 

Metric Classic VGG16 Modified VGG16-SE 

Accuracy 0.9678 0.9849 

Precision 0.9591 0.9841 

Recall 0.9641 0.9807 

F1-score 0.9612 0.9823 

 

The comparative evaluation in Table 6 shows notable 

improvements in precision, recall, and F1-score for 

various lung pathologies when comparing the standard 

VGG16 architecture with its SE-enhanced counterpart. 

For bacterial pneumonia, the baseline VGG16 achieved 

97.65% precision and a 95.91% F1-score. In contrast, the 

modified VGG16-SE model attained a recall of 98.78%, 

resulting in an improved F1-score of 98.09%. This 

enhancement reflects the model’s superior capacity to 

detect true cases while minimizing missed diagnoses. 

Regarding COVID-19, the VGG16-SE variant 

demonstrated exceptional performance with a precision 

of 99.46%, a recall of 99.73%, and an F1-score of 

99.59%, markedly surpassing the baseline VGG16’s 

precision of 98.50% and F1-score of 98.37%.  

For the normal category, integrating SE blocks increased 

precision (from 96.41% to 97.91%) and F1-score (from 

97.01% to 98.54%). These gains are particularly valuable 

for reducing false positives, thereby limiting unnecessary 

patient concern and follow-up procedures. For lung 
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opacity—a condition characterized by often subtle 

imaging findings—the modified model improved 

precision from 96.75% to 98.92% and F1-score from 

95.67% to 97.81%, enabling more reliable differentiation 

from other pathologies and supporting appropriate 

clinical management. Tuberculosis detection remained 

highly accurate in both architectures, with the SE-

enhanced model delivering a modest yet positive 

refinement in F1-score.  

The viral pneumonia category, which presented the 

greatest difficulty for the baseline VGG16 (precision of 

86.55% and F1-score of 90.13%), showed the largest 

gains. The VGG16-SE model increased precision to 

96.92% and F1-score to 95.64%, demonstrating the 

effectiveness of SE blocks in addressing conditions with 

overlapping radiographic features.

 

Table 6. Classification performance of the baseline VGG16 and the proposed VGG16-SE model across different 

lung conditions. 

 Classic VGG16 Modified VGG16-SE 

Lung Condition Precision Recall F1-Score Precision Recall F1-Score 

Bacterial 0.9765 0.9424 0.9591 0.9742 0.9878 0.9809 

COVID-19 0.9850 0.9823 0.9837 0.9946 0.9973 0.9959 

Normal 0.9641 0.9763 0.9701 0.9791 0.9919 0.9854 

Opacity 0.9675 0.9462 0.9567 0.9892 0.9674 0.9781 

Tuberculosis 0.9958 0.9972 0.9965 0.9986 0.9958 0.9972 

Viral 0.8655 0.9401 0.9013 0.9692 0.9438 0.9564 

 

Statistical analysis 

Table 7 summarizes the outcomes of the statistical 

evaluation performed using p-values and t-tests to 

determine the significance of the observed performance 

differences. The p-value for the baseline VGG16 model 

was 0.0506, slightly exceeding the standard significance 

threshold of 0.05 and indicating that the performance 

gains were not statistically significant. Conversely, the p-

value for the modified VGG16-SE model was 0.0368, 

falling below the 0.05 threshold and confirming that the 

improvements associated with SE block integration are 

statistically significant. 

 

Table 7. Statistical analysis results. 

Model p-Value t-Test 

Classic VGG16 0.0506 1.3450 

Modified VGG16-SE 0.0368 1.8404 

 

The t-test statistic for the standard VGG16 model was 

1.3450, suggesting a moderate performance differential 

relative to the enhanced version. Notably, the t-test value 

for the modified VGG16-SE model reached 1.8404, 

reflecting a more pronounced magnitude of 

improvement. These results collectively affirm the 

efficacy of the SE block, demonstrating that the 

performance gains are both statistically significant and 

practically meaningful. 

 

Confusion matrices and ROC curves 

The confusion matrix for the baseline VGG16 model, 

presented in Figure 6, demonstrates generally strong 

classification performance across several lung conditions 

while also revealing specific areas of misclassification, 

particularly among pathologies with similar radiographic 

appearances. The model reliably identifies COVID-19 

and normal cases; however, it frequently confuses 

bacterial and viral pneumonia, as shown by 33 bacterial 

pneumonia cases incorrectly assigned to the viral 

pneumonia category. Distinction between lung opacity 

and tuberculosis remains relatively robust, although 

minor overlaps with other classes persist. Overall, the 

model handles conditions with more distinctive features 

effectively but shows limitations when differentiating 

subtle or overlapping patterns.
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Figure 6. Confusion matrix for lung conditions using the baseline VGG16 model. 

 

In comparison, the confusion matrix for the modified 

VGG16 model incorporating SE blocks, shown in Figure 

7, indicates substantial improvements in classification 

accuracy and a marked reduction in misclassification 

rates across nearly all categories. The enhanced model 

demonstrates superior differentiation between bacterial 

and viral pneumonia, with considerably fewer erroneous 

assignments than the standard VGG16. The inclusion of 

SE blocks enables more effective focus on discriminative 

image features, thereby minimizing confusion arising 

from overlapping clinical and radiographic 

characteristics. Misclassifications involving normal 

cases and other pathologies are also notably reduced, 

reflecting the model’s improved generalization and 

discriminative capabilities across diverse presentations.

 

 
Figure 7. Confusion matrix for lung conditions using the VGG16 model with SE blocks. 

 

The receiver operating characteristic (ROC) curves for 

the baseline VGG16 architecture (Figure 8) and the 

enhanced VGG16-SE model (Figure 9) offer a detailed 

assessment of discriminative performance across the six 

diagnostic categories: bacterial pneumonia, COVID-19, 

normal, lung opacity, tuberculosis, and viral pneumonia. 
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These curves evaluate each model’s ability to distinguish 

between the presence and absence of specific conditions. 

For the standard VGG16 model in Figure 8, the ROC 

curves indicate strong overall performance, with high 

area under the curve (AUC) values across categories. 

Particularly noteworthy are the excellent results for 

COVID-19 (AUC of 0.9900) and tuberculosis (AUC of 

0.9983), reflecting high sensitivity and specificity. 

Performance remains solid but comparatively lower for 

bacterial and viral pneumonia, suggesting opportunities 

for further architectural refinement to improve 

discriminative power in these areas. 

The receiver operating characteristic (ROC) curves for 

the baseline VGG16 architecture (Figure 8) and the 

enhanced VGG16-SE model (Figure 9) offer a detailed 

assessment of discriminative performance across the six 

diagnostic categories: bacterial pneumonia, COVID-19, 

normal, lung opacity, tuberculosis, and viral pneumonia. 

These curves evaluate each model’s ability to distinguish 

between the presence and absence of specific conditions. 

For the standard VGG16 model in Figure 8, the ROC 

curves indicate strong overall performance, with high 

area under the curve (AUC) values across categories. 

Particularly noteworthy are the excellent results for 

COVID-19 (AUC of 0.9900) and tuberculosis (AUC of 

0.9983), reflecting high sensitivity and specificity. 

Performance remains solid but comparatively lower for 

bacterial and viral pneumonia, suggesting opportunities 

for further architectural refinement to improve 

discriminative power in these areas.

 

 
Figure 8. ROC curves for lung conditions using the baseline VGG16 model. 

 

 
Figure 9. ROC curves for lung conditions using the modified VGG16 model with SE blocks. 
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By contrast, the ROC curves for the VGG16-SE model 

in Figure 9 demonstrate considerable enhancement 

across all categories. The incorporation of SE blocks 

strengthens the model’s ability to emphasize 

diagnostically relevant features, yielding AUC values 

approaching 1.00 for several conditions, including 

COVID-19 and tuberculosis, indicating near-perfect 

classification. For instance, the AUC for bacterial 

pneumonia increased from 0.9699 in the baseline model 

to 0.9924 in the SE-enhanced version. These 

advancements highlight the substantial contribution of 

SE blocks in boosting sensitivity and minimizing false 

positives and negatives. Such improvements hold 

significant clinical value, as accurate multi-class 

categorization of chest X-ray findings is essential for 

effective treatment planning. The superior sensitivity and 

specificity of the VGG16-SE model can help reduce 

diagnostic errors and provide clinicians with a 

dependable decision-support tool for pulmonary disease 

assessment. 

 

Comparative analysis with other relevant studies 

Table 8 presents a comparative overview of recent 

research on multi-class lung disease classification using 

various deep learning approaches, highlighting 

differences in methodologies and achieved accuracies. 

Each study investigated different convolutional neural 

network architectures applied to chest X-ray images to 

identify multiple pulmonary conditions. 

Ref. [24] employed a standard 2D-CNN architecture on 

a dataset of 14,948 images spanning six disease 

categories, attaining an accuracy of 96.75%. This result 

establishes a respectable benchmark for relatively 

straightforward CNN models in complex image 

classification tasks. In comparison, Ref. [25] investigated 

a modified VGG19 architecture on a substantially larger 

dataset of 48,582 images across six categories, achieving 

a higher accuracy of 98.88%. These findings show that 

targeted modifications to established architectures such 

as VGG19 can yield considerable gains in diagnostic 

performance.

Table 8. Comparison with other relevant studies on lung disease identification. 

Reference 
No. of 

classes 

Dataset size 

(Images) 
Classification model 

Accuracy 

(%) 

[24] 6 14,948 2D Convolutional Neural Network (2D-CNN) 96.75 

[25] 6 48,582 Enhanced VGG19 98.88 

[26] 6 5700 VGG16 with Multi-Scale Features 97.47 

[27] 5 2186 ResNet50 91.60 

[28] 4 21,885 ResNet-152 94.00 

[29] 4 21,165 Modified MobileNetV2 95.80 

**Proposed method 6 49,299 VGG16 Incorporating SE Blocks 98.49 

 

Another study [26] utilized a VGG16 model augmented 

with multi-scale feature processing on a dataset of 5,700 

images, reaching an accuracy of 97.47%. This approach 

demonstrates how multi-scale techniques can enhance 

sensitivity to features of varying scales and improve 

overall classification effectiveness. Ref. [27] applied 

ResNet50 to a smaller dataset of 2,186 images across five 

categories, achieving 91.60% accuracy. Meanwhile, Ref. 

[28] employed the deeper ResNet-152 architecture on 

21,885 images across four categories, achieving 94.00% 

accuracy. These results emphasize the influence of both 

dataset size and network depth on model performance. 

Ref. [29] introduced modifications to the MobileNetV2 

architecture—a lightweight model suitable for mobile 

applications—using 21,165 images across four disease 

categories and achieving 95.80% accuracy. This work 

highlights the viability of efficient models in medical 

imaging applications, achieving a favorable balance 

between computational demands and accuracy. The 

present study contributes a VGG16 architecture 

enhanced with SE blocks, evaluated on a large dataset of 

49,299 images across six categories. The proposed model 

attained an accuracy of 98.49%, demonstrating that 

integrating SE blocks can markedly improve the 

performance of established architectures. By adaptively 

recalibrating channel-wise feature responses, SE blocks 

enable more effective emphasis on informative features, 

thereby enhancing overall diagnostic precision. 

 

Results and Discussion 

 

This study examined the relative performance of the 

conventional VGG16 architecture and its enhanced 

counterpart, VGG16-SE, which incorporates squeeze-
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and-excitation blocks, for the multi-class classification of 

lung pathologies from chest X-ray images. Experimental 

results, analyzed through confusion matrices and ROC 

curves, showed consistent improvements in key 

evaluation metrics—including precision, recall, and F1-

score—when using the VGG16-SE model. These gains 

can be attributed to the SE blocks’ capacity to 

dynamically recalibrate channel-wise feature responses, 

enabling the model to prioritize the most relevant 

characteristics for each diagnostic class. Such refinement 

is particularly important in medical imaging, where 

accurate classification directly influences clinical 

decision-making and therapeutic strategies. 

The superior accuracy and robustness of the modified 

VGG16-SE model carry important implications for 

clinical applications and patient care. By reducing false 

positive and false negative rates, the model offers 

clinicians a more trustworthy diagnostic aid, which may 

support earlier identification of pulmonary diseases. This 

capability is especially valuable for time-sensitive 

conditions such as tuberculosis and COVID-19, where 

prompt and precise diagnosis is closely linked to 

treatment success and improved patient prognosis. 

Furthermore, the enhanced precision and recall support 

integrating this model into routine radiological 

workflows, serving as an effective second reader to assist 

radiologists, minimize interpretive errors, and ultimately 

improve the quality of patient management. 

Integrating advanced components such as SE blocks into 

convolutional neural networks represents a meaningful 

step forward in applying deep learning to medical image 

analysis. This approach introduces an attention-like 

mechanism that adaptively modulates feature channel 

contributions, amplifying informative signals while 

attenuating less relevant ones. Consequently, the model 

achieves greater sensitivity and specificity in detecting 

pathological patterns. By automating routine diagnostic 

tasks, providing reliable decision support, and enabling 

sophisticated medical image analysis, systems like the 

VGG16-SE model can alleviate workload pressures on 

healthcare systems and improve both operational 

efficiency and clinical outcomes. 

Successful adoption of such advanced AI tools in clinical 

environments depends significantly on comprehensive 

training and education of healthcare professionals. 

Equipping medical staff with the knowledge and skills to 

use these technologies effectively is essential for their 

seamless incorporation into daily practice. Targeted 

training initiatives focused on the practical use of AI in 

diagnostics, supported by continuous education and 

system updates, will be instrumental in developing a 

workforce capable of fully harnessing the benefits of 

artificial intelligence in healthcare. 

 

Conclusion 

 

This investigation demonstrates a meaningful 

advancement in the multi-label classification of lung 

diseases from chest X-ray images through the integration 

of SE blocks into the standard VGG16 architecture. 

Incorporating these blocks substantially improved 

precision, recall, and F1-score across a range of 

pulmonary conditions, increasing the reliability and 

accuracy of automated diagnosis in clinical settings. Such 

enhancements are vital for enabling timely and 

appropriate patient care. The findings affirm that 

strategic architectural modifications, including adding 

SE blocks to conventional CNNs, can significantly 

improve model performance. The proposed VGG16-SE 

architecture shows a stronger ability to discern intricate 

patterns and subtle radiographic distinctions that 

unmodified networks often miss. This capability is 

especially advantageous when addressing complex and 

overlapping lung pathologies, where early and accurate 

detection can profoundly affect clinical outcomes. 

Future research directions may include expanding the 

training dataset to encompass a wider variety of 

pathological presentations and greater demographic 

diversity. Incorporating data from more heterogeneous 

populations would further improve the model’s 

generalizability, ensuring robust performance across 

different patient groups and accounting for variations in 

disease manifestation and imaging protocols influenced 

by demographic and regional factors. 
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