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Abstract

This study aims to improve pneumonia diagnosis by integrating attention-based U-Net mod-
els for lung segmentation with fuzzy logic-enhanced CNNs for classification. This approach
addresses the limitations of inadequate modelling of complex spatial relationships in medical
images. The underutilization of fuzzy logic with dilated convolutions has restricted the ex-
traction of multiscale features. We utilized 18,608 chest X-ray (CXR) images. Subsequently,
these images were segmented using four models namely: U-Net, Attention U-Net, Pruned U-
Net and U-Net++. Fuzzy logic system was used to process the segmented data. Additionally,
we show that the dilated CNN architecture for improved classification performance. In lung
segmentation, our experimental results indicate that Attention U-Net (AU) achieved 1% better
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mean accuracy, 2% better mean Jaccard and Dice than U-Net, pruned U-Net and U-Net++.
In the classification, the model has demonstrated 10% better mean accuracy over augmented
U-Net and Attention U-Net based segmented data. ROCs have shown that augmented effect
has 15% better AUC in bacterial pneumonia class. Additionally, we saw a 4% improvement
with fuzzy logic. The integration of fuzzy dilated CNN with Attention U-Net segmentation
presents a 1% better accuracy compared to U-Net. Best AUC achieved was 0.98 in bacterial
pneumonia. Our findings underscore the critical role of attention mechanisms and augmentation
in enhancing medical image analysis. The integration of Attention U-Net for segmentation and
fuzzy dilated CNN for multi-class classification significantly improves diagnostic accuracy and
reliability. This approach has the potential to revolutionize pneumonia diagnosis, leading to
better patient outcomes and more efficient healthcare delivery.

Keywords: Chest X-ray; pneumonia; lung segmentation; attention; fuzzy logic; dilated CNN.

1 Introduction

Medical image analysis of chest X-ray interpretation plays a pivotal role in diagnosing respiratory
diseases [1]. Coronavirus Disease (COVID), viral pneumonia, bacterial pneumonia, and tuberculosis
are closely related lung disease [2–4]. Deep learning (DL) is preferred over machine learning (ML)
for pneumonia prediction [5]. This is due to better performance outcomes and automatic feature
extraction [6–8] for viral pneumonia [9, 10] and bacterial pneumonia [11] are different due to virus
and bacterial effects.

In the realm of respiratory diseases, the differentiation between conditions like bacterial pneu-
monia, viral pneumonia, COVID-19, and tuberculosis remains a significant challenge, compounded
by the high mortality rates, substantial healthcare costs, and complex co-morbidities associated
with these illnesses [12–17]. The current diagnostic paradigm, based on the interpretation of tradi-
tional radiographs has limitations in reliability and accuracy that require advanced solutions [18].
The urgency of this research is highlighted by the dual burdens posed on the health and economic
system worldwide, as well as the complexities those respiratory diseases such COVID-19, pneumo-
nia and tuberculosis bring in term of co-morbidity. This places a substantial financial burden on
global health systems through associated direct costs for treatment and indirect impacts upon pro-
ductivity, whilst facing healthcare providers with myriad challenges in patient management which
fundamentally arise from the systemic interplay of these diseases. Our effort is aimed at tackling
these profound issues by proposing an advanced DL-based diagnostic tool that will improve the
accuracy and efficiency of diagnosis to significantly reduce economic burden, while maintaining
standard patient care in case of multiple co-morbidities [19–21].

A single-center cohort study assessed [22] pneumonia in 585 mechanically ventilated patients,
including 190 with COVID-19, with ICU physicians adjudicating episodes. CarpeDiem, a machine-
learning tool, revealed prolonged ICU stays among COVID-19 [23] patients due to respiratory
failure, with higher mortality rates associated with unresolved ventilator-associated pneumonia
(VAP). A multicentre, double-blind, randomized, controlled, superiority trial provides compelling
evidence supporting the efficacy and safety of inhaled amikacin as a therapeutic intervention in
critically ill adults undergoing invasive mechanical ventilation [24,25].

Segmentation helps medical images to extract relevant section for the classification of disease
[26–29]. For lung image segmentation [30], we explore four distinct architectures: U-Net [31],
Pruned U-Net [32], Attention U-Net [33], and U-Net++ [34]. These models are specifically tailored
for medical image segmentation, leveraging their ability to capture spatial information and generate
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precise segmentation masks [35]. U-Net, a convolutional neural network (CNN) based encoder-
decoder architecture, serves as the baseline model [5, 36, 37]. Basic architecture of our model
(COVLIAS 3.5) is depicted in Figure 1. It is divided into three parts: segmentation, preprocessing
using fuzzy logic and classification model.

Figure 1: COVLIAS 3.5: Basic architecture of medical image analysis. DL: Deep Learning.

Throughout our experiments, we evaluate the performance of each model using a range of eval-
uation metrics, including the Jaccard index [38], Dice coefficient [39], accuracy, recall, area under
the curve (AUC), precision, and F1-score. These metrics provide valuable insights into the efficacy
of our proposed methodologies in accurately segmenting abnormalities and classifying chest X-ray
images. At the core of our study lies the supposition that utilizing state-of-the-art segmentation
architectures and FDCNN for classification will give remarkable results concerning accurately pin-
pointing respiratory diseases as opposed to traditional models. This hypothesis provides the basis
for our experimental design and metric selection, which serve as a representation of how we are
dedicated to pushing the limits on medical imaging. We also explore how different augmentation
techniques can improve the performance of our model, hence leading to a more robust and gen-
eralizing AI-model [40, 41]. In a novel approach to the field of medical image segmentation and
classification, this study seeks to apply fuzzy logic with dilated CNNs. Additionally, the sophisti-
cation of advanced data augmentation strategies to enhance model generalization and performance
promise a significant advancement that goes beyond current state-of-the-art approaches in applying
DL for medical diagnostics. The validation of our hypotheses in this study remains outside the
scope and scale required for accepted use but will be significant at application levels as it can solve
a major unmet clinical need;

This paper is structured into eight sections. The first section provides an introduction, followed
by the background in the second section. The third section details the materials and methods
used. The fourth section presents the experimental results, and the fifth section discusses the ROC
analysis of the classification model. The sixth section addresses the reliability and stability of the
AI models. In the seventh section, we provide a discussion of the findings. Lastly, the final section
offers the conclusion.
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2. Background Literature

Recent events have underscored the critical limitations inherent in conventional diagnostic method-
ologies when confronting pulmonary diseases. These shortcomings have been particularly apparent
in the diagnosis and management of conditions such as tuberculosis, viral pneumonia, bacterial
pneumonia, and most notably, throughout the unprecedented challenges of the COVID-19 pan-
demic. This backdrop highlights an urgent need for the advancement and adoption of more effective
diagnostic techniques to better address and mitigate the impact of lung disorders [42]. Despite being
essential for the clinical evaluation of these illnesses, chest CT scans and X-rays have several intrin-
sic drawbacks, including high expense, restricted accessibility, and subjective interpretation [43–47].
These difficulties not only jeopardize the accuracy of diagnoses but also highlight how urgent it is
for medical imaging technologies to progress.

The use of AI in medical imaging has had a transformational impact (source) on the discipline
and presents exciting opportunities to address long-term challenges. Early uses of AI, particularly
methods with machine learning, made a strong case for reshaping diagnoses. One major develop-
ment was the emergence of DL and CNNs [48–52]. CNNs have been broadly utilized in recognizing
CXRs and CT images because of their capacity for progressive element extraction, demonstrating
better execution to recognize strong and weak signalization lung diseases [53,54]. Artificial intelli-
gence has led to new developments in medical imaging, with machine learning algorithms promising
early advancements for improving diagnostics [55–58]. A remarkable step was introduced with the
evolution of DL, more specifically CNNs which outperform for CXR and CT images analysis due
to high level feature extraction. Thus, enhancing detection and classification of lung diseases. In
recent years fuzzy logic has been explored in AI models which served as an advanced guide to image
assessment [59, 60]. Fuzzy logic can be very useful in image analysis of pulmonary diseases as it
is able to interpret contradiction and uncertainties which may lead a more robust and accurate
diagnosis.

Jiang et al. [61] has explained the importance of fuzzy in medical imaging but utilization of larger
receptive field is missing. Similarly Narayan et al. [62] explained the use of FuzzyNet for effective
classification of medical image dataset but utilization oof fuzzy for feature vector is missing. Zhao et
al. [63] and Wang et al. [64] have helped us to utilize the attention mechanisms with fuzzy network
to get better features for classification. In this paper, we seek to address this gap by integrating
advanced segmentation techniques using classification using fuzzy logic-enhanced CNNs [65] to
improve the diagnostic accuracy and reliability of pneumonia detection in chest X-rays.

Given the complexity and variability in lung diseases, particularly in multi-class classification
scenarios [66], we hypothesize that integrating fuzzy logic into the classification framework can be
highly effective. This study, therefore, introduces a new dimension to the research in this field,
emphasizing the potential of fuzzy logic to enhance classification accuracy and robustness. The
limited number of studies exploring this approach underscores the novelty and significance of our
investigation, pushing the boundaries of current research and offering substantial contributions to
the field of medical imaging.

3. Materials and Method

In this work, we have extracted the features from different state-of-the-art techniques to improve
chest X-ray image analysis. It helps us to propose a novel methodology with pre-processed fuzzy
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data. The complete methodology is divided into four sections. First 18608 X-ray images are
collected and pre-processed for training, validation, and testing. In the second step, we segmented
the data using four segmentation models U-Net, U-Net++, Pruned U-Net, and Attention U-Net.
The best outcome among the four has been utilized for the third step, fuzzy logic, we have used
fuzzy logic to deal with uncertainty and imprecision in the image dataset. This processed clean
data is utilized for classification using Dilated CNN models. This helps us to utilize a larger
receptive field for multiclass classification. The experiments conducted in the study compare these
segmentation models, using FDCNN and augmenting techniques. The performance of the models
has been assessed using evaluation metrics such as accuracy, recall, precision, F1-score, Dice, and
Jaccard to ensure robustness against clinically relevant outcomes.

3.1 Data Collection and Preprocessing

We used 18,608 chest X-ray images extracted from three different datasets: the ”COVID-19 Ra-
diography Dataset,” the ”Chest X-ray Images (Pneumonia)” dataset and finally, the ’Tuberculosis’
TB Chest X-Ray Database. Covid-19 Radiography Dataset (3,616 COVID-19 images + 1,345 VP
Images + 10,167 Normal Images). We selected all COVID-19, VP, and normal images from this
dataset. The ”Chest X-ray Images (Pneumonia)” data was provided by the Guangzhou Women
and Children’s Medical Centre, and contains 5,863 X-rays, including 2,780 bacterial pneumonia
(BP) images, all of which we used. The ”Tuberculosis (TB) Chest X-ray Database” includes 700
images of TB patients, and we utilized all these TB images. To validate the model, we randomly
selected 10% of the images for validation and another 10% for testing from each class, ensuring
each class was equally represented. To balance the class of the dataset, we have also performed
augmentation [67] after fuzzy preprocessing data [68].

Dataset assembly and baseline curation follow the approach of Nillmani et al. [87]. Authors
have assembled the COVID-19 Radiography Database, Chest X-ray Images (Pneumonia), and
Tuberculosis Chest X-ray Database for multiclass pneumonia classification.

3.2 Four Image Segmentation models: U-Net, Pruned U-Net, Attention U-Net,
U-Net++

U-Net Architecture

It is CNN based encoder-decoder architecture. It is well-suited for segmenting images of our medical
images. The U-Net’s ability to capture spatial information and generate accurate segmentations
helped us to segment desired section. It can effectively learn features from the input images and
produce corresponding segmentation masks, providing valuable insights into the regions of interest
within the images. Our U-Net model is presented in Figure2

Pruned U-Net

Given the relatively smaller size of our dataset images, employing a Pruned U-Net can help optimize
computational resources without compromising segmentation performance [32]. Pruned U-Net can
remove unnecessary parameters and build a more effective model to the target features given. This
make sure that the segmentation tasks can be achieved easily on devices with considerably lower
computational capabilities.
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Figure 2: U-Net architecture for segmentation.

Attention U-Net

Attention U-Net would be useful in this dataset as it allows the network to focus on a particular
region, when necessary, thus improving the accuracy of the segmentation. In the dataset, only
the lungs, heart, and clavicles are to be segmented, which means that it can be useful to focus on
the details and ensure no other anatomical features are labelled. In other words, unlike the organ
focusing, attention U-Net can be used to make sure no noise is introduced in the segmentation.

U-Net++

U-Net++ is derived from the fundamental U-Net structure as an attempt to overcome its deficiency
in effective hierarchical feature capturing by the encoder. This technique takes advantage of skip
connections at the different levels through the encoder and the decoder [69]. The intent is to capture
multiscale information and enhance the capability to obtain higher-level features that can refine
the previous point of the object position at an alternative stage. U-Net++ can not only improve
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the accuracy of image segmentation but also increase the robustness of the technique in relation to
items of various shapes and sizes. U-Net, Selected U-Net, Attention U-Net, and U-Net++ haves
are the four main segments in the process used for segmentation [35]. The process is applied to
extract a specific portion. The attribute is also classified after being processed over fuzzy logic.

3.2 Fuzzy-Based Dilated CNN Architecture

We have proposed an architectural framework wherein original images and their corresponding
masks traverse through a series of segmentation models U-Net, Pruned U-Net, Attention U-Net,
and U-Net++. These segmentation models are meticulously designed to effectively delineate the
intricate features present within the images. The resultant predicted masks serve as pivotal com-
ponents in the segmentation process, facilitating the accurate categorization of images into five
distinct classes: Covid, Normal, Tuberculosis, Viral Pneumonia, and Bacterial Pneumonia.

To pre-process the segmented images, we use fuzzy logic that deals with uncertainty and impre-
cision. It helps us with noise reduction and image enhancement of segmented images. Fuzzy logic
is a better method for handling uncertainty in images by choosing an intermediate value between
true and false. We have used four steps for this process. In the first fuzzy logic process, we con-
verted the pixel intensities saved into a variable. We defined it as dark (Dark (I(x, y))) medium
(Medium(I(x, y))) and bright (Bright(I(x, y))). After this, we have used fuzzy rules to increase,
leave or decrease the brightness of pixels. Fuzzy rules are utilized for fuzzy inferences. It helps
to evaluate the antecedent of each rule using fuzzy logic operators (AND, OR, and NOT). It also
computes the degree of truth for each rule. The last process of defuzzification has been performed.
It converts the fuzzy output into a crispy output by aggregating the fuzzy inferences results.

Let I represent the input pixel intensity, and O represent the output brightness adjustment.
The fuzzy sets D, M, and B represent the membership functions for dark, medium, and bright pixel
intensities respectively. Then, the fuzzy rules can be represented as:

• If I is D, then O Increases.

• If I is M, then O should Leave.

• If I is B, then O Decreases.

Mathematically, these rules can be represented as a set of if-then rules:

• If I is D(i), then O is Increases (o) with membership function µ increases (o).

• If I is M(i), then O is Leave(o) with membership function µ Leave(o).

• If I is B(i), then O is Decrease(o) with membership function µ Decrease(o).

These membership functions µIncrease(o), µLeave(o), and µDecrease(o) determine the degree
to which the brightness should be increased, left unchanged, or decreased based on the intensity of
the pixel. After pre-processing the images, we used dilated CNN for classification. It captures the
larger contextual information compared to traditional CNN. It also adds gaps in the convolution
kernels and allows sparser feature learning. Dilated CNN can be performed with equation 1. To
compute a dilated CNN operation, let’s assume feature map X, filter W, output feature map Y,
and dilation rate d.
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Y [i, j] =
∑
m,n

X[i · s+m · d, j · s+ n · d]×W [m,n] (1)

Where, i and j represent the spatial indices of the output feature map, m and n are the spatial
indices of the filter, s is the stride and d represents the dilation rate. Leveraging the K5 cross-
validation protocol, the proposed architecture, Figure3, is adept at capturing and learning intricate
patterns and relationships within the data. It depicts the overall architecture of CNN classification
architecture. Figure4 illustrates the COVLIAS 3.5 system, a comprehensive AI pipeline for mul-
ticlass classification of lung conditions using medical images. The process begins with raw input
images undergoing quality control procedures, including normalization and augmentation. Various
segmentation models (U-Net, U-Net++, Attention U-Net, Pruned U-Net) are then employed to
segment the lung regions, resulting in a segmented image. This segmented image is processed using
fuzzy logic to enhance the decision-making process before being classified into specific conditions
(Bacterial Pneumonia, COVID-19, Normal, Tuberculosis, Viral Pneumonia) by the AI model.

Figure 3: Overall architecture of AI model: CNN architecture.

Figure 4: COVLIAS 3.5: Overall architecture of proposed AI system using FDCNN.

3.3 Experimental Protocols

Experiment 1: Comparing U-Net, Attention U-Net, Pruned U-Net, and U-Net++ for
Segmentation

In this experiment, we compared the segmentation performance of four different models: U-Net,
Attention U-Net, Pruned U-Net, and U-Net++. Each model was tasked with segmenting chest X-
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ray images to isolate regions indicative of various conditions, such as COVID, Normal, Tuberculosis,
Viral Pneumonia, and Bacterial Pneumonia. We evaluated these models based on their ability to
accurately capture relevant features within the images using metrics such as the Jaccard index,
Dice coefficient, and overall segmentation accuracy. This experiment aimed to identify the most
effective segmentation architecture for subsequent classification tasks.

Experiment 2: Implementing the Fuzzy Dilated CNN Method for Classification using
Segmented Data

In the second experiment, we implemented a FDCNN method to classify the segmented images
obtained from Experiment 1. The fuzzy logic component was used to pre-process the segmented
images, enhancing their quality by reducing noise and handling uncertainty. The dilated CNN
architecture then utilized these pre-processed images to classify them into five categories: COVID,
Normal, Tuberculosis, Viral Pneumonia, and Bacterial Pneumonia. The performance of this clas-
sification model was assessed using precision, recall, F1-score, and the area-the-under-the-curve
(AUC) to determine its effectiveness in accurately diagnosing the various conditions.

Experiment 3: Integrating Augmentation Techniques into the Training Pipeline

The third experiment focused on enhancing the model’s robustness and generalizability by inte-
grating data augmentation techniques into the training pipeline. This process involved artificially
increasing the size and diversity of the training dataset through various transformations, such as
rotations, translations, and scaling. By training the FDCNN on this augmented data, we aimed
to improve its ability to generalize across different variations and achieve higher classification ac-
curacy. The impact of data augmentation was measured by comparing the classification metrics,
including precision, recall, F1-score, and AUC, before and after augmentation.

3.4 Evaluation Metrics

We employed metrics such as True Positive (TP), True Negative (TN), False Positive (FP), and
False Negative (FN) to evaluate the performance of our models. These metrics facilitated the
calculation of accuracy (η) as outlined in Equation 2, recall (ρ) in Equation 3, precision (℘) in
Equation 4, and F1-score (𭟋) in Equation 5. In addition, we used Dice and Jaccard coefficients,
detailed in Equation 6 and Equation 7 respectively, where ζ denotes the intended target items and
γ denotes the items identified by our model. Moreover, the ROC curve and the AUC were analysed
to determine the models’ ability to differentiate between classes effectively.

η =
TP + TN

TP + FP + FN + TN
(2)

ρ =
TP

TP + FN
(3)

℘ =
TP

TP + FN
(4)

𭟋 = 2 · ℘ · ρ
℘+ ρ

(5)
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β(γ, ζ) = 2
|γ||ζ|

|γ|+ |ζ|
(6)

I(γ, ζ) =
β(γ, ζ)

2− β(γ, ζ)
(7)

3.5 Loss Function and Optimization

Categorical cross-entropy loss (Equation 8) is crucial for fine-tuning models, especially with imbal-
anced healthcare data. It penalizes incorrect predictions, thus encouraging accurate and reliable
classifications. For tasks like identifying diabetes risk levels, it ensures sensitivity to less frequent,
high-risk cases, improving predictive accuracy. In this study, we implemented cross-entropy loss
to enhance model performance and clinical relevance, aiding early detection and stratification of
diabetes risk, ultimately aiming to improve patient outcomes and healthcare efficiency.

Categorical Cross-Entropy = −
K∑
c=1

yc log(pc) (8)

In the Equation 8, K represents the total number of classes. Here, yc is a binary indicator
that takes the value 1 if the class c is the correct classification for the given observation and 0
otherwise. pc denotes the predicted probability that the observation belongs to class c. This loss
function measures the dissimilarity between the true class distribution and the predicted probability
distribution, ensuring that the model’s predictions become more aligned with the actual distribution
of classes.

4. Experimental Results

In this section, we present the experimental results of our segmentation and classification models on
medical imaging datasets. We evaluate the performance of various U-Net architectures, including
U-Net, Pruned U-Net, Attention U-Net, and U-Net++, using metrics such as Jaccard, Dice, and
accuracy. Additionally, we assess the classification performance of a FDCNN applied to segmented
data, both with and without data augmentation, across multiple disease classes. The results under-
score the importance of model architecture and optimization techniques in enhancing segmentation
and classification accuracy, particularly in critical medical applications.

4.1 Segmentation Results

We have used U-Net, Pruned U-Net, Attention U-Net and U-Net++ for segmentation. Jaccard,
Dice and accuracy for each class.

Bacterial Pneumonia

The Table 1 presents the performance metrics of four segmentation models in diagnosing Bacterial
Pneumonia. Each model’s accuracy, Jaccard index, and Dice coefficient are evaluated to gauge their
effectiveness in accurately delineating the regions of interest. Among the models assessed, the U-Net
architecture achieves an accuracy of 90.53%, with corresponding Jaccard and Dice scores of 88%
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and 93.61%, respectively. The pruned version of U-Net maintains competitive performance, regis-
tering a slightly lower accuracy of 90.35% but achieving marginally better Jaccard and Dice scores
at 88.23% and 93.7%, respectively. Notably, the Attention U-Net model demonstrates superior per-
formance, attaining an accuracy of 90.73% along with impressive Jaccard and Dice scores of 89.05%
and 94.21%, respectively. Conversely, U-Net++ exhibits a comparable accuracy of 90.31% to its
counterparts but slightly lower Jaccard and Dice scores at 88% and 93.01%, respectively. These
results underscore the significance of model architecture and optimization techniques in enhancing
the accuracy and precision of segmentation tasks, particularly in critical medical applications like
pneumonia diagnosis. Figure5 shows the predicted mask using these four models.

Table 1: Segmentation model performance matrix for all five classes.

Model Accuracy (%) Jaccard (%) Dice (%)

Bacterial Pneumonia

U-Net 90.53 88.00 93.61
Pruned U-Net 90.35 88.23 93.70
Attention U-Net 90.73 89.05 94.21
U-Net++ 90.31 88.00 93.01

Tuberculosis

The U-Net architecture achieves a commendable accuracy of 90.59%, with corresponding Jaccard
and Dice scores of 93.038% and 96.39%, respectively. Similarly, the pruned version of U-Net
maintains high performance, recording a slightly higher accuracy of 90.72% while maintaining
identical Jaccard and Dice scores at 93.04% and 96.39%, respectively. The Attention U-Net model
emerges as the top performer in this context, boasting an accuracy of 90.85% along with impressive
Jaccard and Dice scores of 93.33% and 96.55%, respectively. Contrastingly, U-Net++, although
achieving a competitive accuracy of 90.26%, exhibits lower Jaccard and Dice scores at 87.98%
and 93.36%, respectively. These results underscore the significance of model architecture and
optimization techniques in improving the precision and efficacy of Tuberculosis detection through
image segmentation, thereby potentially aiding in early diagnosis and treatment planning for this
infectious disease.

COVID

As for the U-Net COVID dataset, it shows an efficient performance and reaches 93.83% accuracy
with Jaccard and Dice as 95.57% and 97.73%. The pruned U-Net kept the same level of accuracy,
with a reduction to 93.75% but very high Jaccard and Dice values as well, reaching 94.99% and
97.43%, respectively (Figures 4). This means that, in this setting a model compete for the best
areas in the Attention U-Net emerges as our leading algorithm with an accuracy of 93.9%, along
with incredible Jaccard and Dice scores reaching 96.37% and 98.15%, respectively. Nevertheless,
with 92.12%, U-Net++ achieves a quite high accuracy although the Jaccard and Dice scores are
much lower at 83.33% and 90.91%. These findings suggest a significant role for choosing appropriate
model architectures and optimization strategies in the accurate segmentation of COVID-19-related
abnormalities, which can contribute toward early diagnosis and treatment planning support to
patients suffering from this disease.
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Figure 5: Row1: BP predicted mask using U-Net; Row2: BP predicted mask using Pruned U-Net;
Row3: BP predicted mask using Attention U-Net; Row4: BP predicted mask using U-Net++.

Viral Pneumonia

The U-Net architecture shows excellent performance with an accuracy of 92.84% and Jaccard and
Dice score at 94.62 and 97.24% respectively. Pruned U-Net shows a slightly reduced accuracy to
92.76% while producing impressive Jaccard and Dice scores of 94.09% and 96.95% respectively.
Throughout all the experiments, we got an accuracy of 92.78% with Jaccard and Dice as 94.2%
and 97.01%, which is competitive with the best models from Kaggle competition Attention U-
Net model [12]. On the other side, U-Net++ which has good accuracy: 92.21% produces lesser
Jaccard and Dice scores of 87.06% and 93.08%, respectively as such results highlight the importance
of model architectures selection and optimization strategies for robust detection Viral Pneumonia-
related abnormalities, to potentially assist in early diagnosis and treatment planning among patients
with this condition.
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Normal

U-Net architecture has successful performance with an accuracy of 98.63% and Jaccard score:
94.84%, Dice score: 97.35%. Figure 5: The pruned U-Net score an accuracy of 98.5%, competitive
Jaccard and Dice scores equivalent to 94.84% and 97.35%, respectively. The Attention U-Net model
outperforms with an accuracy of 98.69% and Jaccard score of 95.11%, Dice score - 97.49%. On the
other hand, U-Net++ scores quite lower Jaccard and Dice values of 94.23% and 97.05%, despite
its accuracy was relatively high at the level of 95.76%. This supports the selection of appropriate
model architectures and optimization techniques in recognising normal regions from medial image
data. Besides, normal tissue segmentation is a critical prerequisite for multiple medical applications
like anomaly detection or disease diagnosis.

4.2 Classification Results

Results of multiclass classification using Fuzzy Dilated CNN

Table 2 illustrates the performance metrics of the Fuzzy Dilated CNN when applied to classify
data segmented by U-Net without augmentation for several disease classes including Bacterial
Pneumonia, COVID, Normal, Tuberculosis, and Viral Pneumonia. For Bacterial Pneumonia, the
metrics show a precision of 0.81, a recall of 0.77, an F1-score of 0.79, and an AUC of 0.87, leading
to an average accuracy of 84%. In COVID classifications, the precision reaches 0.81, recall stands
at 0.75, F1-score at 0.78, and AUC at 0.85. The average accuracy detail is omitted. The model
performs best with the Normal category, achieving a precision of 0.90, a recall of 0.95, an F1-score
of 0.92, and an AUC of 0.91. The precision for Tuberculosis is 0.84 with a recall of 0.65, an F1-score
of 0.74, and an AUC of 0.82. Viral Pneumonia classification shows lower results, with a precision
of 0.55, a recall of 0.56, an F1-score of 0.55, and an AUC of 0.76.

Fuzzy dilated CNN over U-Net Segmented Data without and with Augmentation

According to Table2 when using augmented U-Net segmented data for classifying various conditions
such as Bacterial Pneumonia, COVID, Normal, Tuberculosis, and Viral Pneumonia, the model’s
metrics vary. For Bacterial Pneumonia, it reports an impressive average accuracy of 94%, with
precision at 0.89, recall at 0.91, an F1-score of 0.90, and an AUC of 0.95. For COVID, the precision
is 0.93, recall is 0.90, F1-score is 0.92, and AUC is 0.94, though the average accuracy is not
specified. The Normal category shows the highest accuracy at 97.02% as seen in the confusion
matrix in Figure6, with precision at 0.96, recall at 0.98, F1-score at 0.97, and an AUC at 0.96.
Tuberculosis classification is robust, showing a precision of 0.95, recall of 0.92, an F1-score of 0.94,
and an AUC of 0.96. For Viral Pneumonia, the metrics are somewhat lower, with a precision of
0.82, recall of 0.78, F1-score of 0.80, and an AUC of 0.88.

Attention U-Net Segmented Data without and with Augmentation

The provided Table 3 outlines the evaluation metrics for the Attention U-Net segmented data using
the Fuzzy Dilated CNN for classification without augmentation across various classes: Bacterial
Pneumonia, COVID, Normal, Tuberculosis, and Viral Pneumonia. Each class is assessed based on
precision, recall, F1-score, AUC, and mean accuracy. Bacterial Pneumonia: The Attention U-Net
model achieves a precision of 0.87, recall of 0.84, F1-score of 0.85, and AUC of 0.91 for Bacterial
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Table 2: Augmentation effect for classification model over U-Net segmented data.

Without Augmentation

Pneumonia/Control Class Precision Recall F1-Score AUC Mean ACC (%)

Bacterial Pneumonia 0.81 0.77 0.79 0.87 84
COVID 0.81 0.75 0.78 0.85
Normal 0.90 0.95 0.92 0.91
Tuberculosis 0.84 0.65 0.74 0.82
Viral Pneumonia 0.55 0.56 0.55 0.76

With Augmentation

Bacterial Pneumonia 0.89 0.91 0.90 0.95 94
COVID 0.93 0.90 0.92 0.94
Normal 0.96 0.98 0.97 0.96
Tuberculosis 0.95 0.92 0.94 0.96
Viral Pneumonia 0.82 0.78 0.80 0.88

Figure 6: Confusion matrix without and with augmentation using U-Net

Pneumonia classification, with a mean accuracy of 85%. COVID: For COVID classification, the
model demonstrates a precision of 0.8, recall of 0.72, F1-score of 0.76, and AUC of 0.84. The mean
accuracy for COVID classification is not provided. Normal: In the case of Normal class classifi-
cation, the model exhibits a precision of 0.88 and recall of 0.94, resulting in a balanced F1-score
of 0.91 and AUC of 0.9. Tuberculosis: The model shows moderate performance in Tuberculosis
classification, achieving a precision of 0.82, recall of 0.65, F1-score of 0.73, and AUC of 0.82. Viral
Pneumonia: Lastly, for Viral Pneumonia classification, the model’s precision, recall, and F1-score
are relatively lower, with values of 0.7, 0.65, and 0.68, respectively. The AUC is reported as 0.81.
These metrics provide insights into the performance of the Attention U-Net model across different
classes. While the model demonstrates strong performance for some classes like Bacterial Pneumo-
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nia and Normal, there may be room for improvement, particularly in distinguishing Tuberculosis
and Viral Pneumonia cases.

Attention U-Net Segmented Data with and without Augmentation

The Table 3 presents the evaluation metrics for the Fuzzy Dilated CNN model applied to classify
Attention U-Net segmented data with augmentation across different classes: Bacterial Pneumonia,
COVID, Normal, Tuberculosis, and Viral Pneumonia. Each class is evaluated based on precision,
recall, F1-score, AUC, and mean accuracy. The model achieves outstanding precision: 0.92, recall:
0.98, F1-score: 0.95, and AUC: 0.98 for Bacterial Pneumonia classification, with a mean accuracy
of 95% for Bacterial Pneumonia With augmentation. COVID: For COVID classification, the model
demonstrates high precision: 0.91, recall: 0.94, F1-score: 0.93, and AUC: 0.96. The mean accuracy
for COVID classification is not provided. Normal: In the case of Normal class classification, the
model exhibits excellent precision of 0.98 and recall of 0.97, resulting in a balanced F1-score of 0.97
and AUC of 0.97. Tuberculosis: The model shows strong performance in Tuberculosis classification,
achieving a precision: 0.97, recall: 0.89, F1-score: 0.93, and AUC: 0.95. Viral Pneumonia: Lastly,
for Viral Pneumonia classification, the model’s precision, recall, and F1-score are relatively high,
with values of 0.94, 0.81, and 0.87, respectively. The AUC is reported as 0.9. Figure 7 also
demonstrates the confusion matrix. It shows that BP class achieved highest accuracy 97.91%
with augmentation. Performance metrics indicate the enhanced performance of the Fuzzy Dilated
CNN model with augmentation across all five classes applying Attention U-Net segmented data.
Augmentation techniques have effectively improved the model’s power to generalize and classify
between different classes, resulting in higher precision, recall, F1-scores, and AUC values. The
mean accuracy also reflects the overall improvement in classification accuracy across all classes
when augmentation is employed.

Table 3: Augmentation effect for classification model over Attention U-Net Segmented data.

Without Augmentation

Pneumonia/Control Class Precision Recall F1-Score AUC Mean ACC (%)

Bacterial Pneumonia 0.87 0.84 0.85 0.91 85
COVID 0.80 0.72 0.76 0.84
Normal 0.88 0.94 0.91 0.90
Tuberculosis 0.82 0.65 0.73 0.82
Viral Pneumonia 0.70 0.65 0.68 0.81

With Augmentation

Bacterial Pneumonia 0.92 0.98 0.95 0.98 95
COVID 0.91 0.94 0.93 0.96
Normal 0.98 0.97 0.97 0.97
Tuberculosis 0.97 0.89 0.93 0.95
Viral Pneumonia 0.94 0.81 0.87 0.90
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Figure 7: Confusion matrix without and with augmentation using Attention U-Net

5. Performance Evaluation

The Receiver Operating Characteristic (ROC) curve is a fundamental tool in assessing the perfor-
mance of classification models, particularly in the context of medical image analysis. It plots the
true positive rate (sensitivity) against the false positive rate (1-specificity) across various threshold
values, providing a comprehensive visualization of a model’s ability to discriminate between differ-
ent classes. Each point on the ROC curve represents a sensitivity and specificity pair corresponding
to a particular threshold setting. As the threshold changes, the true positive rate and false positive
rate vary, thereby tracing out the ROC curve. A model with perfect discrimination would have
an ROC curve that passes through the top-left corner of the plot, indicating high sensitivity and
specificity across all threshold values. The AUC values for each class reflect the discriminatory
power of the fuzzy dilated CNN model in distinguishing between positive and negative instances
within the respective categories. A higher AUC signifies superior performance in classification.

U-Net without Augmentation

Here are the ROC results for Attention-U-Net segmented without augmentation, where p ¡ 0.001,
Bacterial Pneumonia: The AUC of 0.87 indicates that the model has a strong ability to differentiate
between instances of bacterial pneumonia and non-bacterial pneumonia. COVID: With an AUC
of 0.85, the model demonstrates good discrimination between COVID-related abnormalities and
normal cases. Normal: The AUC of 0.91 suggests excellent performance in identifying normal re-
gions within medical images. Tuberculosis: Although slightly lower at 0.82, the AUC still indicates
reasonable discrimination between tuberculosis cases and non-tuberculosis cases. Viral Pneumonia:
With an AUC of 0.76, the model exhibits moderate performance in distinguishing viral pneumonia
from other conditions. These AUC values provide valuable insights into the discriminatory ability
of the fuzzy dilated CNN model across different classes, aiding in the evaluation and comparison of
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its performance in medical image classification tasks. Figure 8 shows ROC of Fuzzy Dilated CNN
model for without augmentation U-Net Data.

U-Net segmented with Augmentation

The ROC results for Attention U-Net segmented with augmentation, where p ¡ 0.001, Bacterial
Pneumonia: The model achieves an AUC of 0.95 for bacterial pneumonia classification, indicat-
ing strong discriminatory power in distinguishing between bacterial pneumonia and non-bacterial
pneumonia cases. COVID: With an AUC of 0.94, the model demonstrates robust discrimination
between COVID-related abnormalities and other conditions. Normal: The AUC of 0.96 reflects the
model’s high accuracy in identifying normal regions within medical images, showcasing excellent
discriminatory power. Tuberculosis: Similarly, with an AUC of 0.96, the model exhibits strong
discriminatory performance in distinguishing tuberculosis cases from non-tuberculosis cases. Viral
Pneumonia: Although slightly lower at 0.88, the AUC still indicates moderate discrimination be-
tween viral pneumonia cases and other conditions. Figure 9 shows the ROC of Fuzzy Dilated CNN
model for with augmentation U-Net Data.

Attention-U-Net segmented without augmentation

Next the ROC for Attention-U-Net segmented without augmentation results, where p ¡ 0.001 were
as following, Bacterial Pneumonia: AUC=0.91, COVID: AUC=0.84, Normal: AUC=0.9, Tubercu-
losis: AUC=0.82, Viral Pneumonia: AUC=0.81. These results indicate the discriminatory ability
of the model in distinguishing between different classes. Higher AUC values suggest better over-
all performance in classifying the respective conditions. The significance of p¡0.001 indicates that
the observed AUC values are statistically significant, reinforcing the reliability of the model’s per-
formance. Figure 7c presents the ROC of Fuzzy Dilated CNN model for without augmentation
Attention U-Net Data.

Attention-U-Net segmented with Augmentation

Attention U-Net segmented data with augmentation showed ROC results with p¡0.001 were quite
impressive: Bacterial Pneumonia: AUC = 0.98, COVID: AUC = 0.96, Normal: AUC = 0.97,
Tuberculosis: AUC = 0.95, Viral Pneumonia: AUC = 0.9. Figure 7d demonstrates ROC of the
FDCNN model with augmentation with Attention U-Net segmented data.

Fuzzy Effect on the Model

The integration of Fuzzy Logic with Attention U-Net and U-Net has led to notable improvements in
model performance across various conditions. This enhancement is highlighted by the increases in
AUC values, as detailed in Table 4 and illustrated in Figure9. Specifically, the greatest improvement
was observed in Covid detection, with an 8.51% increase, while the smallest was in Viral Pneumonia,
at 3.41%. Furthermore, the application of augmented-based Attention U-Net with Fuzzy Logic to
bacterial pneumonia detection achieved an AUC of 0.98, showcasing strong performance in the
ROC analysis. This demonstrates the model’s enhanced ability to accurately differentiate between
different health conditions.
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Figure 8: Comparison of ROC for FDCNN model based on Augmentation

Table 4: Comparison of Percentage Improvement (%) between U-Net with Fuzzy Logic and Atten-
tion U-Net with Fuzzy Logic

Class U-Net with Fuzzy (%) Attention U-Net with Fuzzy (%)

Bacterial Pneumonia 4.17 4.08
Normal 5.21 4.12
Tuberculosis 8.33 3.13
Covid 8.51 4.21
Viral Pneumonia 3.41 3.33

6. Reliability and Stability of Fuzzy dilated CNN model

We have performed the Chi-Square test (CST) and Mann-Whitney test (MWT) to check system
reliability. With a p-value less than 0.001, we reject the null hypothesis. This indicates strong evi-
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Figure 9: Comparison of ROC for FDCNN model based on fuzzy logic

dence that there is indeed a significant association between the Fuzzy + Dilated CNN methodology
and the outcome variable. In the context of the MWT, it again suggested that there is a significant
difference between the distributions of predictions for the tested COVID class and the other classes
combined. Table 5 shows these two test results.

7. Discussion

The innovative integration of advanced segmentation techniques using U-Net, Pruned U-Net, At-
tention U-Net, and U-Net++ with the application of fuzzy logic for preprocessing, followed by
classification through a dilated CNN, (i) represents a significant leap in the field of medical imag-
ing for pulmonary diseases. (ii) This methodological synergy enhances the accuracy of segmenting
complex medical images, where each U-Net variant contributes uniquely—U-Net provides a robust
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Table 5: Statistical test analysis. Chi Square Test (CST) and Mann Witney Test (MWT).

With (w/) or Without (w/o) Augmentation Methodology CST (p-value) MWT (p-value)
Proposed w/ and w/o Augmentation Fuzzy+Dilated CNN ¡0.001 ¡0.001
Proposed w/o Augmentation Fuzzy+Dilated CNN ¡0.001 ¡0.001
Proposed w/ Augmentation Fuzzy+Dilated CNN ¡0.001 ¡0.001

foundation, Pruned U-Net optimizes for computational efficiency, (iii) Attention U-Net focuses on
salient regions enhancing detail recognition, and U-Net++ captures multi-scale information for
refined analysis. (iv) Fuzzy logic plays a crucial role in noise reduction and image clarity enhance-
ment, preparing images for more accurate classification by the dilated CNN. (v) This model’s ability
to handle subtle variations in disease presentation by effectively distinguishing between different
types of pneumonia, tuberculosis, and COVID-19 related abnormalities underscores its potential
to significantly improve diagnostic accuracy and reliability. (vi) By leveraging these advanced
computational techniques, the proposed model not only addresses current challenges in pulmonary
imaging but also sets a new standard for the application of AI in diagnosing complex respiratory
diseases, offering profound implications for patient care and treatment planning.

Benchmarking

We have compared our proposed model with existing published models. These models have used
CXR data or/and CT data. Keidar et al. [70] used an ensemble model featuring ResNet34/50/152
and VGG16 architectures, achieving and accuracy of 90.3% using CXR data. Peng et al. [71]
utilized a model for CT and CXR data, achieving an accuracy of 84.3%. Wang et al. [72] employed
a Support Vector Machine (SVM) on CT data, achieving an accuracy of 76.75%. Abdulah et al. [73]
utilized an Attention paradigm combined with CNN model on private data, achieving an accuracy
of 79%. Ayan et al. [74] employed an ensemble model on public data, achieving the highest accuracy
of 95.83%. Additionally, the proposed model, without augmentation, incorporating Fuzzy combined
with Dilated CNN architecture with U-Net segmentation achieved an accuracy of 84.43%, while
with Attention U-Net segmentation; it achieved an accuracy of 85.44%. With augmentation, the
proposed model attained higher accuracies of 93.25% and 95.07% for U-Net and Attention U-Net
segmentation, respectively. Moreover, the proposed models demonstrated statistical significance
with p-values ¡ 0.001. These findings offer valuable insights into the comparative performance of
different segmentation methodologies in medical imaging applications. In this benchmarking, we
achieved 5%, 10.77%, 18.2%, and 16.07% better accuracy in compare to Keidar et al. [70], Peng et
al. [71], Yong Wang et al. [72] and Abdulah et al. [73], respectively. Table 6 depicts 12.5% better
mean accuracy with augmentation in compared to an existing model.

A special note on the proposed model

Integrating U-Net, Pruned U-Net, together with our innovative Attention U-Net and U-net++
model, it shows that the proposed architecture has a significant improvement in terms of medical
images segmentation over conventional methods. The effect of the attention mechanisms in U-
Net architectures helps to concentrate on important characteristics resulting in highly improved
segmentation accuracy. This precision is essential to appropriately recognize markers of disease
that might be much more subtle.
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Additionally fuzzy logic added in pre-processing makes our approach more adaptable and re-
fined, improving the quality of segmented images which are then utilized for classification. Used in
tandem with augmentation techniques for training, the FDCNN model performs favorably across
various imaging states and shows strong robustness. The model has good repeatability and correla-
tion, which may help with its clinical application according to the results of statistical analysis. A
combination of advanced technology with state-of-the-art methodologies used in this comprehensive
process, redefine medical imaging analysis output.

Table 6: Comparison of the proposed model with existing models.

Citation Methodology Seg* Dataset #S #C ACCU (%) Mean AUC p-value

Keidar et al. [70] Ensemble (ResNet/VGG) Yes CXR 1384 2 90.3% 0.96 No
Peng et al. [71] Deep Learning model No CT+CXR 1590 3 84.3% 0.85 No
Wang et al. [72] SVM No CT 244 3 76.75% 0.86 No
Abdulah et al. [73] Attention+CNN No Private 3797 2 79% 0.85 No
Ayan et al. [74] Ensemble No CXR 5856 2 95.83% 0.96 No
Proposed w/o Aug. Fuzzy+Dilated CNN U-Net Private 18603 5 84.43% 0.91 ¡0.001
Proposed w/o Aug. Fuzzy+Dilated CNN Att. U-Net Private 18603 5 85.44% 0.94 ¡0.001
Proposed w/ Aug. Fuzzy+Dilated CNN U-Net Private 18603 5 93.25% 0.96 ¡0.001
Proposed w/ Aug. Fuzzy+Dilated CNN Att. U-Net Private 18603 5 95.07% 0.98 ¡0.001

A special note on fuzzy logic

The integration of a fuzzy logic system prior to classification is motivated by its ability to handle
uncertainty and imprecision present in medical images. In complex imaging tasks, such as those
involving chest X-rays, features may not be distinctly defined, leading to difficulties in classification
accuracy. Fuzzy logic can provide a framework for modelling this ambiguity, allowing for more
nuanced decision-making that enhances feature extraction during segmentation, ultimately resulting
in improved classification outcomes.The authors in [75–77] have demonstrated the effect of Fuzzy
logic over COVID, Pneumonia X-ray dataset. The references build a strong hypothesis for the
use of fuzzy logic by illustrating its applicability in similar domains, showcasing improvements in
accuracy and reliability when integrated with machine learning techniques.

Fuzzy logic is introduced between segmentation and classification to refine the segmented regions
and enhance the accuracy of the subsequent classification. By processing the segmented data
through a fuzzy logic system, the nuances and uncertainties in the data can be better captured and
interpreted, leading to more precise classification results. The fuzzy logic system typically accepts
pre-processed data that has been segmented and possibly normalized. This data can include a
range of values representing different degrees of membership in fuzzy sets, rather than crisp, binary
values. This allows the system to handle data that is not strictly binary, capturing the inherent
uncertainties and variability’s present in medical images.

There are some drawbacks to the fuzzy logic system. Fuzzy logic increases the complexity
and computational overhead in the system which increases the processing time. To mitigate the
drawbacks of fuzzy logic systems, hybrid approaches combining fuzzy logic with other deep learning
techniques can be used [26, 40, 78, 79]. This is the reason, we have combined deep learning based
models to fuzzy logic and which has enhanced the system performance. The output of the fuzzy logic
system is typically a set of membership values or degrees of confidence associated with different
diagnostic categories. These filtered values will help us to accurately identify diseases.The use
of fuzzy membership functions provides a layer of rule-based interpretability, allowing clinicians to
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trace how pixel intensities contribute to a specific diagnostic category, which serves as a pre-requisite
for full XAI integration.

Strength, Weakness and Extensions

The study demonstrates the author’s expertise in medical image analysis by utilizing advanced
segmentation designs such as U-Net, Pruned U-Net, Attention U-Net, and U-Net++. These models,
combined with fuzzy logic, effectively address the ambiguity and vagueness inherent in medical
imaging data, thereby enhancing the accuracy and reliability of diagnoses. The integration of
augmentation techniques within the Fuzzy Dilated CNN model further promotes generalizability
and adaptability, which are crucial for diverse clinical settings.

However, the study is limited to X-ray images and focuses on specific respiratory conditions, in-
cluding Bacterial Pneumonia, Tuberculosis, COVID-19, Viral Pneumonia, and normal cases. This
specialization may restrict the applicability of the findings to other types of medical imaging modali-
ties or different pathological conditions. Additionally, the research only explores common optimizers
like Adam, leaving other optimizers such as Gradient Descent unexplored [80, 81]. Furthermore,
the study does not address the impact of these technological advances on clinical practice or their
usefulness in patient care, which are essential considerations for translating technical breakthroughs
into real-world healthcare success.

Future extensions of this research should include broader application domains and direct trans-
lation studies that consider clinical decision-making and patient care. One potential area of study
is the effect of different X-ray scanners on AI systems [82], as seen in previous research on au-
tomatic computer-based tracings in longitudinal 2-D ultrasound images using various scanners.
Additionally, designing risk assessment systems for immunology applications [83], like those devel-
oped for coronary artery disease risk assessment in intravascular ultrasound, could be beneficial.
Converting the system into a screening and classification tool for different types of pneumonia, as
exemplified by automatic vessel identification for angiographic screening [84], is another valuable
direction. Additionally, the use of transformers in the model architecture has shown potential for
further enhancing performance in medical image analysis [85]. Lastly, discussions on bias, such as
those in the context of an AI framework for brain tumor segmentation, are essential to ensure the
ethical and unbiased application of these technologies in medical settings [21, 86].While this study
demonstrates the quantitative ’Fuzzy Effect’ on accuracy, future work will include Grad-CAM and
heatmaps to visually validate the alignment between fuzzy-enhanced features and clinical lung
pathologies.Ensemble methods [88, 89] have the potential to further improve performance on this
dataset; we plan to evaluate and report on these approaches in future work.

8. Conclusion

Our study presents a comprehensive analysis of various segmentation and classification models ap-
plied to medical image analysis, focusing on chest X-ray images. Firstly, our investigation into four
segmentation performance across Bacterial Pneumonia, Tuberculosis, COVID-19, Viral Pneumo-
nia, and Normal cases, reveals notable outcomes. Attention U-Net consistently emerges as a top
performer, with better accuracy, Jaccard index, and Dice coefficient compared to U-Net, Pruned
U-Net, and U-Net++. Moreover, our exploration into the impact of augmentation techniques on
classification tasks highlights substantial improvements in model performance. Augmentation en-
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hances the robustness and adaptability of the Fuzzy Dilated CNN model, particularly evident in
classes like Bacterial Pneumonia, Tuberculosis, and Normal cases. The augmentation not only
improves precision, recall, and F1-scores but also enhances the AUC values, indicating better dis-
criminative ability and overall model effectiveness. In conclusion, our findings emphasize the critical
role of attention mechanisms and augmentation techniques in advancing medical image analysis.
By leveraging attention U-Net segmentation and augmentation with Fuzzy Dilated CNN, we have
demonstrated significant improvements in segmentation and classification tasks, ultimately con-
tributing to more accurate and reliable diagnostic predictions. These insights are instrumental in
shaping the future of medical imaging technology, with the potential to revolutionize healthcare
delivery and improve patient outcomes on a global scale.
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