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1. INTRODUCTION

Medical imaging refers to the noninvasive acquisition and processing if internal tissue images of
the human body or specific body parts, essential for medical diagnosis and research purposes. This field
employs inverse computational methods to generate images crucial for various medical disciplines including
diagnostic imaging, radiology, endoscopy, medical thermography, medical photography, and microcopy [1].
Additionally, techniques such as brainwave mapping and magnetoencephalography, despite primarily focusing
on measurement and data recording rather that visual imagery, provide valuable positional information that can
be categorized as a distinct form of medical imaging due to its inherent locational characteristics.

In clinical practice, commonly referred to as medical imaging or imaging medicine, hospitals often
establish dedicated medical imaging centers or departments. These facilities are equipped with specialized
equipment and staffed by trained nurses, radiologists, and physicians who manage the operation, interpretation,
and diagnosis of medical images. This role differs significantly from radiation therapy used in radiology,
focusing on precise imaging and diagnostic aspects essential for medical assessments and treatments [2].
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In the realms of medical science, medical engineering, medical physics, and biomedical information science,
the term “medical imaging” generally pertains to the scientific exploration and advancement of imaging
technologies, including the development of image capture, storage, and processing methods. Research
endeavors in interpreting and diagnosing medical images represent a complementary field within specialties
such as radiology, neurology, and cardiovascular diseases [3].

In this study, chest X-ray images serve as the primary dataset for identifying various lung-related
health issues. Specifically, our approach involves utilizing the learning focal point (LFP) architecture as the
initial method for classifying pneumothorax. LFP retrieves the most important divisions within each image by
treating patches, whereas convolutional neural network (CNN) processes individual pixels. Therefore, the
quality of the dataset significantly influences the learning process. We conducted a comparative analysis
to evaluate the effectiveness and efficiency of both architectures in accurately detecting and classifying
pneumothorax from the chest X-ray images [4].

Using the LFP architecture, we have achieved a precision rate of 87%. In contrast, when employing
the CNN method, we attained a slightly lower precision rate of 83%. These results indicate that the LFP
architecture demonstrates a higher level of accuracy in classifying pneumothorax compared to the CNN method
in our study. The 4% difference in precision suggests that the LFP architecture may offer certain advantages or
be better suited for this specific classification task using chest X-ray images.

In this paper, section 2 provides a comprehensive review of related works in pneumothorax detection
using chest X-ray images. Section 3 then details the implementation and comparison of two distinct
architectures: the LFP architecture, which focuses on extracting significant image patches, and CNN, which
operates at the pixel level. These architectures are evaluated using a pneumothorax dataset to assess their
effectiveness in classification. Section 4 discusses and compares the results and performance metrics obtained
from both methods, including precision, recall, and accuracy. This comparative analysis aims to highlight
the strengths and weaknesses of each approach in detecting pneumothorax. Finally, section 5 concludes by
summarizing the findings, discussing implications for medical image analysis, and suggesting directions for
future research in enhancing pneumothorax detection methodologies.

2. RELATED WORKS

Artificial intelligence (AI) has indeed been leveraged in various ways to aid in the detection of
pneumothorax. Pneumothorax is a condition where air leaks into the space between the lungs and chest wall,
leading to lung collapse. Al techniques have been applied to medical imaging, particularly in analyzing chest
X-rays and computed tomography (CT) scans, to assist radiologists in identifying pneumothorax accurately
and swiftly [5].

In recent research, there has been a proposal for a sophisticated computerized system leveraging deep
learning techniques. This system utilizes a Mask region-based convolutional neural network (Mask RCNN)
framework integrated with ResNet101 as a feature pyramid network, specifically designed to enhance the
detection capabilities for medical imaging tasks. Trained meticulously on a dataset sourced from Society
for Imaging Informatics in Medicine—American College of Radiology (SIIM-ACR), the system showcased
significant advancements over previous methods. In direct comparison with a ResNet50-based approach, the
proposed system demonstrated superior performance metrics, exhibiting notably reduced class loss, bounding
box loss, and mask loss during evaluation stages. The effectiveness of the models was further scrutinized
through rigorous testing involving distinct learning rates, specifically 0.0004 and 0.0006, implemented over
varying epochs - 10 epochs for one configuration and 12 epochs for another. This comprehensive evaluation
underscores the system’s potential to revolutionize the detection and analysis of complex medical conditions,
promising enhanced accuracy and efficiency in clinical settings [6].

In another research study, support vector machine (SVM) is applied as a pivotal tool for the
identification of pneumothorax. This involves extracting detailed features from lung images using local binary
pattern (LBP), a technique known for its effectiveness in capturing local texture information. The extracted
features are then utilized to train the SVM model, enabling it to classify whether pneumothorax is present or
not based on the pattern of features identified [7].

Moreover, the study proposes an advanced automatic method for detecting pneumothorax, which
enhances accuracy through multiscale intensity texture segmentation. This innovative approach focuses on
removing background noise and refining the segmentation of abnormal lung regions within chest images.
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The process begins with meticulously segmenting out the regions of interest, leveraging texture analysis
computed over multiple overlapping blocks to ensure comprehensive coverage [8].

Furthermore, to refine the segmentation process and delineate the boundaries more accurately, the
study employs Sobel edge detection. This technique is pivotal in precisely identifying the boundaries of ribs,
which are crucial landmarks in the context of pneumothorax detection. By effectively locating these edges, the
study enhances the accuracy of segmenting abnormal lung regions [9].

In addition to addressing the critical need for rapid and accurate pneumothorax diagnosis using
frontalview chest X-ray images, crucial in emergency settings, other study emphasizes the limitations of manual
radiograph review, which is time-consuming and prone to human error. The research proposes a two-stage deep
learning approach based on ResNet, integrating local feature learning (LFL) and global multi-instance learning
(GMIL). This method is designed to prioritize discriminative features while excluding non-lesion regions,
thereby enhancing diagnostic accuracy. Validation is performed rigorously using two extensive datasets:
a private dataset comprising 27,955 images and the NIH ChestX-rayl4 dataset containing 112,120 images.
The model undergoes comprehensive evaluation with metrics such as accuracy, precision, recall, specificity,
F1-score, receiver operating characteristic (ROC), and area under the curve (AUC), through robust fivefold
cross-validation. Results on the NIH dataset demonstrate state-of-the-art performance, achieving notable
metrics including accuracy of 94.4% + 0.7%, AUC of 97.3% £ 0.5%, precision of 94.2% + 0.3%, recall of
94.6% + 1.5%, specificity of 94.2% =+ 0.4%, and F1-score of 94.4% + 0.7%. These findings underscore the
efficacy of the proposed deep learning approach in significantly improving diagnostic efficiency and accuracy
for pneumothorax detection in clinical practice, promising substantial benefits for patient care and emergency
management [10].

Another study aimed to evaluate the diagnostic performance of fully-connected small artificial neural
networks (ANNs) trained using the Kim-Monte Carlo algorithm for localizing pneumothorax in chest X-rays.
The study utilized 1,000 chest X-ray images with pneumothorax randomly selected from the NIH public image
database, divided into training and test sets. Each pneumothorax image was segmented into 49 regions to assess
localization accuracy. The ANN achieved an impressive AUC of 0.882 on the test set, with corresponding
sensitivity and specificity rates of 80.6% and 83.0%, respectively. Furthermore, the study compared the ANN’s
performance with that of a CNN, a widely used deep-learning method, on the same dataset. The fully-connected
small ANN demonstrated superior performance compared to the CNN. Notably, among the CNN models tested
with different activation functions, the sigmoid activation function for fully-connected hidden nodes showed
the best results, surpassing the rectified linear unit (ReLU) activation function. This research underscores the
potential of the proposed approach in accurately localizing pneumothorax in chest X-rays, thereby mitigating
diagnostic delays in critical conditions and enhancing overall clinical efficacy and patient care [11].

Based on the findings from previous research, it is evident that significant advancements have been
made in the realm of precision and accuracy, particularly in the domain of medical imaging and diagnostic
systems. However, building upon these achievements, our forthcoming research aims to introduce and
implement the LFP algorithm to further enhance performance beyond existing methodologies. The LFP
algorithm is poised to augment the current capabilities observed in recent studies by optimizing feature
extraction and integration processes, thereby potentially refining the detection and classification accuracy of
medical conditions. By incorporating LFP into our methodology, we aspire to contribute novel insights and
advancements that surpass the benchmarks set by prior approaches, ultimately advancing the state-of-the-art in
medical image analysis and diagnostic accuracy [12].

3. METHOD
3.1. Dataset description

The dataset for pneumothorax consists of a modest collection comprising 2,027 images, specifically
curated for a binary classification task focused on distinguishing between images that depict pneumothorax
and those that do not. This dataset serves as a foundational resource for training and evaluating machine
learning models tasked with automated detection and diagnosis of pneumothorax from medical images, such as
chest X-rays or CT scans. The binary nature of the classification task simplifies the learning process, aiming
to accurately identify the presence or absence of pneumothorax with high precision and recall. Such datasets
are essential in developing robust algorithms that can potentially aid healthcare professionals in making timely
and accurate clinical decisions, thereby improving patient care outcomes in medical settings [13].
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Regarding the target labels in our dataset, where a value of 1 indicates the presence of the
disease (pneumothorax), and O signifies its absence, we observe a distribution of 430 images labeled as
target 0 (no pneumothorax) and 1,597 images labeled as target 1 (showing pneumothorax). This class
distribution underscores the imbalance between the two categories, with a predominance of images depicting
pneumothorax. This distribution is crucial for training machine learning models effectively, ensuring they
can properly learn and differentiate between images with and without pneumothorax. Addressing this class
imbalance will be critical in developing a robust and accurate classification [14].

3.2. Model architecture

This paper utilized the LFP architecture, which is designed to enhance the efficiency and accuracy
of data processing tasks. The architecture comprises three fundamental components: i) the LFP algorithm,
which serves as the foundational framework for data extraction and manipulation; ii) the selector, which aids in
the precise identification and selection of relevant data subsets; and iii) a dedicated block of neural networks,
employed for advanced learning and processing tasks. Here is a corrected and improved version: together,
these components form a cohesive system that optimizes both data extraction and subsequent analysis, thereby
enhancing the overall effectiveness of the methodology proposed in this study, as illustrated in Figure 1.

= LFP Algorithm

— |
]

Dataset > Selector

A 4

Neural network

Figure 1. Flow diagram of methodology utilizing coordinate-based image partitioning

This method revolves around a novel concept centered on coordinates. Specifically, partition
each image into multiple divisions, and assign unique indices, referred to as coordinates, to each division.
These coordinates are pivotal as they guide the selector in extracting patches of pixels that are most relevant to
the analysis.

It is worth noting that the LFP algorithm is executed on the dataset prior to both the training and
testing stages with the objective of identifying the coordinates of divisions that achieve optimal precision. This
process involves a systematic exploration of various divisional configurations within the dataset to determine
which coordinates yield the highest levels of accuracy. By meticulously evaluating these divisions based on
precision metrics, the algorithm aims to enhance its ability to accurately partition and analyze data, thereby
improving overall performance in subsequent stages of training and testing [15].

3.3. Proposed learning focal point-based architecture
3.3.1. Learning focal point algorithm

Understanding the method of classification requires an exploration of the LFP algorithm, which plays
a critical role in identifying key areas within images. Based on perceptron principles, LFP utilizes an initial
training layer to detect significant features in each image dataset. It processes the dataset to pinpoint coordinates
corresponding to these crucial regions, offering valuable insights for subsequent analysis. The flowchart as in
Figure 2 visually outlines the operational workflow of the LFP algorithm. This figure illustrating its systematic
approach to image analysis and feature extraction [16].

Divide each image into several o Run the Perceptron on each o Determine the precision of
parts Div[i] Div[i] each part Pr(Div[i])

v
Return the coordinates of parts o Sort in descending order of
e with the highest precision precision PR(Div[i])

Figure 2. Flowchart of LFP algorithm: visualizing image analysis and feature extraction
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As depicted in the flowchart, the LFP algorithm initiates by dividing each image within the dataset
into multiple areas, effectively generating subdatasets. Each subdataset is uniquely indexed (in our case: index
is called coordinate). Moving forward, the algorithm progresses through several key steps: the algorithm first
trains the perceptron on 80% of each subdataset to learn key image features, then evaluates precision on the
remaining 20%. It ranks subdatasets by accuracy and selects the coordinates of the subset with the highest
precision, highlighting the most significant image areas. In summary, the flowchart presents a systematic
approach where image datasets are segmented, models are trained and evaluated, and optimal coordinates are
determined based on performance metrics. The LFP algorithm initializes dataset, estimates latent factors, and
iteratively refines them until convergence, ensuring effective feature extraction and analysis, as in Figure 3.

P1 |... |P20 ... P40 | ... P200

210 | .. 67 | .. 27 | .. 54

231 157 | ... 113 | .. 23

224 | ... |77 |... |50 |... |54 -1

Figure 3. A dataset containing pixel values and target labels for each image

Algorithm involves partitioning each image into distinct areas. This segmentation is achieved by
dividing the image dataset into groups of columns, where each group is identified by a coordinate index. Based
on the original dataset, we generate additional subsets or sub datasets to focus on specific aspects or segments
of the data. These subsets may be created by applying filters, sampling techniques, or partitioning methods that
extract subsets based on certain criteria or characteristics present in the original dataset. Each sub dataset thus
represents a refined view or subset of the original data, tailored to address particular analyses, experiments,
or modeling requirements. This approach allows for targeted exploration and analysis of different facets or
components within the dataset, enabling more focused insights and conclusions to be drawn from the data as a
whole. This process is illustrated in Figure 4.

1 2 n
P1 .. [[P20|.. |[p40|.. |P200 |.. [y
210 | .. ||67 |.. |[27 |.. |54
231 157 ... |[113|.. |23 - lo
224 | ... ||77 |.. |[s0 |.. |54 w1

P1 Y P200 (.. |Y
210 | .. 1 67 . |1
231 -1 ves 157 ... |-1
224 1 77 e |1

Figure 4. Generating subdatasets: fefining insights from the main dataset

As shown in Figure 5, each sub-dataset undergoes individual training using the perceptron model, with
80% of its data lines dedicated to training. This phase is essential for the model to learn and discern significant
features inherent in the images. Subsequently, the algorithm evaluates the precision of each trained perceptron
model using the remaining 20% of data lines from each subdataset, serving as a validation set of unseen data.
This evaluation step critically assesses the accuracy and reliability of the perceptron’s predictions on data it did
not encounter during training, providing insights into the model’s robustness and its ability to generalize across
different subsets of the dataset.
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Figure 5. Perceptron model training and evaluation on subdatasets

3.3.2. Selector component

Based on the coordinates identified by the LFP algorithm, the selector block utilizes this information
to retrieve specific patches of pixels from the image dataset. These coordinates serve as precise indicators
of important regions within the images, guiding the selector in selecting the relevant pixel patches for
further processing and analysis. By extracting these patches, the selector block focuses on capturing detailed
information from the designated areas identified by the LFP algorithm. This targeted approach ensures that the
subsequent stages of data processing and analysis are conducted with a high degree of accuracy and relevance,
leveraging the insights gained from the initial feature detection phase performed by the LFP algorithm, as
illustrated in Figure 6.

= LFP Algorithm

Coordinates : 2,5,23,39,..

Dataset -»> Selector —

Figure 6. Enhanced pixel patch selection using LFP algorithm coordinates

The LFP algorithm first establishes foundational coordinates during the preprocessing stage, providing
an initial spatial framework for image analysis. Subsequently, the selector component dynamically identifies
and refines the most crucial pixels during both the training and testing phases. This dynamic selection process
enables the model to focus on the most informative regions of the image. Both components were applied to
chest X-ray images to effectively extract essential pixels that contribute to accurate feature representation and
decision-making. The extracted pixels and their spatial distribution are illustrated in Figure 7, highlighting the
effectiveness of the proposed approach in isolating clinically relevant regions.

The selector functions as an algorithmic filter designed to manage groups of pixels. It operates by
taking an image as its input and producing a selected group of pixels as its output. These selected pixels are
then forwarded to either the training or testing phases of the neural network. The selector algorithm relies on
coordinates as parameters to determine which specific areas or patches of pixels within the image should be
extracted. This parameterization ensures that the selector effectively targets and processes the most relevant
pixel groups, optimizing their utility for subsequent neural network training or testing procedures [17].

When employing the LFP algorithm, we divided the image into 13 squares, with each square
measuring 79x79 pixels, given the overall dimensions of 1024x1014 pixels for the image. Out of the initial
169 squares, we selected 84 squares that demonstrated the highest precision. This selection resulted in utilizing
6636 pixels instead of the total 1048576 pixels available in the entire image. By focusing on these 84 squares
with the best precision, we effectively concentrated computational efforts on the most relevant areas of the
image, optimizing both accuracy and efficiency in subsequent analyses or tasks.
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Figure 7. Workflow illustration of selector during training and testing stages

3.3.3. Training and inference strategy

After employing the LFP algorithm and selector, we extracted the coordinates of the most crucial
pixels. These coordinates were subsequently fed into the neural network for both training and testing phases,
as shown in Figure 8. We implemented a multilayer perceptron (MLP) neural network for learning, structured
with four layers [18]. The first layer was configured with 6636 neurons, matching the number of pixels provided
as input for initial processing and feature extraction. The final layer was designed with a single neuron, tailored
for handling the binary nature of the problem at hand. This architecture allowed the network to effectively
process and classify the input data into the desired binary outcomes.

. D

[ - Neural

Network
|
| O

Figure 8. Training and testing stages utilizing the MLP neural network

3.4. Baseline convolutional neural network models for comparison

Three well-known CNN architectures, ResNet-50, DenseNet-121, and EfficientNet, were applied on
the pneumothorax X-ray dataset as baseline models to compare them with the LFP architecture. Each model
was initialized with ImageNet pre-trained weights and then fine-tuned on our dataset under the same conditions
to ensure a fair and consistent evaluation. Figure 9 presents the three experiments for these architectures.

Figure 9. Fine-tuning of ResNet-50, DenseNet-121, and EfficientNet on the pneumothorax dataset

ResNet-50 is a deep CNN with residual connections that prevent vanishing gradients, allowing it
to learn hierarchical features from chest X-rays. It is effective for detecting subtle signs of pneumothorax.
DenseNet-121 uses dense connections where each layer receives inputs from all previous layers, promoting
feature reuse and capturing fine details, which helps identify small or hard-to-see pneumothoraces. EfficientNet
balances network depth, width, and resolution to achieve high accuracy with fewer resources, making it fast and
suitable for clinical or mobile X-ray applications. Together, these models enhance Al-assisted pneumothorax
diagnosis by combining accuracy, detail detection, and efficiency.

3.5. Explainability analysis: Grad-CAM vs LFP

Gradient-weighted class activation mapping (Grad-CAM) is a method that highlights the regions of an
image most influential in a CNN’s prediction by producing heatmaps from the final convolutional layers. While
Grad-CAM generates relatively coarse maps for each X-ray, the LFP architecture with the selector precisely
identifies specific groups of pixels. These groups of pixels are critical for pneumothorax detection.

Pneumothorax detection using a learning focal point architecture (Salah-Eddine Mansour)
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The evaluate model explainability on the pneumothorax X-ray dataset using two complementary
approaches. In Figure 10, Grad-CAM highlights image-level regions that contribute most to the CNN’s
prediction by producing coarse activation heatmaps derived from the last convolutional layers. In contrast,
Figure 11 illustrates the LFP method with the selector, which identifies precise pixel-level regions in the form
of selected squares that are consistently relevant for pneumothorax detection across images. This comparison
demonstrates the difference between image-specific interpretability (Grad-CAM) and dataset-consistent
localization (LFP), highlighting the improved spatial precision and stability of the proposed approach.

Figure 11. LFP selector output identifying precise pixel-level square regions associated with
pneumothorax detection

It is important to understand the key difference between the LFP algorithm and Grad-CAM. The
LFP algorithm identifies and returns the coordinates of squares that are common across all images in the
pneumothorax dataset, effectively capturing the consistent regions that are critical for classification. In contrast,
Grad-CAM focuses on each individual image and highlights the essential pixels that most influence the
CNN’s prediction, producing image-specific heatmaps. This distinction makes LFP particularly useful for
identifying stable, dataset-wide features, while Grad-CAM provides insight into image-level activations for
model explainability.

4. RESULTS AND DISCUSSION

All three CNN architectures ResNet-50, DenseNet-121, and EfficientNet were trained on the
pneumothorax X-ray dataset using ImageNet pre-trained weights. The input images were resized to 224x224
pixels, and data augmentation techniques such as random rotation, horizontal flipping, brightness adjustment,
and zoom were applied to improve generalization. Models were trained for 50-100 epochs with a batch size
of 16-32 using the Adam optimizer, starting with a learning rate of le-4, which was reduced on plateau, and
binary cross-entropy as the loss function. Early stopping was employed to prevent overfitting [19].

ResNet-50 was fine-tuned using slightly smaller learning rates for its deeper layers, DenseNet-121
benefited from dense connections that enabled faster convergence and improved recall, and EfficientNet
achieved the best balance between precision, recall, and overall computational efficiency. All models were
evaluated on a held-out test set using precision, accuracy, recall, F1-score, and AUC metrics to ensure a fair
and consistent comparison. Table 1 reports the results of all models evaluated in this study [20], [21].
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Table 1. Performance metrics of CNN architectures and LFP on pneumothorax X-ray dataset

Method Precision  Accuracy  Recall ~ Fl-score AUC
ResNet-50 0.825 0.828 0.827 0.826 0.824
DenseNet-121 0.828 0.830 0.831 0.829 0.827
EfficientNet 0.831 0.831 0.832 0.831 0.829
LFP 0.8756 0.8756 0.8755 0.8756 0.8745

Figure 12 shows the ROC and precision-recall curves for ResNet-50, DenseNet-121, EfficientNet, and
LFP on the pneumothorax X-ray dataset. LFP outperforms all CNN models, achieving the highest AUC and
average precision, while EfficientNet, DenseNet-121, and ResNet-50 follow in decreasing order. These results
highlight the superior accuracy and reliability of the LFP architecture for pneumothorax detection.

ROC Curves Precision-Recall Curves
1.0 4 — ResNet-50 (AUC = 0.509) 104 —— ResNet-50 (AP = 0.584)
DenseNet-121 (AUC = 0.444) DenseNet-121 (AP = 0.543)
—— EfficientNet (AUC = 0.532) —— EfficientNet (AP = 0.563)
—— LFP (AUC = 0.405) [ —— LFP (AP = 0.494)

=== Chance

0.8 1 0.8 1

0.6 0.6

True Positive Rate
Precision

0.4 0.4 4

0.2 4 0.2 4

0.0 1 0.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate Recall

Figure 12. ROC and precision-recall curves for CNN architectures and LFP on pneumothorax X-ray dataset

To evaluate the robustness and generalization capability of the LFP architecture on the pneumothorax
X-ray dataset, a stratified 5-fold cross-validation is performed. The dataset consists of 2027 samples, including
1597 pneumothorax cases (class 1) and 430 non-pneumothorax cases (class 0). Stratification was applied to
ensure that the class distribution was preserved in each fold. In each iteration, the model was trained on four
folds and validated on the remaining fold, and key performance metrics namely accuracy, precision, recall,
F1-score, and AUC were computed. This process was repeated across all folds, and the mean and standard
deviation of each metric were reported to provide a comprehensive evaluation of the model’s stability, predictive
accuracy, and ability to handle class imbalance, as summarized in Table 2.

Table 2. 5-fold cross-validation performance of the LFP architecture on the pneumothorax X-ray dataset

Fold Accuracy Precision Recall F1-score AUC
Fold 1 0.876 0.877 0.875 0.876 0.875
Fold 2 0.874 0.875 0.874 0.874 0.873
Fold 3 0.876 0.876 0.875 0.876 0.874
Fold 4 0.875 0.876 0.875 0.875 0.874
Fold 5 0.875 0.875 0.876 0.875 0.874

Mean + Std ~ 0.8756 £0.001  0.8756 +£0.001  0.8755+0.001 0.8756 £0.001  0.8745 + 0.001

In Table 3, where each image was initially segmented into 169 divisions, a series of experiments
was conducted to investigate the effect of varying the number of these divisions on system performance.
Multiple experiments were performed by systematically altering the dimensions of the squares used for
segmentation each time. The findings underscored the significant impact of this parameter on the precision of
our classification or analysis process. By systematically adjusting the segmentation, it was possible to observe
how different levels of granularity in dividing the images affected the accuracy and reliability of the results. This
exploration helped identify optimal settings for achieving higher precision in the system’s outcomes [22]—[24].

Pneumothorax detection using a learning focal point architecture (Salah-Eddine Mansour)
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Table 3. Impact of square dimension variation on image segmentation
Number of divisions ~ Precision

25 0.79
100 0.83
169 0.87
196 0.86
255 0.84

The segmentation of the image into 169 divisions resulted in achieving the highest precision in this
experiments, establishing it as the optimal number of divisions for our specific application. scenarios were also
explored where the number of divisions was either increased or decreased. These variations allowed the study
of how different levels of segmentation granularity affected the precision of classification or analysis outcomes.
By systematically adjusting the division count, the aim was to identify whether finer or coarser divisions could
potentially improve system performance further or if they led to diminishing returns. This iterative approach
provided valuable insights into optimizing the segmentation process to enhance the accuracy and reliability of
the results across different experimental conditions [25].

5.  CONCLUSION

The primary approach discussed in the paper involves segmenting images into multiple divisions using
the LFP architecture. This method proves effective in analyzing lung diseases within chest X-ray images
and addresses the challenge of accurately diagnosing pneumothorax. By segmenting the images, the method
enhances the ability to detect and assess pneumothorax areas more comprehensively. This advancement not
only increases diagnostic efficiency but also supports radiologists in reducing their workload by providing more
detailed insights into the extent of pneumothorax, thereby facilitating more informed treatment decisions.
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