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Abstract—Detecting lung cancer at an early stage is
important for improving survival chances and enabling
timely treatment. However, examining medical images
manually can be slow and may lead to errors, especially
when the data is large and the differences between
images are subtle. This study introduces a lung cancer
detection and classification systems that uses machine
learning along with the image processing methods to
address these challenges. This technique utilizes a series
of methodologies for extracting relevant data from the
lungs' images, such as the use of histograms, HOG, color-
based, and edge detection methods. This will aid in the
extraction of the structural features in addition to the
textures contained within the image. This data is used by
the Random Forest Classifier in determining the classes
of the images, which include adenocarcinoma, squamous
cell carcinoma, and normal classes. The system is made
available via an interactive web-based interface
developed using the Flask framework, which ensures
that users can easily input images and get fast results.
The use of various feature extraction techniques
increases the efficiency and robustness of the algorithm
relative to utilizing just one approach. From the analysis
above, it can be seen that the model is able to provide
accurate classification results and thus can be effectively
used by medical practitioners during their diagnosis. In
conclusion, the proposed method offers a scalable way of
automatically detecting lung cancer, which will play a
vital role in facilitating its early diagnosis.

I. INTRODUCTION

Lung cancer ranks among the top cancers that
contribute to mortality in the world due to its late
diagnosis and rapid progression. Early detection plays a
crucial role since it can enhance treatment efficacy and
increase patient survival rates. Medical image
techniques such as CT scanning and histology are vital

in detecting any anomalies within the lungs.
Interpretation of the medical images is complex since
the affected areas could be tiny, ambiguous, or
heterogeneous. Computer vision and machine learning
technologies have led to the development of automated
diagnosis systems. Such systems reduce the reliance on
manual interpretation, minimize the likelihood of
mistakes, and enable the efficient processing of medical
information. Image classification approaches have
displayed great promise in accurately detecting and
classifying lung diseases using the available labeled
data. The current project is about designing a system
to classify images for lung cancer using various image
processing techniques along with machine learning
algorithms.

The process begins with identifying key attributes
from the image that can be used as a basis to diagnose
lung cancer. Such attributes include image texture,
structure, as well as changes in intensity levels. As the
system uses multiple ways to extract features, it
becomes much more effective in terms of
classification. For classification purposes, a Random
Forest algorithm is utilized, which categorizes the
images into  three  categories, including
adenocarcinoma, squamous cell carcinoma, and
normal images.

The software application is developed as a web-based
platform with an intuitive graphical user interface
allowing users to upload images and analyze their
contents.

Thus, it is expected that the proposed solution will help
doctors diagnose lung cancer much more effectively.
Using a set of images processing techniques and
analyzing various approaches for enhancing images,
this system allows analyzing the results faste
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Il. LITERATURE REVIEW

The earlier lung cancer identification studies used
traditional techniques of image processing and
analysis to distinguish unusual features from medical
images like CT scans and histopathology slides. Some
of the most common techniques used included
thresholding,  region-based  segmentation, and
morphological operation, all of which helped bring out
regions that were considered to be abnormal. While
these techniques provided some valuable insights in
terms of lung cancer detection, they were unable to
capture the intricate nature of lung tissue features,
hence leading to less accuracy. As time progressed,
and the use of machine learning became more popular,
classifiers became widely accepted for lung cancer
detection. Techniques including SVM, Kk-NN, and
decision trees had higher accuracy since they were
able to detect patterns in labeled training data. In these
approaches, feature extraction played an important
role in the process as texture, intensity, and shape were
used to characterize lung images. While the
performance of these techniques proved to be better
than previous methods, their accuracy heavily relied
on the effectiveness of hand-designed features.
Ensemble learning methods were used to enhance the
prediction accuracy in the analysis of medical images.
The popular Random Forest approach was widely used
since it is able to cope with high-dimensional data and
avoid overfitting due to using the predictions of many
decision trees. Ensemble learning approaches are
known to deliver better predictions compared to single
classifiers. Nevertheless, ensemble methods require
hand-designed features and thus cannot work
effectively with various datasets and image
characteristics.

Deep learning techniques such as Convolutional
Neural Networks (CNNs) have made significant
progress in recent years in detecting lung cancer. Such
methods enable the construction of models that learn
to identify features directly from the images
themselves. Models such as AlexNet, VGGNet, and
ResNet are commonly used for classification tasks and
have shown impressive gains in terms of accuracy and
reliability. CNN models are capable of identifying
multiple layers of feature information, from simple
edge and texture information to more sophisticated
pattern recognition. Although they show remarkable
performance, deep learning techniques usually require
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large datasets and heavy computation power, making
it challenging to apply these techniques in medical
fields.

Recent research has introduced novel techniques for
incorporating classical image processing methods with
machine learning and deep learning models. There
have been attempts at utilizing combinations of
various feature sets, including texture, shape, and deep
learning-based techniques, for improving the
classification accuracy of the models. Transfer
learning methods have also gained popularity in recent
years due to the need to overcome the issue of
insufficient medical data. Besides, the focus is also
shifting towards using explainable artificial
intelligence techniques, which are vital for clinical
purposes.

However, in spite of the above progress, many
conventional methods pay primary attention to
improving the accuracy of models without
emphasizing their ease-of-use and applicability in real
time. Therefore, there is an increasing need for fully
functional systems based on the integration of
effective feature extraction techniques, robust
classification mechanisms, and user-friendly interface
elements. The suggested research project seeks to
address the outlined issues through creating a lung
cancer diagnostic system, which will utilize several
feature extraction techniques together with the
Random Forest classifier and be implemented using a
web application.

I1l. PROBLEM STATEMENT

The medical images employed in diagnosing lung
cancer include CT images and histopathological
images, which tend to be hard to analyze due to the
presence of very minute details. Problems including
noise, insufficient contrast, changes in the quality of
the image, and variation in the imaging procedure can
make it harder to detect lung cancer. Moreover, the
increasing amount of data being collected increases
the pressure on medical personnel, resulting in an
inefficient and possibly unreliable analysis process,
especially during the early stages of detecting
abnormalities.

Conventional diagnosis procedures mostly utilize
human expertise supplemented by fundamental image
processing techniques. Even though these processes
can provide some benefits, they might prove to be
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insufficient to recognize the exact details of textures
and structures needed for an accurate classification of
images. In spite of the introduction of machine and
deep learning technologies to enhance the detection
processes, most of the existing systems use just one
type of feature extraction, or concentrate on enhancing
accuracy while neglecting other factors, such as
convenience.

A further problem is achieving the right balance
between precision, speed, and user-friendliness. Most
of the systems in existence have problems with
balancing these three factors, thereby reducing their
usefulness. In order to address such issues, this paper
seeks to develop a detection system for lung cancer by
integrating different feature extraction techniques
alongside an effective machine learning algorithm.
This system will be created in a Web-based platform
for easy, efficient, and precise use.

IV. PROPOSED METHODOLOGY

This system provides a very effective approach to
automatically detect and classify the presence of lung
cancer through the use of machine learning technology
together with image processing. This is aimed at
analyzing images for accurate diagnosis of lung-
related diseases through the application of feature
extraction algorithms and proper classification. The
main aim of this system is to ensure minimal human
intervention, improve accuracy of diagnosis, and help
early detection of the disease through a user-friendly
interface.

Image acquisition marks the first step in the workflow
process, whereby a user uploads an image of their lung
via the online interface. Once the image is uploaded, it
undergoes the preprocessing stage, where it is resized
and formatted to a standard format for the upcoming
stages. Post-preprocessing, a number of feature
extraction approaches are employed to extract
essential attributes of the image. These include
histogram features for capturing intensity information,
HOG for extracting texture and shape, color moments
for statistical color information, and edge detection.
The extracted features through various extraction
techniques are combined into one feature vector which
is then used as an input for the Random Forest
classifier. This machine learning technique works on
the principle of evaluating data and determining the
type of lung cancer based on whether it belongs to any
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of these categories, i.e., adenocarcinoma, squamous
cell carcinoma, or normal.

In order to ensure that the program is user-friendly and
can be accessed quickly and efficiently, the system is
built as a web application using Flask. This ensures
that users can submit their lung images and receive
predictions in real time, thus making it usable in real-
world applications. Moreover, the system has been
developed using a modular architecture, which makes
it easy to introduce improvements in the future.

A. Feature Extraction Techniques

The proposed system uses several approaches for
feature extraction that are capable of extracting
different attributes from lung images. The histogram
method is used to extract information on intensity
distribution, while the HOG method can extract
information on textures and shapes. Moreover, color
moments can be used to extract statistical information
on colors, while edge detection is used to detect
structural edges in the lung tissue.

B. Classification Using Random Forest

This system uses different methods for feature
extraction that enable the identification of various
characteristics of the lung image. For example,
histogram is used to analyze the intensity distribution
in the image pixels, whereas HOG enables the
extraction of features pertaining to the texture and
shape of objects in an image. On the other hand, color
moment is used to analyze the statistical variations of
colors in an image, while edge detection helps in
identifying the boundaries of structural components in
an image.

C. Image Preprocessing and Enhancement

In order to provide a consistent level of quality for the
inputs, the system will go through various
preprocessing tasks including image size reduction
and normalization. The system will also make use of
simple enhancement techniques in an effort to improve
the quality of the images as well as emphasize certain
aspects. Such processes are essential in minimizing
noise and increasing accuracy in feature extraction.

D. Web-Based User Interface

A user-friendly interface is created using Flask to
enable smooth interaction with the system. Through
this platform, users can upload lung images, run them
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through the model, and obtain prediction results
immediately. The interface is designed to be simple
and accessible, allowing both technical and non-
technical users to operate it with ease. The output is
presented in a clear and understandable manner,
helping users interpret the predicted classification and
apply it for further analysis or decision-making.

V. SYSTEM ARCHITECTURE

The proposed model is designed to automate the
process of diagnosing lung cancer through the use of
machine learning techniques in the analysis of medical
imaging data. It works in accordance with a clear
pipeline that involves transforming raw images into
actionable predictions.

Architecture Description

1. Input Frames

o Firstly, the input images like CT scans or X-rays
are taken as inputs.

e These inputs are passed through the network for
analysis.

N

. Convolution Layer (First)

o Firstly, different filters are applied to input images.
Low level features extracted by this layer include:
Edges

Corners

Textures

O O O e

w

. Pooling Layer
Size of feature maps reduced.
Used for:
Reducing computation
Preventing overfitting
Method used: Max Pooling

® O O [ ]

SN

. Convolution Layer (Second)

o Uses deep filters on pooled features.
High level features include:
Silhouettes

Patterns

Tumor-like structures

O O O e

ol

. Pooling Layer (Second)
Again, size of feature maps reduced.
Only important data is retained.
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6. Feature Extraction

e It is the process where features extracted in earlier
layers are combined.

e Then converted into a feature vector.

Cihere

Input Frames

Convolution Pooling

Layer Layer Convolution

Layer

{

Feature
Extraction

Fig.1 CNN Extraction Image

The process by which CNN extracts features is one
that is achieved by automatically learning significant
patterns from the inputs without any human
involvement. This process utilizes the convolution
layer, whereby the filters slide across the image in
order to extract vital details. At the early stages, the
neural network learns low-level details, which may
include edges, corners, and lines. More sophisticated
patterns, which can include textures and shapes,
emerge as the data progresses through deeper layers.

The pooling operation ensures that the dimensionality
of the feature maps is reduced, while retaining key

Fig.2. Deep learning for lung cancer nodule detection

First of all, some pictures from CT scans of patients'
lungs are provided on the left-hand side. Such CT
scans serve as the input for the system. As a
preparatory step before the analysis, some changes are
made to them. It includes resizing of the pictures,
making standardizations of some of their parameters,
and increasing the picture quality.

Further, after entering the main part of the system, a
Convolutional Neural Network starts working. The
input data is passed through many layers, and, with the
help of filters, the system detects various elements in
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the input image (e.g., edges, textures). Then, after
passing through some layers, a function called Relu
helps the system learn more complex relationships. In
addition, some pooling layers help to reduce the size
of the images. With the progress in neural layers, the
system gets more information and can detect even
more specific objects in the pictures, such as specific
shapes and structures. All this information is gathered
and goes through fully connected layers to be
combined into one. In the last stage, the output of the
network is produced by means of the classification
layer, determining whether the picture of the lungs is
either normal or cancerous. As seen from the bottom
half of the figure, there are feature maps indicating
which areas of the lungs the algorithm focuses on
while working with the picture.

In general, the figure displays the whole process
starting from the analysis of the input picture and
ending with an output result.

Inputs — CT Images ->pre-processing ->Feature
Extraction Using CNN ->Classification-> Outputs —

Prediction

#~ Data collecion and Pre- >
s, _ Patient Sereening Naise Removal Seamentation Model Segmentation " utput !

S processing Phase

Segmented

A A

I(Ilr

\ | Deep learning-based training madel for lung mmr

Figure 3: Diagram Showing the Process of Medical
Diagnosis of Lung Cancer through Machine Learning
(Lung Cancer Diagnosis using Deep Learning at
Forrest Sliger’s Blog)

The above figure presents the whole process involved
in detecting lung cancer using the machine learning
approach. First, the input of the images that have been
taken through the CT scan process in the form of
images will be provided to the system. Then pre-
processing of the images will take place in which the
images are made clear from any noise. Then
segmentation of the images will take place in which
the lung region will be separated from the image and
only that particular region will be selected for further
processing. Next is the training phase, during which
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the segmented images will be fed to the neural
networks. Firstly, these images will be processed by
the convolution layer, after which ReLU function will
also be applied to the images to extract complex
information. The acquired data is passed through
completely connected layers, wherein all the acquired
knowledge converges. Finally, the data passes through
the softmax layer, which gives probability scores for
each category. During the testing phase, the trained
network is used on unseen images. The network will
analyze the image and categorize it into benign or
malignant cancer cells. From here, the output will be
provided.

In summary, the entire procedure entails a systematic
step-by-step approach, starting from acquiring images,
preparing, segmenting them, training, and testing.

(c) Squamous cell carcinoma (d) normal

Figure 4. Various Lung Disorders

The image represents various lung disorders visible on
CT scan pictures, making it simpler to differentiate
healthy lungs from those affected by cancer.
Adenocarcinoma is featured in image (a) above, being
one of the most prevalent forms of lung cancer.
Adenocarcinoma occurs in the outer regions of the
lungs and tends to grow unevenly, forming irregular
lumps of varying sizes. Large cell carcinoma is
depicted in image (b) above and is distinguished by
large abnormal masses. Large cell carcinoma grows
aggressively and is known to form in any region of the
lung, without having a clear structure. Squamous cell
carcinoma is depicted in image (c) above and is
generally seen in the regions closest to the respiratory
tract. Squamous cell carcinoma tends to occur in
denser regions within the lungs. Image (d) depicts a
healthy lung, which is characterized by well-defined
structures and free of abnormal masses or regions.
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In summary, the image demonstrates the unique
characteristics of various lung cancers, enabling their
identification through CT scan pictures by both
medical professionals and deep learning systems.

VI. RESULTS AND DISCUSSION

The software performs quite well in scanning the CT
images and detecting possible abnormalities within the
lungs. It analyzes the key aspects of the provided
picture by utilizing deep learning techniques and thus
interpreting the patterns correctly. The predictions are
made rather fast, which makes the algorithm efficient.
The interface allows for convenient user engagement
by providing clear instructions on how to interact with
each aspect of the program from uploading the image
to displaying the predictions. The process is performed
efficiently in order not to lose time in complex
computations.

@ Lung Cancer Detection

Figure 5 Lung Cancer Prediction

Lung cancer prediction refers to identifying any
abnormal growths in lungs at an early stage using the
assistance of medical imaging as well as computerized
solutions. It is crucial to predict such abnormalities at
their initial stages because it can facilitate faster
treatment and ultimately have a positive effect on the
patient's condition.

Current prediction systems are based on imaging
solutions, such as CT scans and X-rays, in addition to
image processing and other advanced technologies.
Medical images of patients' lungs are analyzed for the
purpose of identifying abnormalities, including
nodules and abnormalities which may be related to
cancer growths. Prior to such analysis, medical images
undergo noise reduction and enhancement operations.
Machine learning techniques, including deep learning
algorithms and CNNs, are often employed to solve the
problem automatically. Training data comprises
numerous medical images, and the algorithm learns to
distinguish ~ between benign and malignant
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abnormalities. After such training, it can analyze new
images effectively.

Moreover, the systems provide simple and user-
friendly interfaces that allow either the doctor or the
patient to upload images and review results easily.
They do not aim at replacing medical practitioners, but
they assist them in decision-making, reducing
mistakes, and enhancing efficiency.

Generally, the major objective of the systems used in
detecting lung cancer is to provide a fast, accurate, and
easily available tool that will detect the condition
during its early stages.

@® Lung Cancer Detection

Upload CT Scan Image for Al Prediction

Figure 6. Lung cancer detection system user interface
showing CT scan image

In this figure, we see an interface that enables the
detection of lung cancer through the application of
artificial intelligence technology. The design of the
user interface is intuitive and interactive, making it
easy for users to upload images and get predictions.
The title provided clearly informs users of the main
function of the user interface, making it easy for them
to understand what it entails. The user instructions also
give clear guidance on how to upload a CT scan image
onto the interface.

In the middle, there is an upload region, which has a
border denoted with a dotted line. The purpose of this
region is that it will be used by users to upload images,
either by dragging them into this region or selecting
them on their devices. After uploading the image, it
will appear in this region, and thus users are able to
make sure they have uploaded the correct file.
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On the lower end of the interface, there is a "Predict"
button that helps start the process of analyzing the
image. On clicking this button, the machine/deep
learning algorithm begins processing the image by
studying it thoroughly for abnormalities or signs of
cancer.

On the whole, the design is straightforward and user-
friendly, with a logical layout that directs the user
through each step of the procedure. In fact, it converts
a complicated scientific procedure, such as diagnosis
of a medical condition, into some simple steps
involving uploading a picture and making a prediction.

@® Lung Cancer Detection

Upload CT Scan Image for Al Prediction

Prediction: lung_n

Figure 7. Easy-to-use GUI interface for detecting
lung cancer using artificial intelligence software that
helps upload images for quick predictions

The current paper outlines the concept of an
application that would allow one to detect lung cancer
using the analysis of medical images like CT scan or
an X-ray. A user uploads an image to the interface and
then the Al evaluates whether there are any
abnormalities in one’s lungs. During this process,
there is the stage of preparations whereby the image
will undergo enhancement so as to ensure that it meets
quality requirements. This will help the software
analyze the image easily and come up with accurate
results. The software design is such that it guarantees
performance and consistency during use. The program
uses a deep learning algorithm to analyze images of
the lungs to see whether there is cancer.
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analyses an image of the lungs to determine the
presence of cancer or lack thereof from the image
provided.

There is also the GUI that allows the user to operate
the software very easily. All one has to do is provide
the image to be analyzed and get the result
immediately. The goal of this project is to make the
task of health care practitioners much easier.

@® Lung Cancer Detection

Upload CT Scan Image for Al Prediction

Prediction: lung_aca

Fig.8. An easy-to-use user interface for an Al-based
lung cancer detection tool that enables users to load
CT scan images to get diagnostic predictions.

In the figure below, you will find the output generated
by an Al-based tool used for diagnosing lung cancer.
As the figure illustrates, a scan image of the lungs
needs to be loaded via the user interface and further
analyzed with the help of a machine learning model.
The image is then labeled by the system as “lung_aca”
meaning lung adenocarcinoma, a common form of
lung cancer. A simple user interface has been designed
to make image loading easy and results generation
convenient. Through the use of techniques such as
image preparation and classification algorithms, the
system helps detect different types of lung cancers
earlier than before.
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Model Test Accuracies Model Cross-validation Accuracies

Figure 9. Test Accuracy Models and Cross Validation
Accuracy Models

The system incorporates image processing along with
effective classification techniques for the purpose of
detecting lung cancer at an early stage. With the help
of the analysis of the medical imaging data, it is
possible for the system to detect different types of lung
diseases. The performance of the machine learning
models has been compared using two criteria, as
illustrated in Figure 9. In the first plot, the accuracy
obtained from testing the data is plotted. Almost all of
the models are performing satisfactorily by obtaining
an accuracy greater than 0.9, except for one model,
which obtains an accuracy of about 0.6.

In the second plot, the cross-validation scores are
plotted to show the reliability of the models in their
performance. This shows that the same trend as the
previous plot persists, as the best-performing models
obtain high accuracy, and the poor-performing model
continues to lag behind.

From the above analysis, it can be concluded that the
superior models are not just fitting the training set but
are consistent in their performance. This property of
reliability is important in applications in the medical
field, where the results need to be trustworthy.

VII.CONCLUSION

In this study, it becomes possible to see how artificial
intelligence can be utilized to diagnose lung cancer
from medical images. The combination of several
stages of image processing together with a trained
neural network enables this software to analyze CT
scans and microscopic pictures and provide rapid and
uniform results to the user. The simplicity of its
interface will allow everybody, both specialists and
those who have no knowledge about computers, to
upload and analyze their images. This model has been
designed in such a way that it can detect specific
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patterns of various lung cancers that will enable early
diagnosis and will assist doctors in making decisions.
Although this program cannot substitute professionals
working with patients' data, it represents a powerful
support tool to improve the process of analysis and
eliminate any potential mistakes. Certainly, there is
some work to be done in the future, such as employing
larger and more varied data sets, enhancing the
precision of the model, as well as conducting further
tests in the hospital environment.

REFERENCES

[1] A. Esteva et al., “A Guide to Deep Learning in
Healthcare,” Nature Medicine, vol. 25, no. 1, pp.
24-29, 2019.

[2] S. G. Armato Il et al., “The Lung Image
Database Consortium and Image Database
Resource Initiative (LIDC-IDRI): A
Comprehensive Dataset for Lung Nodule
Analysis,” Medical Physics, vol. 38, no. 2, pp.
915-931, 2011.

[3] H. Shen, L. Zhou, R. Yang, and J. Yu, “Lung
Nodule Classification Using  Multi-Scale
Convolutional Neural Networks,” in Proc.
Information Processing in Medical Imaging
(IPMI), 2015, pp. 588-599.

[4] W. J. Setio et al., “Detection of Pulmonary
Nodules in CT Scans with Reduced False
Positives Using Multi-View CNNs,” |IEEE
Trans. Medical Imaging, vol. 35, no. 5, pp. 1160—
1169, 2016.

[5] Q. Dou et al., “Automatic Detection of Lung
Nodules Using 3D Convolutional Neural
Networks,” 2017.

[6] G. Litjens et al., “Deep Learning Approaches in
Medical Image Analysis: A Survey,” Medical
Image Analysis, vol. 42, pp. 60-88, 2017.

[7]1 X. Wang et al., “ChestX-ray8: A Large-Scale
Dataset and Benchmarks for Thoracic Disease
Classification,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit. (CVPR), 2017, pp. 2097—
2106.

[8] K. He, X. Zhang, S. Ren, and J. Sun, “Deep
Residual Networks for Image Recognition,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit.
(CVPR), 2016, pp. 770-778.

[9]1 O.Ronneberger, P. Fischer, and T. Brox, “U-Net:
A Convolutional Network for Biomedical Image

206755 © IJIRT | www.ijirt.org MAY 2026 342



International Conference on Recent Innovation in Computer Science

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

206755

Segmentation,” in Proc. Medical Image
Computing and Computer-Assisted Intervention
(MICCAI), 2015, pp. 234-241.

H. Suzuki, “Applications of Deep Learning in
Medical Imaging: An Overview,” Radiological
Physics and Technology, vol. 10, no. 3, pp. 257—
273, 2017.

J. Ding et al., “Improved Pulmonary Nodule
Detection in CT Images Using Deep CNN
Models,” in Proc. Medical Image Computing
and Computer-Assisted Intervention (MICCAI),
2017, pp. 559-567.

Y. LeCun, Y. Bengio, and G. Hinton, “Deep
Learning,” Nature, vol. 521, no. 7553, pp. 436—
444, 2015.

A. Krizhevsky, I. Sutskever, and G. Hinton,
“Image Classification with Deep Convolutional
Neural Networks,” in Adv. Neural Inf. Process.
Syst. (NeurlPS), 2012, pp. 1097-1105.

M. Anthimopoulos et al, “Lung Pattern
Classification for Interstitial Lung Diseases
Using Deep CNNs,” IEEE Trans. Medical
Imaging, vol. 35, no. 5, pp. 1207-1216, 2016.

D. Ciompi et al., “Automatic Classification of
Pulmonary Nodules Using Deep Learning
Techniques,” IEEE Trans. Medical Imaging, vol.
36, no. 3, pp. 722-734, 2017.

E. Gibson et al., “Automatic Multi-Organ
Segmentation Using Deep Learning Methods,”
IEEE Trans. Medical Imaging, vol. 37, no. 8, pp.
1822-1834, 2018.

F. Ciompi et al., “Deep Learning for Detection
and Classification of Lung Nodules in CT
Scans,” Medical Image Analysis, vol. 54, pp. 1-
10, 2019.

S. Lakhani and B. Sundaram, “Deep Learning in
Chest  Radiography:  Applications  and
Challenges,” Radiology, vol. 284, no. 2, pp. 574—
582, 2017.

N. Tajbakhsh et al., “Convolutional Neural
Networks for Medical Image Analysis: Full
Training vs Transfer Learning,” |IEEE Trans.
Medical Imaging, vol. 35, no. 5, pp. 1299-1312,
2016.

J. Rajpurkar et al., “CheXNet: Deep Learning for
Pneumonia Detection from Chest X-Rays,” in
Proc. Deep Learning in Healthcare Conference,
2017.

G. Huang, Z. Liu, L. Van Der Maaten, and K. Q.

[22]

[23]

[24]

[25]

© UIRT | www.ijirt.org MAY 2026

ISSN: 2349-6002

Weinberger, “Densely Connected Convolutional
Networks,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit. (CVPR), 2017, pp. 4700-4708.
O. Russakovsky et al., “ImageNet Large Scale
Visual Recognition Challenge,” International
Journal of Computer Vision, vol. 115, no. 3, pp.
211-252, 2015.

J. Long, E. Shelhamer, and T. Darrell, “Fully
Convolutional ~ Networks  for ~ Semantic
Segmentation,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit. (CVPR), 2015, pp. 3431-
3440.

L. Bi, J. Kim, and D. Feng, “Automatic Lung
Segmentation and Nodule Detection with Deep
Learning Approaches,” IEEE Journal of
Biomedical and Health Informatics, vol. 23, no.
6, pp. 2472-2481, 2019.

Z. Zhao et al., “Classification of Lung Nodules
with Deep Learning Approach Based on CT
Images,” Computerized Medical Imaging and
Graphics, vol. 75, 2019.

343



