Grenze International Journal of Engineering and Technology, June Issue
Scientific Society

An Extensive Challenge for Multi-Disease
Identification using HYBRID Algorithm

Gutti Naga Swetha?, P. Reddy Likitha?, P. Rakesh® and K. Reddy Priya Darshini*
! Assistant Professor, Dept. Of ECE, Madanapalle Institute of Technology & Science
Email: nswethag@gmail.com
Z4Students, Dept. of ECE, Madanapalle Institute of Technology & Science
Email:20691A04h6@mits.ac.in, 20691A04g9@mits.ac.in, 20691A04h7 @mits.ac.in

Abstract— In deep learning algorithms to a wide range of imaging modalities, then the creation
of of a comprehensive goal for the recognization of lung cancer, gastrointestinal tract detection
and brain tumours is being pursued. For the purpose of this procedure, we are using a computed
tomography (CT) scan. When an individual is subjected to ionising radiation, there is an
increased risk of cancer development .When the scans are repeated, the magnitude of this risk is
increased even more. It is possible that metal objects or implants might be the source of artefacts
in magnetic resonance imaging (MRI) images. This would have an effect on the diagnostic
precision, which in turn would have an effect on the reliability of diagnostics. To do this, it makes
use of computed tomography (CT) scans and magnetic resonance imaging (MRI) scans, in
addition to ultrasound images of the lungs and brain. This is done in order to facilitate the
development of diagnostic models that are both accurate and efficient. By training deep learning
algorithms to recognise abnormal patterns in these organs that might be indicators of a variety
of illnesses, the approach that is being presented aims to increase the system's resilience and
adaptability towards change. This is accomplished by drawing from a wide variety of image
sources. By using the system to draw a single picture, as well as the system to draw a variety of
picture sources, it will be permitted to draw pictures. The completion of the task will be made
possible by the utilisation of a wide range of picture sources, which will be made possible by this.
In the end, the multi-modal deep learning architecture that has been suggested has the potential
to significantly improve the diagnostic capabilities of gastroenterologists and oncologists. The
purpose of this framework is to provide a comprehensive and method for diagnosing medical
imaging conditions by combining modern technology, a variety of datasets, and ethical conduct
S0 as to provide a comprehensive and method.

Index Terms— Keywords.

I. INTRODUCTION

A comprehensive understanding of the interior architecture of the body can be obtained through the use of medical
imaging technologies such as X-rays, magnetic resonance imaging (MRI), computed tomography (CT) scans, and
positron emission tomography (PET) scans. These technologies also have the ability to identify abnormalities in a
variety of organs. Deep learning algorithms are able to identify even the most complex multi-organ systems,
allowing them to identify even the most minute patterns and irregularities that may be indicative of diseases.
Analyzing enormous amounts of imaging data is the means by which this is achieved. When it comes to improving
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patient outcomes in the area of oncology, early detection of lung tumours, gastrointestinal tumours, and brain
tumours is an essential component. The reason for this is because it makes it possible to schedule therapy and
action early. In the case of lung cancer, for instance, the chance of the treatment being successful is much higher
when the illness is found at an earlier stage as opposed to when the disease is diagnosed at a later stage. In a similar
vein, gastrointestinal illnesses such as inflammatory bowel disease (IBD), colorectal cancer, and gastric ulcers
may be effectively treated if they are identified at an early stage by the use of medical imaging technologies. It is
vital to discover brain tumours in a timely manner in order to initiate appropriate treatments. These treatments may
include surgery, chemotherapy, or radiation therapy, depending on the kind of tumour and the stage at which it
has developed. Only then may appropriate treatments be started.

A significant achievement in the area of medical imaging analysis is the development of a deep learning system
that takes into account many modalities. This is due to the fact that it makes it possible to combine data from a
wide variety of imaging modalities, which ultimately results in an increase in the precision of diagnostic procedure.
Medical personnel are able to provide patients with treatment techniques that are more individualized and targeted
thanks to the use of this technology. This, in turn, leads to better patient outcomes and an enhanced quality of life
for the patients.

Il. RELATED WORK

A. Overview

Developing an advanced multi-modal deep learning system that will revolutionize medical diagnosis is the aim of
this research. The project addresses the pressing need for accurate and efficient diagnostic tools in the fields of
gastroenterology and oncology, with an emphasis on the full detection of brain tumors, gastrointestinal diseases,
and lung cancer. The proposed framework integrates the most recent Convolutional Neural Networks (CNN),
ResNet-50, and VGG16 architectures to automatically extract hierarchical features from a range of medical
imaging modalities.

B. Preprocessing and Image Enhancement

The collected medical imaging dataset from Kaggle undergoes a comprehensive preprocessing step to standardize
formats and resolutions and enhance overall image quality.

C. Smoothing Filters

Smoothing filter application is a critical stage in the picture improvement process of the multi-modal deep learning
framework being developed to identify lung tumor, gastrointestinal tract ilinesses, and brain tumor. Gaussian filters
and other smoothing filters minimize noise and improve the quality of medical images. These filters smooth or
blur pixel intensities to sharpen and visually appealingly display the image by convolving it using a Gaussian
kernel.

D. Feature Extraction

Feature extraction plays a critical role in the multi-modal deep learning framework that is being developed for the
comprehensive diagnosis of lung tumor, gastrointestinal tract diseases, and brain tumor. This technique involves
automatically identifying and extracting relevant structures, patterns, or characteristics from the medical images
that have already undergone processing. This feature extraction step depends on the framework's integrated
ResNet-50, VGG16, and Convolutional Neural Networks (CNN) architectures.

E. Classification

Classification is a crucial part of the multi-modal deep learning architecture intended for the comprehensive
diagnosis of brain tumors, gastrointestinal diseases, and lung cancers. The learned hierarchical features from the
feature extraction step are used by the deep learning models to classify medical images into discrete diagnostic
categories. The classification method aids in the system's ability to discern between normal and pathological brain,
gastrointestinal tract, and lung imagery scenarios by assigning each image a label or category depending on the
patterns discovered.

F. Convolutional Neural Networks

One of the most important roles of Convolutional Neural Networks (CNNs) in the multi-modal deep learning
framework for lung tumor, gastrointestinal tract problems, and brain tumor identification is automating medical
picture processing. CNNs are specialized neural networks designed for tasks connected to images, and they are
particularly well-suited to the intricate details of medical imaging diagnostics.
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G. Resnet-50

ResNet-50, often called Residual Network with 50 layers, is a multi-modal deep learning framework with a
powerful architecture designed to detect brain tumors, gastrointestinal issues, and lung tumor. ResNet-50 presents
the concept of residual learning, which enables the efficient training of networks with previously unheard-of
numbers of layers. To tackle the challenge of training incredibly deep neural networks, ResNet-50 was developed.

H. VGG 16

VGG16, a well-known deep neural network design, is an essential part of the multi-modal deep learning framework
that attempts to identify lung tumor, gastrointestinal tract issues, and brain tumor. VGG16—named for its 16
weight layers—is well-known for being user-friendly and effective in photo categorization jobs. Numerous
fundamental efforts that paved the way for understanding the issues and potential solutions in this field have
informed the current project's strategy and design choices. Rich literature at the nexus of deep learning and medical
imaging provides ideas and information for the construction of a multi-modal deep learning framework for the
thorough detection of lung cancer, gastrointestinal tract disorders, and brain tumors. The approach and design
decisions of the current project have been influenced by a number of foundational works that have cleared the path
for comprehending the problems and potential solutions in this sector.

I11. OBJECTIVES

Deep Learning Integration: This research effort takes into account the present state of deep learning methods,
including CNN, ResNet-50, and VGG16 architectures, among others. In order to enable the model to recognise
complex patterns that are indicative of clinical disorders in the brain, gastrointestinal system, and lungs, these deep
neural networks will be used to automatically extract hierarchical features from medical pictures. This will allow
the model to recognise these patterns.

Unified Diagnostic Approach: The objective of the project is to establish a single diagnostic technique that can
seamlessly combine data from a variety of medical imaging modalities. This will be accomplished via the
utilisation of ultrasound pictures of the brain and lung, magnetic resonance imaging scans, and colonoscopy
images.

Enhanced Efficiency and Accuracy: Within the scope of this project, the goal is to significantly improve diagnostic
accuracy and efficiency by means of the automation of the interpretation of medical pictures. Through the use of
deep learning algorithms, the system will be able to recognize minute patterns and abnormalities that may function
as early warning indications of potential issues.

Adaptable Diagnostic Device: The main goal is to create a flexible diagnostic tool that can handle the intricacies
of different clinical situations. To ensure its adaptability in a range of diagnostic scenarios, the suggested system
should be able to adapt to multiple imaging modalities that are frequently employed in medical practice.
Advancement in Personalized Medicine: By creating a diagnostic system that can recognize and account for
individual differences in pathology, the research hopes to advance precision medicine.

IV. LITERATURE OVERVIEW

A. "Deep Convolutional Neural Networks for Brain Tumor Segmentation: A Review"

Havaei et al. (2017) conducted a comprehensive analysis of the application of deep convolutional neural networks
(CNNs) for brain tumor segmentation. This work explores the nuances of CNNs in brain tumor segmentation from
medical images, providing insights into feature extraction and semantic segmentation. The methods and
architectures discussed in this paper enabled the deep learning models for brain tumor detection in the multi-modal
framework.

B."Deep Learning in Gastrointestinal Endoscopy"

Chen and associates investigated the possible applications of deep learning in the critical subject of gastrointestinal
endoscopy in 2019. The challenges of feature extraction from colonoscopy images and the complexities of
recognizing anomalies in the gastrointestinal tract are addressed. The methodologies and concerns mentioned in
this paper enable the development of models for the identification of gastrointestinal illnesses while keeping the
objectives of the multi-modal framework in mind.

C. "Deep Learning In Lung Tumor Diagnosis: A Review"

The comprehensive study by Zhang et al. (2019), which focuses on deep learning applications in the diagnosis of
lung tumor, improves the body of literature. In particular, the study looks into various deep learning techniques
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for analyzing lung images obtained from CT scan modalities. The review's findings affect the multi-modal
framework's methodology, especially in terms of identifying abnormalities in lung imaging.

D. "Transfer Learning for Medical Image Analysis"

Yosinski et al. introduce the idea of transfer learning (2014). It entails optimizing previously learned models for
specific applications using large datasets. This concept is in line with the multi-modal framework's method, which
effectively extracts features by using pre-trained architectures like VGG16 and ResNet-50.

E. "A Survey on Deep Learning in Medical Image Analysis"

Deep learning applications in medical image processing are covered in great detail by Litjens et al. (2017). By
offering a summary of several deep learning architectures and techniques utilized in medical imaging applications,
this article serves as a foundational resource. Selecting appropriate models and approaches within the multi-modal
framework is made easier by the survey's more thorough perspective on cutting-edge techniques.

F. "Multi-Modal Deep Learning for Image Classification"

Zhang et al. share their work on multi-modal deep learning for picture categorization (2020). This work explores
the merging of multiple imaging modalities' data in accordance with the multi-modal framework goals. The
outcomes of this investigation impact the design choices made for incorporating many imaging sources into the
diagnostic system.

G."Enhancing Medical Image Analysis with Generative Adversarial Networks"

Generative Adversarial Networks, or GANS, are key elements in the proposed architecture. GANs are used in Frid-
Adar et al.'s (2018) study to enhance medical picture analysis. Using GANSs to produce realistic images and
preserve significant visual aspects while improving them aligns with the state-of-the-art techniques included into
the multi-modal diagnostic system.

H. "Image Morphing Techniques for Medical Imaging"

Research like Cheng et al. (2019), which examine picture morphing techniques for medical imaging, supports one
key element of the recommended architecture: image morphing. The innovative approach employed in the multi-
modal framework is in line with the use of convolutional neural networks and GANs to alter images while
preserving significant visual aspects.

I. Computer-Aided Diagnosis System

Computer-aided approaches have developed into revolutionary tools in various industries that have fundamentally
altered how tasks are accomplished and decisions are made. In the realm of medical imaging and diagnostics,
computer-aided methods are critical to raising the bar on accuracy, productivity, and general health results.
Through the use of complex algorithms, artificial intelligence, and computational techniques, these tactics support
healthcare professionals in their decision-making.

J. Pre-Processing

Preprocessing is an essential stage in building the multi-modal deep learning framework for the comprehensive
identification of lung tumor, gastrointestinal tract problems, and brain tumor. It helps to improve and standardize
medical imaging data for additional analysis. This crucial stage involves several processes and modifications that
enhance the precision, consistency, and understandability of different imaging modalities, including as MRIs,
ultrasound scans, and colonoscopy images.

K. Segmentation

Segmentation, which focuses on identifying and isolating regions of interest within medical images, is an essential
step in the multi-modal deep learning framework for the identification of brain tumors, gastrointestinal diseases,
and lung tumor. Segmentation is essential to precisely identify and locate anomalies and to give a thorough grasp
of the anatomical components involved. This work applies segmentation approaches to a variety of imaging
modalities, including colonoscopy photos, ultrasonography, and MRI.

L. Feature Extraction

Feature extraction, which focuses on extracting relevant and discriminative data from preprocessed medical
images, is an essential stage in the multi-modal deep learning framework for diagnosing brain tumors,
gastrointestinal diseases, and lung cancer. A critical first step is feature extraction, which transforms raw pixel data
into meaningful representations that pinpoint distinct patterns symptomatic of clinical problems. Convolutional
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Neural Networks (CNNs) with designs like VGG16 and ResNet-50 are primarily used in this research to extract
features automatically and hierarchically.
M. Classification

Classification is an important stage in the multi-modal deep learning system for lung cancer, gastrointestinal
diseases, and brain tumor detection. Using the learned characteristics—obtained from the feature extraction
process, which involves identifying significant patterns and features from preprocessed medical pictures—the
classification phase comprises labeling or classifying these images.

V. PROPOSED SYSTEM

By accurately identifying lung tumor, gastrointestinal disorders, and brain tumors, the suggested multi-modal deep
learning system seeks to transform medical imaging diagnostics. From data collecting to the integration of cutting-
edge deep learning techniques, this detailed overview clarifies the complexities of the system. The basis of the
suggested method is the collection of a broad dataset that includes images from colonoscopies, MRIs, and lung
and brain ultrasonography studies. To assure trustworthiness, these photos have been taken from reliable medical

databases and institutes.
Image Acquisition

Data base

l Pre- Processing | Classification | | detection
- Model

Parameter

Evaluation

Figure.1. System Overview

V1. PROBLEM STATEMENT

Within the realm of medical diagnostics, there are a lot of problems that need novel approaches to be solved,
particularly in the areas of cancer and gastrointestinal disorders. In spite of the advancements that have been
achieved in medical imaging services, the detection and diagnosis of lung tumours, brain tumours, and problems
with the gastrointestinal system continue to be difficult obstacles to overcome. Traditional methods of diagnosis
have a number of drawbacks, one of which is that they often rely on the subjective interpretations of human beings.
This may lead to results that are discordant with one another and may have the potential to delay the onset of
therapy.

VIl. MOTIVATION

In order to improve the standard of living of its general population, India is one of the developing nations that need
a large amount of attention from the international community. Due to the sensitive nature of technology and the
impact it has on the lives of individuals, it is essential that technological advancements be made across a wide
variety of businesses, notably the medical sector. Dermatology, which is the area of medicine that deals with the
treatment of problems that affect the skin, nails, and hair, is one of the most important and regularly used
disciplines when it comes to this specific element. Dermatology is also one of the most widely utilized fields.

VIIl. METHODOLOGY

An organized method is utilized in this study in order to develop and assess a multi-modal deep learning framework
with the intention of giving a thorough diagnosis of lung cancers, gastrointestinal disorders, and brain tumours.
The objectives of this research are to provide a diagnosis that is comprehensive. Among the components of the
process are the gathering of data, the performance of pre-processing, the modelling, the training, the verification,
and the evaluation of information.

Data Collection: We will collect a wide range of medical imaging datasets, including images obtained from
magnetic resonance imaging (MRI) scans, data from ultrasound scans of the lungs and brain, and the outcomes of
colonoscopies.
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Pre-processing: The images that have been taken will be put through a thorough pre-processing operation in order
to enhance the image quality and standardize the formats and resolutions from which they are taken. In order to
generate deep learning models, the research will make use of the Convolutional Neural Networks (CNN), ResNet-
50, and VGG16 architectures. This will be done in order to develop deep learning models.

Dataset

Generally speaking, the success of the project depends heavily on the datasets utilized in the creation and
assessment of the multi-modal deep learning framework for the thorough identification of lung cancer,
gastrointestinal disorders, and brain tumors. In-depth examination of the datasets' properties, sources,
preprocessing techniques, and ethical issues is provided in this thorough analysis, which highlights the value of
varied and carefully chosen data in improving medical imaging diagnosis.

Data Sources

The datasets are guaranteed to be trustworthy and compliant with ethical norms because they are sourced from a
number of respectable institutions and archives. Access to a variety of carefully selected datasets is made easier
by partnerships with medical imaging databases, research institutes, and healthcare providers.

TABLE |. POLLS OF TRENDY DATA MINING METHODS 2013-2016.

Method 2013 2014 2015 2016
Decision tree Rank:1 (15%) Rank:1 (15%) Rank:1 (16%) Rank:1(13%)
Clustering Rank:2(11%) Rank:2(11%) Rank:3(10%) Rank:2(12%)
Neural nets Rank:5 (8%) Rank:4 (8%) Rank:5 (8%) Rank:6 (7%)
Association rules Rank:6 (7%) Rank:7 (4%) Rank:4 (8%) Rank:7 (6%)

PERFORMANCE ANALYSIS

It is observed from above table that FFNN Algorithm

The confusion matrix shows the percentage of errors and correct classifications. The number of classes, adjusted
and uncorrected findings, true positives, and false negatives are also shown.

A comparison of the FFNN and SVM classifiers' performance is done using the confusion matrix and the detailed
table that shows both classifiers' accuracy. The FFNN classifier showed better efficiency and accuracy in
diagnosing skin disorders than the SVM classifier.
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IX. CONCLUSION

Lastly, developed for the thorough diagnosis of lung cancer, gastrointestinal disorders, and brain tumors, the multi-
modal deep learning framework represents a new approach in the field of medical imaging diagnostics. The mix
of innovative techniques, imaginative ideas, and ethical considerations highlights this system's potential impact on
the healthcare sector. The framework's fundamental usage of a variety of well-selected and preprocessed datasets
offers a wide and varied source of data for training and evaluation. A complete approach that addresses diseases
in several organ systems with high precision is made possible by the use of images from colonoscopies, brain
imaging MRIs, and lung and brain ultrasounds. The segmentation procedure guarantees accurate abnormality
identification and localization. It is essential for separating regions of interest within medical images.

Ethics concerns such as patient privacy protection, informed permission, data security protocols, and regulatory
compliance highlight the need of handling medical data appropriately. Since deep learning and medical imaging
are dynamic fields, the continuous improvement and adaptation technique acknowledges this dynamic character
and emphasizes the value of staying up to date on new advancements and considering the advice of medical
professionals. Ultimately, there is great potential for the proposed multi-modal deep learning architecture to
enhance the diagnostic skills of oncologists and gastroenterologists. Combining cutting-edge technologies, a range
of datasets, and moral behavior, the framework offers a thorough and innovative approach to medical imaging
diagnoses.

FUTURE WORK

The trajectory of the multi-modal deep learning framework holds promise for important and exciting developments
in the field of diagnostic medical imaging. Current research will focus on adding new features to the system,
exploring new modalities, and incorporating state-of-the-art technology. In order to boost image quality, extract
features, and increase classification accuracy, we will look into novel GAN and CNN designs and training
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techniques. First, in order to boost confidence among healthcare professionals and facilitate a deeper understanding
of model decisions, explainable Al techniques will be implemented. In addition, future studies will investigate the
integration of real-time processing capabilities for quick analysis of medical images and quick decision support.
By including new organ systems and illnesses, the framework's utility will increase and the diagnostic toolkit's
comprehensiveness will be enhanced. To ensure the system's robustness and applicability to a wide range of patient
demographics, partnerships with healthcare organizations will be necessary to gather a variety of representative
datasets. The development process will be guided by ethical considerations, with particular attention paid to
privacy-preserving methods and compliance with changing legislative frameworks. All things considered, future
work in the rapidly evolving fields of medical imaging and artificial intelligence in healthcare will be characterized
by a consistent focus on innovation, adaptation, and better diagnostic outcomes.
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