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ABSTRACT

This study addresses the use of deep learning techniques, including Inception, ResNet, Xception,
AlexNet, and MobileNet, for the identification of brain hemorrhages in medical imaging.
Motivated by the crucial need for rapid and accurate diagnoses, the research proposes deep
learning as a transformational answer, overcoming limits in standard diagnostic procedures. The
inquiry dives into the nuances of brain hemorrhage identification, addressing technological,
methodological, and practical issues inherent in the use of deep learning approaches. The study
predicts a large influence on society by increasing patient outcomes, boosting healthcare
accessible, and transforming healthcare dynamics. Ethical issues, such as patient privacy,
permission, and algorithmic bias, are thoroughly investigated, connecting the study with
responsible and transparent Al implementation. The environmental effect of deep learning
systems is analyzed, stressing measures for enhancing energy efficiency and implementing
eco-friendly computing practices. The sustainability strategy provided in the research becomes a
guiding light, assuring the ongoing relevance and good effect of the offered solutions. In
conclusion, the study indicates an important milestone in the development of medical imaging
technology, delivering useful insights into the comparative performance of deep learning systems.
Future work is proposed to further boost algorithmic performance, diversify datasets, improve
interpretability, allow real-world clinical integration, and address ethical and regulatory
frameworks. The complete character of this research, embracing socioeconomic, ethical,
environmental, and sustainability factors, presents it as a holistic contribution to the area of

medical diagnostics, supporting responsible and impactful technology deployment.
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CHAPTER 1

INTRODUCTION

1.1 INTRODUCTION

In the ever-evolving environment of technological developments, the introduction of deep
learning has ushered in profound improvements across numerous industries. One significantly
affected sector is medical image analysis, where the incorporation of powerful algorithms has
demonstrated considerable potential in transforming diagnostic methods. Over the last several
years, the extraordinary usefulness of deep learning approaches has been more visible, notably in
the field of early identification and recognition of different medical diseases. This study goes on a
concentrated examination within the area of medical imaging, with a special emphasis on using the
capabilities of deep learning for the diagnosis and recognition of brain hemorrhages. A deep
knowledge of this crucial medical illness is imperative, given its possible life-threatening effects
and the pivotal role that rapid and precise diagnosis plays in defining subsequent medical
measures. The complicated nature of brain hemorrhages, along with the imperative for rapid
medical intervention, is the essence of our study endeavors. This work tries to leverage the
potential of sophisticated deep learning algorithms to construct a robust model for the quick and
accurate identification of brain hemorrhages in medical imaging data. The enormous influence
that such a model may have on patient outcomes and the larger healthcare environment highlights
the relevance of this research effort. As we traverse the remaining chapters of this study, we will
dig further into the theoretical foundations of deep learning, examine the historical backdrop of
medical image analysis, and illuminate the nuances of the approaches applied. The ultimate
objective is not only to highlight the promise of deep learning but to contribute substantially to the
field, solving real-world difficulties and extending the frontier of medical diagnostic skills.
Through thorough study, testing, and debate, this project attempts to offer insight on the usefulness

of different deep learning architectures in the context of brain hemorrhage identification.
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1.2 Motivation

The impulse motivating the pursuit of this study is strongly entrenched in the urgency and vital
aspect surrounding the quick diagnosis and response in instances of brain hemorrhages. The
motive has its birth in the fundamental realization that prompt and correct diagnosis plays an
integral role in influencing the course of medical intervention, hence exercising a direct impact on
patient outcomes. The stakes are extremely high in the case of brain hemorrhages, when every
instant matters in defining the course of therapy and, ultimately, the patient's overall prognosis.
Traditional techniques of diagnosis, although established and proven, sometimes wrestle with
inherent constraints such as time-consuming procedures and vulnerability to human error. The
exigencies of medical crises, especially those involving the complicated and sensitive structure of
the brain, need a paradigm change toward more efficient and trustworthy diagnostic procedures. It
is against this background that the promise of deep learning algorithms emerges as a light of
innovation and a driver for dramatic change in the area of medical imaging and diagnostics. The
complicated and subtle nature of brain hemorrhages needs a degree of accuracy and speed that
standard diagnostic techniques may fail to offer consistently. Deep learning algorithms, equipped
with the capacity to independently learn and discover patterns from enormous datasets, provide a
unique and promising answer to these difficulties. The promise of boosting the speed and accuracy
of diagnosis via the implementation of these sophisticated algorithms acts as a powerful motive
moving this research effort ahead. The real-world ramifications of effectively adopting deep
learning in the field of brain hemorrhage identification extend well beyond the bounds of the
laboratory. The potential to make meaningful contributions to the refinement of patient care,
decrease of diagnostic turnaround times, and ultimately, the protection of human lives highlights

the ethical imperative and social obligation propelling this study forward.

1.3 Rationale of the Study

The urgency motivating the commencement of this work is firmly ingrained in the overall demand
for sophisticated and efficient tools within the evolving environment of medical imaging. In the
modern healthcare paradigm, the necessities necessitate diagnostic approaches that not only
demonstrate heightened accuracy but also work with exceptional rapidity, especially in situations
involving urgent medical disorders such as brain hemorrhages. The usual armamentarium of

diagnostic techniques, although basic and clinically proven, meets tremendous obstacles in the
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areas of both accuracy and expediency. Brain hemorrhages, being complicated and time-sensitive,
offer particular hurdles to established diagnostic approaches. The inherent complexity of
interpreting medical pictures of the brain, combined with the vital significance of prompt
intervention, demand a paradigm change towards more inventive and adaptable treatments. This
study offers itself as a reaction to the restrictions that have traditionally hampered conventional
diagnostic tools, envisioning the integration of state-of-the-art deep learning algorithms as a
transformational force capable of surmounting these problems. The heart of the argument comes
in the awareness that the standard ways of identifying brain hemorrhages, which may include
human analysis or rule-based systems, sometimes deal with inherent constraints, leading to
significant errors and delays in diagnosis. Deep learning, with its capacity to independently
discover subtle patterns from enormous datasets, offers the possibility of solving these problems
fully. By leveraging the power of modern algorithms, this research hopes to not only increase the
accuracy of diagnostic results but, equally significantly, to speed the discovery and diagnosis of
brain hemorrhages. The potential significance of this finding reverberates throughout the
landscape of medical diagnostics and patient care. A good conclusion has the potential to
inaugurate a new age in diagnostic skills, particularly in the vital field of neuroimaging. Beyond
the domains of academia and research, the practical implications extend to the clinic, where the
incorporation of more efficient and accurate diagnostic tools may greatly increase the quality of

patient care, leading to swifter treatments and greater health outcomes.

1.4 Expected Output

The predicted objectives of this study are numerous and converge towards the overriding aim of
increasing the state-of-the-art in the identification of brain hemorrhages via the use of deep
learning technologies. The major intended result is the construction of a robust and advanced deep
learning model designed for the correct diagnosis of brain hemorrhages in medical imaging data.
This model is envisioned to incorporate the following fundamental aspects:

e Development of Specialized Models: Creation of unique deep learning models for brain
hemorrhage identification, exploiting the capabilities of architectures like as Inception,
ResNet, Xception, AlexNet, and MobileNet. Exploration of model customisation to boost
performance in the context of neuroimaging, guaranteeing a detailed knowledge of brain

hemorrhage patterns.
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e Comprehensive Experimental Framework: Establishment of a comprehensive and
precisely built experimental framework to rigorously test the performance of the proposed
models. Execution of controlled experiments to permit a comparative investigation of the
specified deep learning architectures, uncovering insights into their particular strengths and

limits.

e Performance Metrics and Evaluation: Adoption of a wide collection of performance
measurements, including but not limited to accuracy, precision, recall, F1-score, and area
under the receiver operating characteristic (ROC) curve. Thorough assessment of the
models against benchmark datasets and real-world medical imaging data, guaranteeing the

generalizability and robustness of the suggested solutions.

e Insights about Algorithmic Effectiveness: Deeper examination of the comparative
efficiency of Inception, ResNet, Xception, AlexNet, and MobileNet in the specialized area
of brain hemorrhage identification. Unveiling deep insights into the strengths and
shortcomings of each algorithm, aiding future practitioners and academics in picking the

best suited model for comparable applications.

e Real-World Applicability and Clinical Relevance: Assessment of the translational potential
of the generated models for real-world clinical applications. Exploration of the practical
feasibility and usefulness of integrating the suggested deep learning systems into current

healthcare infrastructures, with a view towards optimizing diagnostic procedures.

e Contributions to the Scientific Community: Generation of empirical data and research
discoveries contributing to the greater scientific debate on the use of deep learning in
medical imaging, notably in the context of brain hemorrhage identification. Publication of
research outputs in peer-reviewed publications and presentations at conferences, boosting

knowledge distribution and strengthening academic discourse.
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1.5 Report Layout
The overall framework of this study is precisely constructed to give a complete tour through the
research process and its conclusions. Commencing with this introduction, the report easily

transitions to

Chapter 1: introduces the study on brain hemorrhage detection using deep learning-based photo
segmentation, outlining the background, research questions, and expected results, providing a

roadmap for the entire report.

Chapter 2: which digs into the rich tapestry of background literature, performing a comprehensive

evaluation of pertinent studies and creating the underlying framework for the study.

Chapter 3: methodically covers the research technique, giving a comprehensive explanation of the

design and execution of experiments, affording a clear look into the procedural subtleties.

Chapter 4: serves as the focus point for the presentation of experimental analysis and debate,
where the performance of several deep learning algorithms, including Inception, ResNet,

Xception, AlexNet, and MobileNet, is critically examined.

Chapter 5: digs into the socioeconomic, environmental, and sustainability repercussions of the
research, offering a comprehensive view on the larger ramifications of the suggested deep learning

solutions.

Chapter 6: acts as the conclusion, capturing the core of the study by summarizing major results and
presenting insightful ideas for further study areas. This methodical arrangement allows a detailed
comprehension of the research journey, from its theoretical foundations to the practical

ramifications and prospective areas for future inquiry.
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CHAPTER 2

BACKGROUND

2.1 Related Works

In the expanding world of medical imaging and diagnostic applications, numerous significant
works have contributed to the growth of deep learning approaches. Chen et al. (2017) showed the
efficiency of a deep neural network-based detection method in automatically recognizing brain
microbleeds, showing the promise of deep learning in neuroimaging [1]. Akkus et al. (2017)
published an exhaustive study, outlining the state of the art and future prospects in employing deep
learning for brain MRI segmentation, underlining its significance in the developing area of medical
image processing [2]. Kamnitsas et al. (2017) introduced an efficient multi-scale 3D convolutional
neural network with a fully linked conditional random field, displaying great accuracy in brain
lesion segmentation and laying the groundwork for increased diagnostic precision [3]. McKinney
and Smith (2019) gave a detailed examination of convolutional neural networks as models of the
visual system, tracking their historical history, current state, and projecting future possibilities in
the context of cognitive neuroscience [4]. The work of Huang et al. (2017) on densely linked
convolutional networks has been essential in enhancing the efficiency and performance of deep
learning models, notably in computer vision applications, including medical imaging [5].
Hosseini-Asl et al. (2016) dug into Alzheimer's disease diagnostics, revealing the flexibility of 3D
convolutional networks in this essential area [6]. Ghafoorian et al. (2017) suggested
location-sensitive deep convolutional neural networks for the segmentation of white matter
hyperintensities, adding to the understanding and diagnosis of neurological illnesses [7]. The
application of deep learning extends to musculoskeletal magnetic resonance imaging, as
demonstrated by Liu et al. (2018), who developed a deep convolutional neural network and 3D
deformable approach for tissue segmentation, offering a promising avenue for improved analysis
in this specialized domain [8]. Maier et al. (2015) studied the use of additional tree forests for
sub-acute ischemic stroke lesion segmentation in MR sequences, addressing the challenges of
stroke diagnosis and prognosis [9]. Roy et al. (2014) introduced a statistical multiple region-based
level set formulation for simultaneous brain tissue segmentation and bias field correction, adding
to the refining of segmentation approaches [10]. Moeskops et al. (2016) explored the automated

segmentation of MR brain images using a convolutional neural network, revealing insights into the
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potential of deep learning in the exact delineation of brain components [11]. The research by
Kamnitsas et al. (2017) on multi-scale 3D convolutional neural networks for lesion segmentation
in brain MRI further showed the versatility of deep learning approaches in solving varied clinical
difficulties [12]. Shan et al. (2018) studied the ethical component of artificial intelligence systems
in healthcare, especially addressing algorithmic bias, highlighting crucial considerations regarding
accountability and justice in the deployment of these technologies [13]. McKinney et al. (2020)
performed a worldwide assessment of an Al system for breast cancer screening, underlining the
global significance and potential revolutionary role of deep learning in breast cancer diagnostics
[14]. Yasaka et al. (2018) offered a thorough review of deep learning using convolutional neural
networks in radiology, showing its uses and prospective consequences in the discipline [15]. The
fast incorporation of deep learning in medical imaging extends to mammography and breast
histology, as investigated by Hamidinekoo et al. (2018), emphasizing the current trends and future
prospects in these fields [16]. Litjens et al. (2017) published a study on deep learning in medical
image processing, presenting a detailed overview of the current state of research and proposing
prospective paths for further development [17]. Gillebert et al. (2014) explored the unique causal
impacts of parietal vs frontal regions on the human visual cortex, adopting contemporaneous
TMS-fMRI to understand the subtleties of neural connections in visual processing [18]. Lastly, the
work of McKinney et al. (2020) on the worldwide assessment of an Al system for breast cancer
screening emphasizes the global relevance and transformational potential of deep learning in the
area of oncology [19]. Akkus et al. (2017) conducted a comprehensive review of deep learning in
brain MRI segmentation, highlighting its potential in medical imaging and diagnostic applications.
The study, published in the Journal of Digital Imaging, provides a comprehensive analysis of
current research and future research opportunities. The authors highlight the limitations of
traditional segmentation methodologies and argue for the incorporation of deep learning methods.
They examine various deep learning architectures and models, highlighting their relevance in
various clinical scenarios. [20]

These works together underline the revolutionary potential of deep learning in varied medical
imaging applications, giving useful insights into the present state of the field and proposing options
for future study. The integration of deep learning in neuroimaging, diagnostics, and ethical issues

demonstrates a holistic approach that offers potential for transforming healthcare procedures.
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2.2 Comparative Analysis

Table 2.2: Comparative Analysis Table

Reference Data Methodology Algorithm | Accuracy
Used
[1] Kamnitsas, K., Ledig, C.,| BRATS | The research  paper | CNN N/A
Newcombe, V. F., Simpson, presents a novel approach
J. P., Kane, A. D., Menon, D. for brain lesion
K., ... & Rueckert, D. (2017). segmentation using a
Efficient multi-scale 3D deep learning model. The
CNN with fully connected model captures spatial
CRF for accurate brain lesion information in  MRI
segmentation. Medical Image images and  refines
Analysis, 36, 61-78. DOI: segmentation results
10.1016/j.media.2016.10.004 considering spatial
relationships between
neighboring pixels.
[2] Akkus, Z., Galimzianova, | NCI The study used CNNs to [ CNN 93.3%
A., Hoogi, A., Rubin, D. L., & analyze medical images | Model

Erickson, B. J. (2017). Deep

learning for brain MRI
segmentation: State of the art
and future directions. Journal of
Digital 30(4),
449-459. DOI:

10.1007/s10278-017-9983-4

Imaging,

from The Cancer
Imaging Archive (TCIA)
within the  National

Cancer Institute (NCI).

The networks  were
trained using a
backpropagation

algorithm and evaluated
based on their accuracy in
predicting certain classes

in the image.
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[3]Moeskops, P., Viergever, M. | N/A Proposing a| CNN 92%
A., Mendrik, A. M., de Vries, L. Convolutional Neural | models
S., Benders, M. J., ISgum, 1., & Network approach, this
Prognijstudy, G. (2016). study achieves precise
Automatic segmentation of MR segmentation of MR
brain images with a brain images, ensuring
convolutional neural network. accuracy across various
IEEE Transactions on Medical age groups and imaging
Imaging, 35(5), 1252-1261. protocols. The method's
DOI: adaptability = showcases
10.1109/TM1.2016.2548501 its potential for robust
automated brain
segmentation in diverse
scenarios
[4] Huang, G., Liu, Z., Van Der | N/A The authors developed | DenseNet | N/A

Maaten, L., & Weinberger, K. Q.
(2017).

convolutional

Densely  connected
networks. In
Proceedings of the IEEE
Conference on Computer Vision

and Pattern Recognition (CVPR)

the DenseNet
architecture by
connecting each layer to
every other layer in a
feed-forward fashion,
creating L(L+1)/2 direct
connections, where L
represents the number of
layers in the network.
This methodology was
evaluated on four
benchmark datasets:
CIFAR-10, CIFAR-100,

SVHN, and ImageNet
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2.3 Scope of the Problem

In defining the breadth of brain hemorrhage identification, it becomes necessary to negotiate the
convoluted environment of neuroimaging diagnoses within the larger healthcare setting.
Diagnosing brain hemorrhages is a complicated task, intimately linked with the intricacies
inherent in the processing of neuroimaging data. This section methodically uncovers the various
subtleties connected with this diagnosis procedure, acknowledging the layered nature of the issues
given by the varied appearances of brain hemorrhages in medical pictures. Within the vast area of
neuroimaging, this study digs into the multiple issues faced by diverse forms of brain
hemorrhages. The scope comprises a complete review of intracerebral hemorrhages, subarachnoid
hemorrhages, and epidural hemorrhages, noting the different presentations of this crucial medical
disease. The addition of numerous bleeding types increases the usefulness and robustness of the
proposed deep learning models, aiming to address the variety in presentation that doctors confront
in real-world circumstances. The properties of the dataset utilized play a key function in
designating the extent of this study activity. The scope goes beyond simply consideration of
picture quality and format; it covers the curation of a broad and representative dataset indicative of
the demographic and clinical heterogeneity seen in the target population. Addressing concerns
related to dataset size, variety, and the inclusion of clinically important information constitutes a
significant component of establishing the study scope, ensuring that the offered solutions are not
only successful but also generalizable to varied clinical circumstances. Defining the desired results
further refines the scope, revealing the exact objectives and benchmarks that the study wants to
attain. Whether the emphasis lay on obtaining high sensitivity in early detection or optimizing for
specificity in limiting false positives, these intended objectives lead the development of research
hypotheses and the design of experimental techniques. Clear definition of the intended results acts
as a compass, leading the study within specified bounds and permitting a focused examination of

the complicated environment of brain hemorrhage identification.

2.4 Challenge

Navigating the convoluted world of brain hemorrhage identification using deep learning
approaches involves strong awareness and deliberate acceptance of various hurdles across
technical, methodological, and practical aspects. In the technical area, the lack of labeled datasets,

especially including varied brain hemorrhage kinds and stages, offers a critical hurdle, impeding
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robust model training and generalizability to real-world clinical settings. The interpretability
difficulty derives from the intrinsic complexity of deep learning models, missing transparency in
medical situations where clarity in decision reasoning is vital for clinician confidence.
Methodologically, establishing robust and scalable algorithms needs a careful balance between
accuracy and computing economy, demanding rigorous optimization for real-time clinical
application. Transferability problems entail accounting for heterogeneity in imaging techniques,
equipment specifications, and patient demographics among medical facilities. On the practical
front, implementation hurdles include managing regulatory compliance, ethical norms, and
seamless integration with hospital infrastructure. The necessity for a feedback loop between model
predictions and clinical expertise creates issues in continual learning and refinement to stay pace
with developing medical knowledge. As these numerous issues are tackled head-on, the ensuing
study chapters will expose approaches applied to surpass these limitations, leading to the

transformational progress of brain hemorrhage identification using deep learning.
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CHAPTER 3

RESEARCH METHODOLOGY

3.1 Introduction

A range of computer vision and picture preparing called " Brain hemorrhage recognition using
deep learning approach" employments profound learning strategies to naturally identify. Due to its
capacity to memorize complex designs and highlights specifically from information, a subset of
machine learning called deep learning has ended up a compelling instrument in this field. Brain
hemorrhage recognition is done utilizing deep learning demonstrate design. Convolutional Neural
Systems (CNNs), such as ResNet, MobileNet, Alexnet, Xception and Inception, are prevalent
options. These models are exceedingly reasonable for picture acknowledgment applications as
they are outlined to naturally extricate classified highlights from pictures The demonstrate is
assessed on a distinctive test dataset once it is prepared and fine-tuned to see how well it performs
within the genuine world. Some common assessment measures incorporate Fl-score, review,
accuracy, and exactness.

Research Subject and Instrumentation:

First, we talked about the philosophical and scientific bases for classifying Brain hemorrhage. For
deep learning models, a powerful computer with a GPU and other tools is required. The following
list includes the equipment needed for this model.

Hardware and Software:

. Intel Core 15 10th generation

. 1 TB Hard Disk Drive

. 8 GB RAM

Development Tools:

. Python
. Pandas
. Numpy

. Matplotlib

. Seaborn

©Daffodil International University 12



. Scikit-Learn.

3.2 Data Collection

We obtained the data set from Kaggle and made a few minor changes to it to satisfy our needs. Each
method must then utilize the dataset. Given that each of the five methods we use behaves
differently, as we have previously shown, we must preprocess the data in order for it to be
appropriately fitted into our model. Total 5,029 images in this dataset. From this, 4007 of the
images were used for training, 511 were used for validation, and the remaining 511 were used for

testing.

3.3 Data Description

Two different dataset folder types are available. We are finding classification results using the
whole dataset. Data were obtained from a number of sources, as we've previously said, although
different researchers use various data sets. Since we want to utilise a single data set for many
algorithms to identify or predict whether each seven has a given blossom or not, we must carefully

choose the data set.

*Hemorrhagic

Figure 3.1: Hemorrhagic

Intracerebral hemorrhage, another name for brain hemorrhage, is the term used to describe

bleeding that takes place inside the brain tissue. A number of things, such as trauma, high blood
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pressure (hypertension), aneurysms, arterial malformations (AVM), blood-thinning drugs, or other

underlying medical issues, can lead to this dangerous and potentially fatal illness.

Intracerebral Hemorrhage: When a blood vessel inside the brain rupture, blood spills into the
surrounding brain tissue, resulting in this form of bleeding.

Subarachnoid hemorrhage: This happens when there is bleeding in the area between the brain
and the tissues covering it, known as the subarachnoid space. Aneurysm rupture is a common cause
of subarachnoid hemorrhage.

A brain hemorrhage may be diagnosed by a physician using one of several imaging procedures,
such as an MRI or CT (computed tomography) scan. These examinations aid in seeing bleeding
and identifying its location and severity.

*Normal

Figure 3.2: Normal

A healthy brain is an extremely complex and ordered system that enhances cognitive ability,
integrates sensory data, regulates movement, and synchronizes multiple body functions.Different
parts of the normal brain are responsible for different processes, including emotion, motor control,
sensory processing, cognitive, and physical activity control. The brain is a well-organized
structure.On imaging scans (such CT or MRI), it typically has a homogenous appearance with a
consistent distribution of white and gray matter.The brain's blood arteries are unbroken and do not
exhibit any anomalies or bleeding. When the brain is in good condition, it can process sensory data,

control emotions, coordinate bodily movements, and support cognitive processes like memory,

©Daffodil International University 14



learning, and problem-solving. The efficient transmission of electrical impulses is made possible

by the established networks and channels that neurons use for communication.

3.4 Import Library

The effectiveness and speed of several libraries have been enhanced. Using them instead of
developing code from scratch could result in quicker execution speeds and reduced resource usage.
Several libraries are used in this project, one of which being the Import library for data analysis.
Data packages are visualized in order to train and develop image processing models. There are

various open CV techniques that involve algorithms

3.5 Read Dataset
Table3.5: Read the data set
Image Count Class
4007 2
511 2
511 2
3.6 Data Processing

The first challenge is determining the best way to gather and process the data. There exist
variations in the image data resolution within our collection. For this reason, the data needs to be
ready for usage. Since data processing reduces overfitting, computational costs, and other

difficulties, it is essential for training models and increasing accuracy

3.7 Algorithm Selection

Our model determines the photos' classification. Here, we have chosen seven popular classification
techniques. The algorithms that were employed were ResNet, MobileNet, Alexnet, Xception and

Inception. To find the most efficient output strategy during model training, we compared each one.
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Figure 3.7: Proposed Methodology

Figure 3.7 presents a step-by-step representation of the whole procedure that has been finished for
this project. First things first, import the obtain dataset and certain libraries that are needed for
specific dependencies. After the dataset has been read, the picture should be processed to the
appropriate format. Then divide the data for the train, the test, and the validation. From this, 4007
of the images were used for training, 511 were used for validation, and the remaining 511 were
used for testing. After that, create a deep learning model in order to get the desired outcomes. This
investigation makes use of five distinct kinds of deep learning algorithms ResNet, MobileNet,

Alexnet, Xception and Inception.
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CHAPTER 4

EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Introduction

We have chosen five commonly used classification techniques for this paper. The algorithms
ResNet, MobileNet, Alexnet, Xception and Inception, were employed. We trained our model

using all possible output strategies to see which worked best.

4.2 Experimental Results & Analysis
4.2.1 Inception

In deep learning parlance, "inception" refers to a deep convolutional neural network (CNN)
architecture that Google researchers created in 2014. Deep neural networks' effectiveness and
performance for image classification and related tasks were intended to be enhanced by the
Inception architecture.Using so-called "Inception Modules" is the main innovation brought forth
by the Inception architecture. Convolutional filters of different sizes (1x1, 3x3, and 5x5), pooling
processes, and parallel convolution are used in the construction of these modules. By using this
method, the network can record features inside a single layer at several scales or degrees of
abstraction.These modules are made up of convolutional branches that are parallel and have
various filter sizes.For instance, the inception module can feature 1x1, 3x3, and 5x5 convolutions
in a single layer in addition to maximum-pooling operations. The module's output is created by
combining or aggregating the outputs from these parallel branches.Prior to larger convolutions,
inception modules comprise 1x1 convolutions (such as 3x3 or 5x5) to lower the number of input
channels and improve computation efficiency.The original iteration of this architecture is called
the Inception model, or more precisely Inception-v1 (also called GooglLeNet). The concept was
subsequently improved in later iterations, such as Inception-v2, Inception-v3, and Inception-v4,
which added enhancements including factorized convolution, batch normalization, and improved

training methods.

©Daffodil International University 17



Epoch 1/18

128/128 [ ] - 2%z 128ms/step - loss: 1.8689 - accuracy: @.7565 - val_loss: 8.3851 - val_accur

acy: B.8630

Epoch 2/18

128/128 [ ] - 18s 7%ms/step - loss:
cy: B.9393

Epoch 3/18

128/128 [ ] - 18z Béms/step - loss: B.1658 - accuracy:
cy: B.9452

Epoch 4/18

128/128 [ ] - 18s BBms/step - loss
cy: B.9788

Epoch 5/18

128/128 [ ] - 18s &ims/step - loss:
cy: B.9884

Epoch 6/18

128/128 [ ] - 11s B2ms/step - loss:
cy! B.9843

Epoch 7/18B

128/128 [ ] - 11s 83ms/step - loss: ©.8959 - accuracy:
cy: B.9648

Epoch 8/18

128/128 [ ] - 11= Bams/step - loss:
cy: B.9884

Epoch 9/18

128/128 [ ] - 11= B5ms/step - loss:
cy: B.9884

Epoch 18/18@

128/128 [ ] - 11s @6me/step - loss: B.@662 - accuracy: B.9775 - val_loss:
cy: B.9884

16416 [ ] - 18 7ims/step - loss: @.8532 - accuracy: 8.9843

@
©
®

.2749 - accuracy: B.8916 - wval_loss:

@

.9337 - wal_loss:

)

@
@

.9447 - val_loss:

@

1487 - accuracy:

@
@

.1288 - accuracy: B.9569 - wval_loss:

@
@

.1126 - accuracy: B8.9572 - wval_loss:

@

L9655 - val_loss:

-

@
@
)

.8817 - accuracy: B.9697 - val_loss:

@
©
®

.8628 - accuracy: B.9782 - val_loss:

)

Figure 4.1: Epoch of Inception
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Figure 4.5 Inception Model accuracy and loss chart
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4.2.2 Resnet

The revolutionary residual network, or ResNet for short, is a deep learning architecture created to
solve the vanishing gradient issue and make it possible to train extremely deep neural networks.
ResNet, which was created at Microsoft Research in 2015 by Kaiming He, Xiangyu Zhang,

Shaoging Ren, and Jian Sun, presents the idea of residual learning
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Figure 4.6: Epoch of ResNet
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Figure 4.7: Accuracy of ResNet

When training extremely deep neural networks, the vanishing gradient problem arises.Deeper
networks may have gradients that are so tiny during backpropagation that they vanish entirely,
which makes it more challenging for the network to efficiently learn and update the first layers'
parameters.

Deep networks find it difficult to train because of this issue, and as network depth increases,

performance frequently declines. The utilization of residual blocks, sometimes referred to as
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identity shortcut connections or connection skipping, is the fundamental idea behind ResNet.By
connecting the original input to the output of one or more layers, the shortcut connections in these
blocks avoid those layers.ResNet learns residual mappings, or necessary adjustments to the input,
as opposed to the desired implicit mapping between input and output. is used to get the intended
result. By enabling gradients to pass straight through the network, shortcut links help to mitigate
the vanishing gradient issue.With ResNet, you can stack even more layers—hundreds or even
thousands of layers—without worrying about performance deterioration. By facilitating an

effective gradient flow, skip connections aid in the training of these extremely deep networks.
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Figure 4.8 Precision, Recall, F1-score, SVM score, m_avg, w_avg of ResNet
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Figure 4.9: Confusion matrix of ResNet
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4.2.3 Mobile net

Convolutional neural organize topologies within the MobileNet family were made for quick
computation on versatile and inserted gadgets. In 2017, Google analysts proposed it as a way to
empower the arrangement of profound learning models on frameworks with moo memory and
preparing capabilities and limited assets [21]. The essential objective of MobileNet is to decrease
the number of parameters and computations required by the arrange whereas holding a respectable
degree of precision. Typically done by combining pointwise and depthwise distinguishable
convolutions. The standard convolution handle is part into depthwise and point shrewd
distinguishable convolutions in profundity shrewd distinct convolutions. The essential objectives
of MobileNet's advancement were computational productivity and compactness. The standard
convolutional strategy is isolated into two stages utilizing depthwise distinguishable convolutions:
a depthwise convolution that channels each input channel freely and a pointwise convolution that
combines the sifted channels. As a result, computing costs are definitely diminished without
relinquishing a respectable level of exactness. Compared to numerous other models, MobileNet

models have less parameters and a littler memory impression.
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Table 4.12: Accuracy of MobileNet
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Figure 4.13: Confusion matrix of MobileNet
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Figure 4.14: MobileNet Model accuracy and loss chart

4.2.4 Xception

Frangois Cholet, the man behind Keras, unveiled Exception (Extreme Inception), a deep
convolutional neural network architecture, in 2017. The architecture is built on the idea of
exploring depth-based separable convolutions through an extreme version of the Inception
architecture. to enhance the performance of neural networks.

Exception's primary concept is depth-based separable convolution, which seeks to outperform
conventional convolutional layers in terms of computational complexity and parameter count
while also enhancing the expressive capacity of the network. There is use of convolutions. To do
this, the standard convolution is divided into two distinct operations: point-based convolution and

depth-based convolution.
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Figure 4.16: Accuracy of Xception

Depth-based convolution: This process creates a series of feature maps by independently applying
a single convolutional filter to each input channel.

Point-Wise Convolution: Often referred to as 1x1 convolution, point-wise convolution is used to
integrate feature maps that are produced by depth-wise convolution. These convolutions aid in
combining and blending characteristics across channels. Depth-based separable convolutions
maintain or improve network performance by separating spatial and cross-channel information,

hence reducing the number of parameters and enabling more efficient computations.
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Figure 4.19: Xception Model accuracy and loss chart
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4.2.5 Alexnet

Convolutional Neural Network (CNN) architecture AlexNet is considered a pioneer in the field of
deep learning, especially in computer vision. The ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) was won in 2012 by the system created by Alex Kryzhevsky, Ilya Sutskever,
and Geoffrey Hinton. It did this by exhibiting exceptional performance on picture categorization
tasks. There are five incremental layers among the eight layers that make up Alexnet.Three fully
connected layers follow the pooling layer. AlexNet employed the ReLU activation function after
each convolutional layer in place of more conventional activation functions like the sigmoid or
tanh. ReLU expedited convergence during training and assisted in resolving the vanishing gradient
issue.AlexNet's convolutional layers are in charge of extracting feature representations from input
images. These layers extract characteristics classified at various degrees of abstraction by utilizing
varying filter sizes and depths. In the original AlexNet architecture, neighboring neurons within
the same feature map had their responses normalized by the LRN. This was meant to act as a kind
of lateral restraint, enhancing the network's generalization.Convolutional layers are placed after
max-pooling layers in order to decrease feature maps, which lowers computational complexity and
spatial dimension while maintaining significant features. The use became more common due to
Alexnet's success. The capacity of deep convolutional neural networks to extract intricate
information straight from unprocessed photos has sparked more study and advancement in deep

learning for computer vision.
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Figure 4.20:Epoch of Alexnet
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Figure 4.24: Alexnet Model accuracy and loss chart
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4.3 Algorithm Technique

This initiative's analytical method makes use of deep learning, a strong subset of artificial
intelligence, to improve the identification of chest x-ray abnormalities. The research specifically
employs cutting-edge deep neural network designs such as ResNet, MobileNet, AlexNet, Xception
and Inception. The technique of deep learning specializes at collecting detailed hierarchical
characteristics from huge databases, which makes it an excellent choice for use in medical picture
analysis. Convolutional neural networks are used for spatial feature discovery in the selected
architectures, enabling the algorithms to learn hierarchy representations of features in Brain
Hemorrhage pictures. The machine learning models are trained using a collection of 4071
photographs that have been categorized as either normal or hemorrhagic, and their performance is
measured using measures including accuracy, precision, recall, and F1 score. This mathematical
method uses deep learning techniques to dramatically increase the effectiveness and accuracy of

detecting Brain Hemorrhage, leading to breakthroughs in healthcare diagnostics and medical

treatment.
Table 4.3: Accuracy, Precision, Recall and F1-score of all algorithms.
Algorithm Accuracy Precision Recall F1-score
ResNet 73% 71% 96% 82%
MobileNet 91% 89% 94% 88%
AlexNet 96% 93% 98% 95%
Xception 92% 90% 88% 89%
Inception 98% 99% 96% 98%
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CHAPTER 5

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY

5.1 Impact on Society

The examination of the societal effect coming from the integration of sophisticated deep learning
algorithms for brain hemorrhage identification stands as a vital and complex feature within the
larger landscape of this research effort. In an age when technology advancements have the
potential to revolutionize healthcare paradigms, this part undertakes a comprehensive study of how
the effective deployment of these cutting-edge diagnostic tools might spark beneficial reforms

across numerous social dimensions.

* Improved Patient Outcomes: One of the greatest social advantages emerging from the
deployment of sophisticated diagnostic technologies resides in the arena of improved patient
outcomes. The accuracy and speed given by deep learning algorithms in identifying brain
hemorrhages may considerably hasten the diagnostic procedure. Swift and precise diagnosis,
enabled by these instruments, has the possibility of boosting treatment effectiveness, perhaps
leading to improved prognoses and higher possibilities of patient recovery. The beneficial effect on
individual lives, families, and communities is tremendous, underlining the revolutionary potential

of our study on the human experience of healthcare.

* Enhanced Healthcare Accessibility: The integration of sophisticated diagnostic technology has
the potential to address current gaps in healthcare accessibility. As these technologies promote
speedier and more accurate diagnosis, they may be especially valuable in locations with limited
access to specialist medical knowledge. Remote and underdeveloped regions stand to benefit
greatly, with the possibility for telemedicine applications that employ deep learning models for
early diagnostics. This democratization of healthcare services corresponds with the greater social
objective of guaranteeing fair access to excellent medical treatment, irrespective of geographical

barriers.

* Alleviation of Burdens on Healthcare Systems: The pressure on healthcare systems, typically

aggravated by an expanding global burden of illnesses, may be reduced by the efficiency
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improvements allowed by enhanced diagnostic technologies. By expediting the diagnosis process
and encouraging early treatments, these technologies help to optimize healthcare resources.
Reduced diagnostic turnaround times might possibly result in more efficient usage of medical
resources, better patient management, and greater overall operational efficiency within healthcare

organizations.

* Equitable Access and Societal Implications: The societal effect also rests on issues of equitable
access to these sophisticated technologies. This entails resolving discrepancies linked to economic,
geographical, and demographic issues that might hinder the general adoption of deep learning
solutions. A comprehensive evaluation of possible social ramifications, such as changes in
healthcare dynamics and patient empowerment, becomes crucial. The empowerment of patients
via access to more accurate and fast diagnostic information may encourage a paradigm change in

healthcare dynamics, fostering a more collaborative and informed patient-clinician interaction.

5.2 Ethical Aspects

Within the complicated tapestry of this study, the ethical questions surrounding the deployment of
deep learning models for medical diagnostics appear as a vital and fundamental factor,
necessitating rigorous analysis and deliberate explanation. At the foundation of ethical issues lies
the responsibility to maintain patient privacy and respect the norms of informed consent. The
deployment of deep learning models entails the analysis of sensitive health data, demanding a
comprehensive framework for preserving the security and privacy of individual patient
information. Ethical best standards mandate the express and informed agreement of patients for the
use of their medical data in research and diagnosis. Delving into the nuances of permission
procedures and privacy protection systems becomes crucial in ensuring that ethical standards are
strictly maintained throughout the study lifecycle. The proper use of sensitive health data emerges
as a cornerstone of ethical issues in this study. The ethical framework governing the application of
deep learning models goes beyond technical correctness to incorporate the proper management,
storage, and sharing of medical data. Striking a delicate balance between the urge for data-driven
innovation and the ethical obligation to preserve patient information demands painstaking
attention to data governance, security processes, and adherence to regulatory norms. Ethical issues

extend to the possible biases incorporated in the algorithms applied for brain hemorrhage
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identification. The algorithms are trained on historical datasets, and if these records hold biases, the
models may accidentally perpetuate and even increase these prejudices. Scrutinizing and
minimizing algorithmic biases become crucial ethical obligations. This section goes into the tactics
and procedures for discovering, recognizing, and repairing biases within deep learning models,
ensuring that the diagnostic tools are fair, equal, and impartial across varied demographic groups.
Transparency in decision-making processes of deep learning models is another crucial ethical
issue. As these models work as complicated black-box systems, increasing openness becomes
crucial to developing confidence among practitioners and patients. This section discusses
approaches for clarifying the decision reasoning of the models, guaranteeing that doctors can grasp
and evaluate the diagnostic outputs. Transparency not only benefits in creating confidence but also
allows clinicians to make educated judgments based on a clear grasp of the model's
decision-making process. The underlying ethical framework extends to defending patient rights
throughout the research and implementation stages. This includes issues for the right to autonomy,
dignity, and equal access to healthcare services. The project addresses opportunities for
incorporating ethical concepts inside the development and deployment of deep learning models,
aligning with overall healthcare ethics to emphasize the well-being and rights of the persons
touched by these technological developments. As the ethical issues are methodically unfurled in
this part, the future investigation within the chapter will further dig into the influence on the
environment, social ramifications, and the design of a sustainability strategy. The ethical
foundations serve as a guiding compass, ensuring that the transformational potential of deep
learning in brain hemorrhage identification is exploited responsibly and ethically, eventually

contributing to a healthcare environment defined by trust, justice, and patient-centric treatment.

5.3 Impact on Environment

Within the purview of this research, the evaluation of the environmental impact stemming from the
integration of deep learning solutions for brain hemorrhage recognition assumes a critical role,
prompting a comprehensive exploration into the intricate interplay between technological
advancements and ecological considerations. This section thoroughly dissects the environmental
repercussions by looking into the computing resources and energy consumption required in the
training and deployment stages of deep learning models. At the core of the environmental debate

lies an examination of the computing resources and energy-intensive characteristics fundamental
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to deep learning techniques. The computational needs during the training phase, defined by
enormous datasets and complicated model architectures, require a detailed analysis of the carbon
footprint associated with the energy spent. Understanding the intricacies of energy usage vis-a-vis
model complexity and dataset size represents a significant component of the environmental effect
evaluation. The energy-intensive nature of deep learning algorithms raises valid concerns about
their carbon impact. As these techniques need large computing power for model training and
inference, there is a possible environmental cost associated with increasing energy usage. This
section engages in a rigorous examination of the carbon footprint implications, seeking to quantify
and contextualize the environmental effect of the suggested deep learning solutions within the
wider discourse of sustainable technology. In consideration of the environmental concerns faced
by energy-intensive deep learning processes, this section navigates through different techniques
targeted at maximizing energy efficiency. The investigation involves approaches for improving
model topologies, creating efficient training algorithms, and utilizing hardware improvements to
minimize energy usage. By evaluating these tactics, the study aims to contribute to the creation of
environmentally sensitive practices within the field of deep learning applications. Beyond
optimization tactics, the study digs into the idea of implementing eco-friendly computing practices
as a proactive step to decrease environmental effect. This entails studying sustainable computing
solutions, such as harnessing renewable energy sources for computational infrastructure, building
energy-efficient hardware, and lobbying for responsible behaviors in the implementation of deep
learning algorithms. The adoption of these eco-friendly methods corresponds with a larger
commitment to promote sustainability throughout the technology world. By beginning on this
extensive study of environmental issues, the research not only recognizes the possible
environmental costs connected with the suggested deep learning solutions but also portrays itself
as a proactive contributor to sustainable technology development. As the subsequent chapters
unfold, this exploration will seamlessly transition into a discussion on the formulation of a
sustainability plan, ensuring that environmental considerations remain at the forefront of the
research agenda, and the transformative potential of deep learning is harnessed responsibly and

harmoniously with ecological well-being.
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5.4 Sustainability Plan

Integrated inside the framework of this study, the sustainability plan emerges as a linchpin,
weaving together strategies and measures that stretch beyond the temporal limitations of the
present research horizon. This section acts as a forward-looking compass, presenting a careful plan
for assuring the endurance and persistent influence of the suggested deep learning methods for
brain hemorrhage identification. At the center of the sustainability strategy lies a commitment to
continued model maintenance, encompassing the construction of frameworks for frequent updates,
fine-tuning, and optimization of deep learning models. Continuous refining, driven by insights
derived from real-world use and developing medical knowledge, is important to ensuring that the
models stay flexible and successful in dynamic clinical contexts. The sustainability strategy digs
into the subtleties of developing solid pipelines for model maintenance, ensuring that the
technology advances in sync with developments in medical knowledge. Acknowledging the
dynamic nature of medical knowledge, the sustainability plan integrates mechanisms for ongoing
learning by promoting interactions with healthcare experts and maintaining alert to developing
medical findings. This adaptive learning technique guarantees that the technology stays at the
forefront of medical breakthroughs, leading to better diagnostic accuracy and relevance.
Anticipating and addressing the fluid character of healthcare environments, the sustainability plan
guarantees adaptation to changing infrastructures, regulatory frameworks, and clinical practices.
Strategies for seamless integration into expanding healthcare ecosystems are analyzed to connect
the suggested solutions with the changing demands and structures of healthcare delivery.
Scalability is a vital factor, considering the possible growth of the deep learning solutions from
experimental stages to widespread application. The strategy offers ideas for scalability, spanning
the capacity to manage larger data volumes, expanding user bases, and different clinical situations.
This foresight guarantees that the solutions can easily scale to meet the expanding needs of
real-world applications. Intricately entwined with concerns for long-term data availability, the
sustainability strategy assures the availability and relevance of varied and representative datasets
over lengthy periods to preserve the effectiveness of deep learning models. Strategies for data
curation, storage, and ethical issues connected to data preservation offer a stable basis for the
continuous success of the technology. The strategy expands its scope to the integration with new
technologies, remaining informed of breakthroughs in computational sciences, imaging

technologies, and data analytics. This proactive strategy allows the adoption of innovations that
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strengthen the robustness and capacities of the solutions, assuring their resilience in the face of
technological change. As this phase evolves, the sustainability plan envisages a trajectory that
transcends simple technical innovation, setting the framework for ongoing relevance and
beneficial effect. By meticulously charting a course that navigates ongoing model maintenance,
adaptability to evolving healthcare contexts, scalability considerations, and integration with
emerging technologies, the sustainability plan becomes a testament to the commitment to
responsible and impactful technology deployment. As the research journey unfolds, this strategy
acts as a guiding light, driving the transformational potential of deep learning in brain hemorrhage

identification towards a sustainable and permanent legacy.
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CHAPTER 6

CONCLUSION & FUTURE WORK

6.1 Conclusion

In conclusion, our study has launched on a transformational path to harness the potential of deep
learning in the context of brain hemorrhage identification. The investigation of several deep
learning architectures, including Inception, ResNet, Xception, AlexNet, and MobileNet, has been
done to assess their usefulness in boosting the speed and accuracy of diagnosis. The findings of the
experimental investigation, as discussed in Chapter 4, give vital insights into the comparative
performance of various algorithms, setting the groundwork for breakthroughs in medical
diagnostics. The impetus for this study, anchored in the crucial requirement for fast and precise
diagnosis of brain hemorrhages, has inspired the creation of creative treatments. The research
acknowledges the limits of standard diagnostic procedures and proposes deep learning as a
possible option for resolving these issues. The potential influence on patient outcomes and
healthcare accessibility highlights the relevance of this study in contributing to the advancement of
medical imaging technology. As stated in Chapter 5, the sociological, ethical, and environmental
aspects have been fundamental to the study agenda. The investigation of these characteristics
provides a full knowledge of the consequences of applying deep learning systems in real-world
clinical situations. The dedication to sustainability, ethical behaviors, and environmental concern

highlights the appropriate use of technology for social benefit.

6.2 Future Work

While this study marks a big breakthrough in the use of deep learning to brain hemorrhage
identification, there remain areas for further inquiry and development. The following areas define
possible avenues for further work:

* Enhanced Algorithmic Performance: Continued research and development may concentrate on
improving current algorithms or investigating innovative architectures to further boost the
accuracy and efficiency of brain hemorrhage identification. This involves researching ensemble

approaches or hybrid models that incorporate the capabilities of different algorithms.
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* Expanded Dataset Diversity: The constraints caused by the lack of labeled datasets may be
overcome via initiatives to organize and extend varied datasets including different kinds and stages
of brain hemorrhages. This would add to the resilience and generalizability of deep learning
models.

» Explainability and Interpretability: Future study may dig into approaches for increasing the
interpretability of deep learning models in medical situations. Addressing the "black-box"
character of these models is vital for creating confidence among physicians and enabling smooth
incorporation into clinical processes.

* Real-World Clinical Integration: The translation of research results into real-world clinical
applications needs coordinated efforts with healthcare practitioners. Future study should
incorporate collaborations with physicians, radiologists, and other stakeholders to verify the
effectiveness of the created models in varied clinical scenarios.

* Longitudinal Studies and Continuous Learning: Longitudinal studies may be done to examine
the performance of deep learning models over long periods, given the dynamic nature of medical
knowledge and practices. Continuous learning processes may be applied to adjust the models to
developing discoveries and diagnostic paradigms.

 Ethical and Regulatory Frameworks: As the implementation of deep learning solutions in
healthcare raises ethical and regulatory problems, future study may concentrate on building
complete frameworks for ethical Al in medical diagnosis. This involves resolving challenges

relating to patient consent, data privacy, and algorithmic bias.
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