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Abstract— Our main goal is to provide an overview of the
enhancement of brain tumor scans utilizing Al
segmentation algorithms. We will be able to examine how
artificial intelligence (Al) can enhance the segmentation
of brain tumors in medical scan images with the major
assistance of this review. The main goal is to evaluate the
contribution of CNN-based methods to the precise
segmentation of brain tumor areas from medical imaging
data. Our goal is to create a CNN model that will improve
image quality and increase the precision with which
tumors can be identified. The review is justified by the

urgent need for precise and effective techniques, with a

special emphasis on the application of Convolutional

Neural Network (CNN) models.

1. This research employs several CNN architectures and
approaches to increase tumor segmentation accuracy
and dependability. They frequently use preprocessing
techniques to get the input data ready, and then CNNs
are applied to extract features and segment the data.

2. Taking a look at the earlier research, we can say the
following about CNNs to improve the brain scan:

3. CNN's proficiency in identifying the salient features
from brain images allows us to more precisely depict
the tumor’s location.

4. Transfer learning is a neat technique in which we take
a sophisticated model with extensive image knowledge
and train it to understand brain tumors.

5. When compared to the previous methods, the metrics
we use to assess the quality of our tumor drawing (such
as DSC, sensitivity, and specificity) are typically higher
when we utilize CNNSs.

I INTRODUCTION

Brain tumors are a very serious medical condition.
Doctors must locate them promptly and precisely to
provide appropriate care. However, the conventional
method of detecting malignancies in brain scans is
laborious and prone to error. Fortunately, advances in
artificial intelligence (Al), particularly in the area of
convolutional  neural networks (CNN), are
revolutionizing the way we view medical images. We
will explore how artificial intelligence (Al)—such as
CNN models—can improve brain tumor scans.
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1. The brain tumor is significant because it can have
a significant impact on the tumor's location and
course of treatment.

2. Doctors can identify malignancies in brain scans
more quickly and precisely thanks to Al and CNN
models.

3. This has a major positive impact on patients' health
since it allows them to receive the appropriate care
sooner.

4. This topic is important because it has the potential
to greatly increase the effectiveness and precision
of brain tumor diagnosis and detection.

5. Medical practitioners can expedite the process of
locating and interpreting tumor locations in MRI
scans by utilizing Al and CNN models.

This not only saves valuable time but also enhances
patient outcomes by facilitating early detection and
treatment planning.

There are the different approaches that are comprised:

1.1 Information gathering

It describes the procedure for obtaining pertinent data
needed for CNN (Convolutional Neural Network)
model training and validation. A dependable and
representative dataset for training and assessing CNN
models for brain tumor scan enhancement can be
produced by researchers by carefully gathering high-
quality MRI scans and providing precise annotations.
The foundation for creating reliable and efficient Al-
driven medical imaging solutions is provided by this
dataset.

1.2 Preprocessing the Data

Putting raw data into a format that can be used to train
a model is an essential stage in the machine learning
process. In order to create a CNN model for brain
tumor scan enhancement, data preprocessing is
essential because it ensures accurate labeling,
standardizes input data, reduces noise, and augments
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the dataset. The model's capacity to extract pertinent
features from the data, generalize effectively to new
samples, and forecast the existence and location of
brain tumors in MRI images accurately are all
facilitated by these preprocessing processes.

1.3 Model Design for Architecture

Determining the composition and elements of a
convolutional neural network (CNN) model for a
particular purpose, such improving brain tumor scan
quality, is known as model architecture design. Our
objective is to create a CNN architecture that can
recognize and distinguish between tumor locations
with accuracy by efficiently learning and extracting
characteristics from MRI data.

1.4 Model Training

By leveraging the previously gathered and processed
data, we are training the convolutional neural network
(CNN) to precisely locate and highlight brain tumor
locations in MRI scans.

1.5 Improvement of the Edge

The majority of medical photos have anomalies and
anatomical structures that aren't always obvious from
the original image report. We can make these pictures
better and make them easier to interpret by applying
Edge Enhancement methods. For Edge Enhancement,
we employ Sobel or Canny edge detection algorithms.

1. MODALITIES FOR MEDICAL IMAGING

The following list of medical imaging modalities,
along with their advantages and disadvantages, is used
to diagnose and identify brain tumors:

2.1 MRIs, or magnetic resonance imaging

Strengths: Detailed visualization of brain anatomy and
pathology is made possible by the high-resolution
pictures with outstanding soft tissue contrast that are
provided. able to record several plane pictures and
different tissue properties.

The equipment is expensive, and the scan times are
greater than with other modalities. Individuals who
have claustrophobia or specific medical implants may
find it difficult to tolerate MRI scans.
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2.2 CT Scan (Computerized Tomography):
Strengths: Its quick imaging process makes it
appropriate in an emergency. Excellent in identifying
anomalies in the bones and acute bleeding. more
affordable than MRI and widely accessible.

Limitations: Less soft tissue contrast than MRI may
make it more difficult to identify minute
abnormalities. involves the use of ionizing radiation,
which raises questions for recurrent scans.

2.3 PET scan (positron emission tomography):
Strengths: Helps distinguish between benign and
malignant tumors by evaluating metabolic activity in
tissues, which provides functional information. can
identify early alterations in the metabolism of cells.

Cons: Not as high of a spatial resolution as CT and
MRI scans. frequently used with additional imaging
modalities to improve tumor location and
characterization. needs radioactive tracers injected.

2.4 Computed Tomography using Single-Photon
Emission (SPECT):

Strengths: Offers functional information regarding
tissue metabolism, just like PET does. helpful in
determining brain perfusion and locating epileptic
foci.

Restrictions: Reduced spatial resolution in contrast to
PET and alternative imaging techniques. More
radiation exposure and restricted availability in
comparison to traditional CT scans.

2.5 Computed Tomography with Single-Photon
Emission (SPECT):

Strengths: Offers functional information regarding
tissue metabolism, just like PET does. helpful in
determining brain perfusion and locating epileptic
foci.

Restrictions: Reduced spatial resolution in contrast to
PET and alternative imaging techniques. More
radiation exposure and restricted availability in
comparison to traditional CT scans.
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2.6 DTI, or Diffusion Tensor Imaging:

Strengths: A specialized MRI method that assesses the
diffusion of water molecules in tissue to determine the
white matter tracts' microstructural integrity.
beneficial for identifying tumor invasion into
surrounding tissue and for assessing brain
connections.

Limitations:  Requires  specific  post-processing
techniques and is sensitive to motion artifacts.
restricted accessibility in standard healthcare
environments.

1. DIFFICULTIES

Accurately segmenting brain tumors from medical
images poses several challenges due to various factors.
Here are some specific challenges:

3.1 Disturbances

Noise in medical images, especially those from CT
and MRI scans, can come from a variety of sources,
including patient movement, defective equipment, and
physiological fluctuations. Noise may cause tumor
borders to be obscured and image quality to be
decreased, which can impede the segmentation
process.

3.2 Tumor Shape and Size Variability

Significant variation can be seen in the forms, sizes,
and locations of brain tumors. It might be difficult to
accurately define tumors since they can have unusual
shapes, be diffuse, or have heterogeneous traits.
Tumors can also range in size from tiny, imperceptible
lesions to massive, infiltrative masses. Because of this
unpredictability, strong segmentation algorithms that
can handle a variety of tumor morphologies are
required.

3.3 Additional Anatomical Structures

The brain is a multifaceted organ that has many
different physical features, such as blood veins,
ventricles, gray and white matter. Critical structures
including the brainstem, optic nerves, and expressive
cortical areas are frequently in close proximity to
tumors. To prevent potential damage during surgical
intervention or radiation therapy, it is essential to
segment tumors while conserving surrounding healthy
tissue and structures.
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3.4 Heterogeneity of Tumors

Intratumoral heterogeneity, or the presence of discrete
areas with different cellular makeup, vascularity, and
metabolic activity, can be seen in brain tumors. Tumor
boundary representations produced by traditional
segmentation techniques may be oversimplified as a
result of their inability to adequately reflect this
heterogeneity.

3.5 Mass Effect and Edema

Neural structures close to the tumor may be displaced
or deformed as a result of peritumoral edema and mass
impact caused by tumors. The definition of tumor
borders might be complicated by edema, which can
appear as areas of elevated signal intensity on MRI
scans. Furthermore, anatomical deformations brought
on by mass effect may make it difficult to distinguish
between healthy tissue and malignancy.

3.6 Lack of Contrast and Ambiguity at Boundaries
Tumor boundaries may not always be easily
distinguished on medical images due to low contrast
between the tumor and surrounding tissues. Tissue
homogeneity, imaging artifacts, or the presence of
blood products can all contribute to this low contrast.
Tumor volume underestimate or overestimation might
result from segmentation algorithms encountering
ambiguous tumor boundaries.

IV. CONVOLUTIONAL NEURAL NETWORKS
(CNNS): AN OVERVIEW

In the field of medical imaging, convolutional neural
networks (CNNSs) have proven to be highly effective
tools, especially for tasks like brain tumor
segmentation and augmentation. CNNs are a subclass
of deep neural networks that have been tailored to
evaluate visual input; as such, they are ideally suited
to handle medical pictures from modalities such as CT
and MRI scans.

Convolutional layers, which apply filters to input
images to extract pertinent  characteristics
hierarchically, are the fundamental building blocks of
CNNs. After that, these features are passed through
several layers to acquire progressively abstract
representations of the input data, including fully
connected and pooling layers. Large datasets with
ground truth labels are used to train CNNs so they can
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distinguish between various types of structures or
objects in the images.

CNNs are beneficial for brain tumor scan
segmentation and augmentation in a number of ways.

4.1 Acquiring Features

Handcrafted feature extraction techniques are no
longer necessary as CNNs are capable of
automatically learning discriminative features from
raw medical picture data. Tasks like tumor
segmentation, where tumor shape, texture, and spatial
properties can vary greatly, benefit greatly from this
capacity.

4.2 Information on Spatial Context

CNNs are capable of accurately defining tumor
boundaries and differentiating between healthy tissue
and tumor by taking into account local image patches
and their interactions, which allows CNNs to gather
spatial contextual information. For precise brain tumor
scan segmentation and improvement, this spatial
knowledge is essential.

4.3 Sturdiness Against Variability

CNNs are naturally resistant to changes in the look of
images, including variations in noise levels,
orientation, and resolution. Because of this resilience,
CNN-based models are more applicable in clinical
settings and may generalize effectively across various
imaging procedures and patient populations.

4.4 Efficiency and Scalability

CNN designs are scalable to different model
complexity and computational resource levels.
Because of its scalability, CNN models that are
lightweight and appropriate for resource-constrained
devices can be developed, allowing for the real-time
processing of medical images in clinical workflows.

In summary, CNNs are a potential method for
improving brain tumor imaging and enabling precise
tumor region segmentation. CNN-based approaches
have the potential to enhance brain tumor management
by improving patient outcomes, treatment planning,
and diagnostic accuracy through their capacity to learn
intricate picture elements and spatial correlations.
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V. CUTTING-EDGE CNN STRUCTURES

Some of the most recent CNN architectures that are
frequently employed in medical picture segmentation
tasks are listed below:

5.1 U-Net:

For biomedical picture segmentation, including
problems like brain tumor segmentation, U-Net is a
well-liked architecture.

It is composed of a symmetric expanding path for
accurate localization and a contracting path to capture
context. The transfer of high-resolution characteristics
is facilitated by skip connections between
corresponding layers in the contracting and expanding
paths, which helps with precise segmentation.

5.2 SegNet:

Another popular CNN architecture for semantic
segmentation is SEGNET. In order to enable up-
sampling during decoding, it uses an encoder-decoder
architecture with max-pooling indices maintained
during the encoding phase.

SEGNET is well-known for its computational
effectiveness and has been used for brain tumor
segmentation among other medical imaging tasks.

5.3 DEEPLAB:

A class of CNN architectures called DEEPLAB was
created specifically for semantic image segmentation.
To preserve spatial resolution while capturing multi-
scale contextual information, it wuses dilated
convolutions.

A spatial pyramid pooling module is frequently
included in DEEPLAB architectures in order to
capture context at wvarious sizes. Brain tumor
segmentation is one of the medical picture
segmentation problems for which DEEPLAB has been
effectively used.

5.4 Three-dimensional U-Net:

The U-Net architecture is expanded to handle three-
dimensional medical image data, such as volumetric
MRI scans, by 3D U-Net.
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Tasks requiring volumetric medical imaging data
require 3D U-Net to capture spatial dependencies in
three dimensions, which is made possible by the use
of volumetric convolutions and pooling procedures.

5.5 DENSENET:

A CNN architecture known as DENSENET is densely
connected, with feed-forward connections between
each layer and every other layer. Dense connections
make it easier to reuse features between layers, which
encourages gradient flow and solves the vanishing
gradient issue.

Because DENSENET architectures can capture fine-
grained characteristics, they have demonstrated
promising results in medical picture segmentation
applications.

5.6 V-Net:

Volumetric medical picture segmentation problems
are the exclusive domain of V-Net's design. It uses
volumetric convolutions for encoding and transposed
convolutions for decoding, extending the U-Net
architecture to three dimensions.

V-Net has shown useful for tasks like volumetric MRI
scan brain tumor segmentation.

VI.  DIFFICULTIES AND PROSPECTS

While putting the model into practice, we are
encountering numerous difficulties. The following are
the main ones, along with all the relevant details:

6.1 Selected Annotated Files

Challenge: Due to their small size and limited
diversity, the lack of annotated medical imaging
datasets for brain tumor segmentation makes it
difficult to create and assess CNN models.

Future Research Direction: To successfully use
limited annotated datasets, we will investigate
strategies including data augmentation, transfer
learning, and semi-supervised learning. Furthermore,
We will work in collaboration with other institutions
to generate different, large-scale datasets with
consistent annotations.
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6.2 Interpretability of the Model

Problem: CNN models used for brain tumor
segmentation are sometimes seen as "black-box"
systems, making it difficult to understand and interpret
their decisions.

Future Research Direction: We will concentrate on
creating techniques for visualizing and analyzing
CNN maodels' predictions in order to improve model
interpretability. This entails investigating methods like
saliency maps, class activation mapping, and attention
mechanisms. Moreover, efforts will be made to
produce uncertainty estimates and segmentation
masks that may be clinically interpreted in order to
promote adoption and trust in clinical practice.

6.3 Incorporation into Medical Procedures

Challenge: There are logistical and regulatory
obstacles to the integration of Al-driven segmentation
algorithms into healthcare operations. These include
worries about patient safety, data privacy, and
regulatory compliance.

Future Research Direction: To show the usefulness,
safety, and economic viability of Al-driven
segmentation methods in actual clinical settings, we
will be carrying out clinical validation studies. In order
to create policies and procedures for the
implementation and application of Al models in
medical imaging, cooperation between regulatory
organizations and healthcare providers will be sought
after.

6.4 Cross-modality and cross-patient population
generalization

Problem: CNN models may find it difficult to
generalize to new datasets with different features, such
as variations in image resolution, acquisition
techniques, and patient demographics, if they were
trained on particular imaging modalities or patient
populations.

Future Research Direction: In order to address this
issue, we will look into domain adaptation strategies
that enhance model generalization over various patient
populations and imaging modalities. Strong CNN
architectures and training approaches will also be
created to lessen sensitivity to changes in input data
and domain shifts.
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6.5 Processing and Deployment in Real-Time
Challenge: Efficient algorithms and hardware
platforms that can handle massive volumes of medical
imaging data are needed to process and deploy CNN
models for brain tumor segmentation in real-time.

Future Research Direction: Our research will explore
techniques such as model compression, quantization,
and hardware acceleration to optimize CNN models
for deployment on edge devices and cloud-based
infrastructures. Furthermore, automated pipelines for
preprocessing, segmentation, and post-processing will
be developed to streamline clinical workflows and
reduce turnaround times.

VIl. LITERATURE REVIEW

Significant progress has been made in the last ten years
in using Brain Tumor Scan Enhancement and artificial
intelligence (Al) to give visually impaired people real-
time scene descriptions

Researchers have explored various CNN architectures,
including U-Net, SEGNET, DEEPLAB, and 3D
CNNs, to optimize brain tumor segmentation
performance. Additionally, efforts have been made to
deal with issues such the scarcity of annotated
datasets, the interpretability of the models, the
integration of the models into clinical workflows, the
generalization of the models across patient
populations and imaging modalities, and the real-time
processing and deployment. Research has been done
on methods like data augmentation, transfer learning,
domain adaptation, and model compression to address
these issues and enhance the scalability and resilience
of Al-driven segmentation systems.

The field is still developing despite great
advancements, with continued research aimed at
improving brain tumor segmentation algorithms'
precision, effectiveness, and clinical usefulness. In
order to test and incorporate Al-driven segmentation
algorithms into routine clinical practice and ultimately
improve patient outcomes in the identification and
treatment of brain tumors, cooperation among
researchers, healthcare providers, and regulatory
agencies is crucial.
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7.1 A Comprehensive Review of Deep Learning
Methods for Brain Tumor Classification

By:

Ayesha Younis, Qiang Li, Mudassar Khalid, Beatrice
Clemence, and Mohammed Jajere Adamu

Publication Date: 2023
Acquired Knowledge Completed:

Although there are still obstacles to overcome before
deep learning techniques can be widely used in clinical
settings, the research suggests that they have potential
for classifying brain tumors from MRI scans.
Standardized protocols are required in order to
properly employ these models in practical diagnoses.
Furthermore, there is a lack of knowledge on the
security threats connected to tumor classification
based on deep learning and the possibility of nefarious
result manipulation. Prospective study avenues
encompass  refining  preprocessing  procedure
standards and streamlining CNN networks' cost and
resource consumption for wider medical use.

A survey of the state of the art at the moment indicates
that different DL-based classifications of brain tumors
can be applied. Scholars and practitioners are
particularly interested in how these procedures are
performed. Understanding the variations in data
augmentation methods, preprocessing methods, data
sets utilized, custom-designed vs. pre-trained DL, and
optional ROI segmentation prior to classification will
help explain the wvariation among various
methodologies. For instance, the study made use of
publicly available contrast-enhanced T1-weighted
brain tumor MRI data [63]. Their data sets included
the sorts of brain tumors that are pituitary, glioma, and
meningioma. In addition, datasets in the photos were
enhanced by the use of 90-degree rotation and vertical
flipping. Three different sorts of anatomical pictures
were generated for their study: coronal, sagittal, and
axial. Resizing and normalization were considered the
preprocessing approaches. A customized CNN model
was employed, and the model's performance was
assessed using the F1-score (average of 94.94%), re-
call (95.07%), precision (average of 94.81%),
accuracy (average of 95.4%), specificity, and
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sensitivity scores. Reported sensitivity values for
pituitary, glioma, and meningioma were 98.4%,
96.2%, and 89.8%, respectively.

7.2 Using low-rank prior and nonlocal self-similarity,
medical picture resolution is improved.

By:
B. B. Gupta, Caiming Zhang, Hui Liu, Qiang Guo, and
Guangli Wang

Printed in 2019
Goal:

The purpose of this study is to present a novel method
for enhancing the resolution of medical photographs,
or more specifically, to determine how to differentiate
between high-resolution (HR) and low-resolution
(LR) images.

Acquired Knowledge:

Medical photos include a significant amount of
redundant information, which offers a chance for
better analysis and visualization in healthcare
applications. To improve image resolution, this work
proposes to use nonlocal self-similarity redundancy
and low-rank priors. This process consists of three
primary steps. First, nonlocal interpolation is used to
create an initial high-resolution (HR) image based on
the self-similarity found in medical imaging. After
this, the low-rank minimum variance estimator is used
to rebuild the HR image. In the end, low-rank
reconstruction and the repetitive application of the
subsampling consistency constraint improve the
rebuilt HR result. Test results on MR and CT images
demonstrate that the proposed method surpasses the
conventional interpolation approaches and compares
favorably with the current state-of-the-art methods in
terms of quantitative measures and visual quality.

7.3 Systematic Review of Brain Tumor Classification
and Detection Based DL Models

By: Karrar Neamah, Amjad Rehman Khan, Karrar

Abdulameer Kadhim, Farhan Mohamed, Myasar
Mundher Adnan, Tanzila Saba, Saeed Ali Bahaj
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Printed in 2023
Goal:

With an emphasis on deep learning techniques, the
goal of this research project is to comprehensively
examine current efforts in the field of brain tumor
diagnosis and classification utilizing MRI data. The
objective is to offer insightful information to
researchers who want to use deep learning methods in
this field. The effort entails examining earlier research
that used deep learning for brain tumor identification,
closely examining new research publications (from
2019 to 2022), and assessing the benefits and
drawbacks of deep neural networks. The ultimate
objective is to provide a thorough grasp of current
research trends and the efficacy of different deep
learning techniques, thereby making a valuable
contribution to the progress of brain tumor detection
techniques.

Acquired Knowledge:

The use of Deep Learning algorithms for the detection
and categorization of brain cancers in MRI scans from
2019 to 2022 has been methodically investigated in
this work. The thorough examination and contrast of
different Deep Learning approaches has produced
insightful information on the state of this field's
research at present time. The performance metrics
review has clearly shown how effective these
algorithms are in precisely identifying and classifying
brain cancers. The research project's methodology
comprised a thorough examination of pertinent
literature, including the methodical identification of
research papers. A thorough examination of these
articles was conducted, including an assessment of
deep learning approaches. comparison of performance
metrics, and scrutiny of associated advantages and
drawbacks. The results obtained from this
methodological approach are intended to provide
researchers with essential knowledge, enabling them
to traverse the heterogeneous terrain of Deep Learning
techniques for brain tumor detection and
categorization. An emerging effort intends to analyze
brain tumors using pre-trained models from several
domains. This novel approach reduces the need for
large labeled datasets and speeds up the process of
building models. Contributing to the progress of
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medical research in the crucial field of brain tumor
identification is the main objective of this study.
Through ongoing refinement and optimization of
Deep Learning algorithms, scientists can fully realize
the potential of this technology, contributing to our
understanding of brain tumors. In the end, these
developments could improve patient outcomes by
enabling earlier and more precise tumor diagnosis.
The continued quest for superiority in Deep Learning
techniques will surely be crucial in determining the
direction of medical diagnosis and brain tumor
treatment plans in the future.

7.4 MEDGA: An innovative evolutionary technique
for improving images in medical imaging systems.

By: Giancarlo Mauri, Paolo Cazzaniga, Daniela
Besozzi, Andrea Tangherloni, Marco S. Nobile,
Carmelo Militello, Leonardo Rundo

Printed in 2018
Goal:

The purpose of this text is to introduce and elucidate
MEDGA, a state-of-the-art genetic algorithm based
image enhancement technigue.

Learnings: Medical imaging systems frequently need
image enhancement techniques to help clinicians
detect and diagnose anomalies and to enhance the
quality of images that are automatically processed.
Here we present MEDGA, a state-of-the-art genetic
algorithm based image enhancement technique aimed
at enhancing the quality and visual appeal of images
with a bimodal gray level intensity histogram. Images
with roughly bimodal histogram distributions can be
enhanced using MEDGA as a pretreatment step to
improve the outcomes of subsequent image processing
techniques. It also improves these kinds of photos' two
underlying sub-distributions. In a specific application,
we evaluate contrast-enhanced magnetic resonance
images using MEDGA as a clinical expert system. We
specifically employ this device for targeted
ultrasonography guided by magnetic resonance to treat
uterine fibroids. MEDGA provides an intelligent
solution for Clinical Decision Support Systems in
radiology practice by enhancing images to visually aid
physicians with  decision-making tasks. This
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technology has the potential to make a substantial
impact in actual healthcare settings.

7.5 Progress in Medical Image Enhancement for
Healthcare Uses.

Contributed by: Xiachong Shen, Chengpo Mu, Ming
Zhang, and Shujun Fu

Printed in 2018
Goal:

The purpose of his essay is to draw attention to the
significance of medical imaging technology,
particularly in the context of healthcare engineering.

Acquired Knowledge

Healthcare engineering is one of the largest and
fastest-growing industries in the world. It includes a
wide range of activities, such as preventing,
diagnosing, treating, and managing illnesses in
addition to providing medical services to preserve and
enhance physical and mental health. In order to
manage health, prevent disease, conduct health
examinations, screen for serious conditions, detect
ilinesses early, assess the severity of a disease, select
the best course of action, evaluate its efficacy, and aid
in rehabilitation, medical imaging technologies are
becoming increasingly important. Medical imaging
technologies have become more and more important
in healthcare applications over time. Medical image
enhancement has become standard practice due to its
capacity to enable image-guided surgery and other
medical procedures, as well as quick, accurate, and
effective illness diagnosis and treatment. The
advantages of using modern image enhancement
techniques include enhanced edges, improved tissue
uniformity, ideal contrast, artifact removal, astute
noise reduction, and more. These advancements give
physicians a critical foundation for more accurate
medical picture interpretation, which leads to better
diagnosis and treatment.

7.6 An Interactive Image Framework for Brain Image
Segmentation Assisted by Deep Learning

By: Zheng Zhang and Yibo Han
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Released: 2020
Goal:

Brain picture segmentation requires precise medical
imaging, surgical planning, and many other things.
The effective auto segmentation technology has led to
the development of Convolutional Neural Networks
(CNN). The clinical results are actually not
sufficiently precise and comprehensive. However, in
typically unseen object classes, the lack of sensitivity
to pictures and lack of generality are diminished.
Using CNNs in the bounding box and scribble-based
pipeline, Deep Learning Assisted Image Interactive
Medical Image Segmentation (DL-I1IMIS) is suggested
in this work as a solution to these challenges. It is
suggested that geodesic transformations and picture
fine tuning can be either supervised or unsupervised in
order to fit a CNN model to a single test frame. Two
applications are considered in this frame: 3-D
segmentation inside the brain tumor center and in
whole brain tumors with distinct MR sequences where
only one MR sequence is reported, and 2-D multi-
organ magnetic resonance (MR) segmentation with
only two types of training. The suggested framework
can produce superior results in brain picture
segmentation when compared to previous methods.

Educating:

The paper emphasizes the assessment of various
segmentation techniques, with a special emphasis on
brain tumor and fetal MRI segmentation. It highlights
the benefits of DL-1IMIS in terms of accuracy and user
interaction efficiency while discussing the efficacy of
various deep learning-based techniques in comparison
to conventional methods. Moreover, it tackles the
difficulties associated with brain tumor segmentation
because of differences in size, shape, and location. The
study also discusses the value of interactive
segmentation methods and pre-trained models,
particularly in situations with constrained computing
power. It also implies that the suggested model may be
applicable to different CNN architectures and
emphasizes the importance of image-specific
refinement in enhancing segmentation effectiveness.
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