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ABSTRACT: Magnetic resonance imaging (MRI) is distinguished in the assessment of
brain malignancies for its noninvasive nature and exceptional clarity of soft tissues.
Substantial progress in computer-assisted segmentation over the past decade has facilitated
automated solutions, diminishing the need on labor-intensive, manual techniques. Timely
identification of brain tumors presents the potential to identify healthy individuals and
enhance treatment efficacy. Deep learning, a significant advancement in medical imaging,
enables the precise differentiation of cancers from extensive MRI datasets. This research
examines the evolution of deep learning architectures and their utilization in the management
of brain injuries. It emphasizes advancements in efficiency, velocity, and the technology's
unique attributes. Our objective is to provide therapeutic options for early cancer detection
and individualized treatment by evaluating the present state and predicting future
advancements.
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1. INTRODUCTION
Magnetic resonance imaging (MRI) is essential for studying brain structure because it
produces high-resolution, noninvasive pictures of soft tissues. Brain imaging with MRI is
considered superior, although other methods, such as CT and PET scans, can also shed light
on the brain's inner workings. For the sake of this inquiry, only magnetic resonance imaging
(MRI) will be considered.
Brain disorders like Alzheimer's, epilepsy, schizophrenia, MS, cancer, and infectious diseases
have all been studied by quantitative magnetic resonance imaging. Neurological disorders
such as multiple sclerosis, epilepsy, Alzheimer's disease, and schizophrenia can be diagnosed
and treated by analyzing brain tissue samples for abnormalities. Brain tissue loss and reward
processing have certain parallels. Researchers can evaluate changes in specific brain areas
over time by segmenting MRI data chronologically.
The capacity to differentiate between normal and abnormal tissue is crucial for many medical
tasks, including radiation protocol development, postoperative assessment, surgical planning,
and diagnosis. Qualitative assessments of the spatial and temporal characteristics of both
healthy and diseased structures are commonly used in clinical research. The effects of
treatment on healthy and unhealthy subjects are compared in these research. Quantitative
magnetic resonance imaging (MRI) is useful for the diagnosis and study of neurological
disorders.
Segmentation is crucial for quantitative image analysis. Only by using two-dimensional
voxels can a three-dimensional space be detected. Examining in-vivo images by hand is a
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typical approach to determining their quality. However, structural analysis must be carried
out with great precision. Human mistake is a real possibility with this procedure, and it takes
a long time and a lot of manual labor. We need automated job decomposition methods to
match the precision and accuracy of human evaluators. increased capacity for spatial,
dimensional, physiological, and functional imaging assessment. What this means is that there
is an increasing amount of high-quality medical imaging data.

Development tools are required to create or update resources in order to access these
enormous knowledge libraries. Knowledge processing machines might potentially foretell the
future by analyzing massive databases and applying machine learning algorithms. These
tactics have applications in healthcare.

In order to identify malignant regions and distinguish them from healthy white and gray
matter, conventional machine learning methods can be used to MRI brain data. Scientific and
technical investigations led to the development of image segmentation. Conventional
machine learning methods struggle with generalization. Despite advancements in medical
imaging, automating the segmentation of brain structures and the identification of anomalies
is still a significant challenge. The extent of the disease, imaging mistakes, MRI parameters,
brain geometry, and other similar factors are major contributors to this issue.

Deep learning can improve machine learning for Latin and Greek. The capacity to
autonomously extract features in quantitative brain MRI analysis means that it may generate
imaging characteristics that are not predicted.

Computers can detect tiny, spherical lung tumors and thoracic injuries in medical images by
using deep learning. With the help of Al, medical conditions can be identified. The paper
delves into advanced deep learning approaches that can be used to evaluate brain MRI scans.
Several chapters delve further into this topic. Investigating a topic thoroughly uncovers new,
game-changing information.

Overall, glioma patients have a better prognosis when diagnosed early. Neuroimaging studies
such as CT, SPECT, PET, MRS, and MRI help detect brain malignancies by revealing the
size, location, and metabolic activity of lesions. This process yields a plethora of data
pertaining to brain tumors.

Magnetic resonance imaging (MRI) is superior to other methods for localizing diseased areas
and detecting soft tissue. Magnetic resonance imaging (MRI) is a powerful tool for the early
detection of brain tumors. When used to living organisms, magnetic resonance imaging
(MRI) poses no danger. Images are produced when cells are stimulated by radiation
frequency bursts. The use of magnetic fields is commonplace in tissue treatment.

The durations of stimulation and repetition vary between MRI sequences. Using MRI's one-
of-a-kind tissue insights, doctors are able to better understand the body's architecture and
pinpoint cancerous subregions. Neuroimaging modalities such as T1, T2, T1-Gd, and FLAIR
can detect glioblastoma (Figure 1). FLAIR alleviates discomfort caused by fluids, and T1-Gd
helps with precise diagnosis. To portray the three-dimensional volume of the brain, 150 two-
dimensional MRI scans are used. The dimensions and characteristics of the picture are
decided by the gadget. By combining three instances of grain quality diagnostics, computer
systems become more intelligent and competent.

With T1, we can see normal tissue, and with T2, we can see edema.
The tumor margins can be more easily identified with T1-Gd imaging due to the tumor
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tissue's robust response to intravenous gadolinium ions. In large parts of the tumor's interior,
the necrotic unit link might not exist. Several things set it apart from the unit field.
Eliminating minute water signals from flare images considerably improves the detection of
CSF edema. In order to preserve healthy tissue while eliminating dangerous cells, surgeons
typically cut tumors into thirds while treating them.

Surgical procedures for brain lesions involve dissection, dividing, and classifying them.
Organs like the heart and lungs that aren't working, cells that aren't moving, and larger organs
are all parts of these tissues.

The tumor cells are extracted from the CSF, white matter, and gray matter by means of
dissection. It is common practice to meticulously annotate and segregate multimodal MRI
scans. However, dissecting a book or guide requires a significant investment of time.

The development of more efficient automated methods to achieve this objective is underway.
These treatments will impair the material's integrity. A growing number of individuals are
taking note. When it comes to simplifying complex procedures, deep learning is truly
exceptional.

In Section 2, a concise overview of image categorization for brain tumors is provided. In
Chapter 3, we take a look at some of the latest deep learning applications. We are now
assessing deep learning approaches. The last step is to evaluate and enhance the existing level
of expertise.

Fig.1. Four MRI scans reveal high-grade gliomas. Tumor burden is found in all quantiles.
Begin with T1.
For this investigation, the researchers used T1-Gd, T2-weighted, and fluid-attenuated
inversion recovery imaging techniques. Visualizations powered by data using BRATS

2. METHODS FOR BRAIN TUMOR IMAGE SEGMENTATION
Brain tumors can metastasize in three ways: partially, automatically, or manually. Sorting
according to the degree of interpersonal contact required.
Manual Segmentation Methods
The attending physician is required to perform a comprehensive evaluation using MRI
results, anatomical knowledge, and physiological comprehension. By utilizing tissue slices,
radiologists are able to generate multiple cross-sectional pictures. The doctor can use these
images to better understand the tumor's margins and determine the optimal treatment plan. In
order to thoroughly examine assigned readings, lecture notes, and academic journals, doctors
need dedicated study time and formal education. When using this categorization approach,
you should be aware of the huge margin of error. Increasingly mechanized processes make
use of ever-smaller components of dictionaries and manuals.
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Semi-Automatic Segmentation Methods

Humans are required to assess and initiate semi-automatic procedures. Originating ROIs at
the initial tumor size is a common practice. simplifies the process of developing software for
robots. It is possible to apply a number of pre-processing techniques to pictures. The
configuration of automatic algorithms allows them to be modified and annotated in order to
get the desired outcome. How does the procedure make you feel? You can use the data to
either do it again or change it.

Hamamci et al. (year) created a semi-automatic "Tumor Cut" segmentation method to find
the largest possible tumor diameter in magnetic resonance imaging (MRI) scans. Seeded
tumor segmentation based on CA is repeated after the preliminary stage. Both versions use
user-supplied tumor seeds and background seeds, although the first one is more advanced.
When you say "cancer," be as specific as possible. T1-Gd, FLAIR, and T1-MRI scans can all
be done with the same technique. It is possible to determine the tumor volume by integrating
the outcomes of various methods.

A computer writes the tale of Anearin. To make a study more rigorous, divide it into smaller,
easier-to-manage segments. Brain regions can be structured and educated to avoid disease.
The progression of neurological diseases is very similar to many parts of machine learning.
This method employs a plethora of digitized MRI scans of the brain to train algorithms for
machine learning. A formal agreement and a strategy for handling conflicts and other
problems should be in place within the company immediately. Before surgery, all of a
patient's voxels are sorted according to the types of tissues they may have. To create voxels,
one uses numerical values and object parameters. Following training, Support Vector
Machine models utilise these characteristics. Support Vector Machines (SVMs) are used to
classify the many types of tissues present in the image. Moderate doses of the natural
mechanism that generates brain cancer are more effective than manual approaches. You can
achieve your goals by implementing these strategies. On the other hand, reviewers and
customers could have different views on these approaches. When symptoms of a neurological
condition develop, they build up until they reach the visual center of the brain.

Fully Automatic Segmentation Methods

Regular cell division is observed in brain tumors. The two primary tools for resolving
segmentation issues are historical context and artificial intelligence.

Challenges

The automated differentiation of gliomas is a challenging issue. Brain tumors differ in
location, size, and shape from one patient to the next, as shown by data from three-
dimensional magnetic resonance imaging scans. On many occasions, tumor margins are not
uniform. The majority of edge-based methods experience this issue. The notoriously difficult
task of analyzing MRI data pertaining to brain malignancies is well-known. Variations in
MRI equipment and methodology might cause factors like intensity biases to affect individual
picture slices to different degrees. The multiplicity of approaches has exacerbated the
problem of tumor subregion distinction.

BRATS Dataset

Comparing traditional and cutting-edge segmentation methods for brain tumors is difficult.
Because of the worldwide BRATS standard for automated brain tumor segmentation, glioma
segmentation algorithms may be reviewed and compared objectivity. The BRATS training set
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consists of 274 MRI images of gliomas, both high- and low-grade, acquired using different
modalities. The collection includes segments that can be used as verifiable ground truth. The
results of the test include 110 scans in all. No one has a clue as to the source or criteria for
these scans. Online access is required to view the test results. The method takes into account
the tumor's activity, overall dimensions, and the size of the tumor core (excluding edema).
The outcomes are shown using well-established indices like Dice Score, Sensitivity (the rate
of true positives), and Specificity. The sole important component is the result of the dice roll.
The letters P1 denote the sites of tumors.
As a ground-truth approach, T2 (T1) is recommended for tumor area definition. An online
tool is used to determine the dice scores for the area.

P AT,
(18] + Ty /2
The letter A represents logical processes, while the pipe sign (|.|) indicates voxels.
Types of Automatic Brain Tumor Segmentation Methods
Brain malignancies can be independently classified using discriminators or generators.
Methods were the center of much discussion. The most effective automated techniques used
different classification approaches. Differentiation algorithms facilitate the connection
between illusion and reality. Priority should be given to feature extraction and selection. For
suspended learning to work, copious quantities of accurate ground truth data are required. To
generate probabilistic models, generative techniques are used to combine the sizes and
locations of normal tissue. Atlases of healthy tissue are required to pinpoint the exact
locations of dispersed growth components. Generating random models using our abilities is
challenging. The automated method developed by Kuwon et al. was utilized to generate the
high-quality generative model.

Dice(P,T) =

3. DEEP LEARNING

Designs that incorporate both snow and rain often make use of multi-layer neural networks.
Modern self-learning algorithms can see intricate visual patterns and traits, in contrast to their
ancient Greek and Latin predecessors. Findings from massive data sets can be useful in many
different contexts. Thanks to the rapid advancements in GPU processing, deep learning is
now within reach. In order for deep learning to pick up on nuances, it trains on millions of
images. Thanks to deep learning, several fields have achieved great strides, including search,
picture identification, voice recognition, gene-phenotype association, and patient progression
data. Deep Boltzmann machines, autoencoders, convolutional neural networks (CNNSs), and
deep neural networks are examples of advanced designs in deep learning. Convolutional
Neural Networks (CNNs) are used to classify and organize images.

In 1989, CNN debuted as a cable news network. Many people were interested in deep CNNs
since they won the 2012 ImageNet competition. Convolutional Neural Networks performed
better than competing computational methods when tested on a dataset consisting of one
million images from 1,000 unique sources. A hundred-layer convolutional neural network
(CNN) contains millions of weights and billions of inter-neuronal connections. Activation,
classification, pooling, and fully coupled convolution make up CNN's standard layers. A
technique called convolutional layers with dynamic image kernels is used to construct feature
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maps. The output of a convolutional layer is reduced when a pooling layer is added
underneath it. Select the region with the highest or lowest number to advance to the next
round. Activation functions such as Leaky ReLU and Rectified Linear Unit (ReLU) have
multiple applications. By employing the ReLU nonlinear activation function, negative inputs
are rendered null and positive outputs are generated. Predicting inputs is the job of
convolutional neural networks (CNNs), which employ a loss function such as cross-entropy
loss to transform scores from earlier layers into a multinomial distribution across labels.
Optimal network design is achieved by minimizing a loss function that evaluates the
discrepancy between real labels and expectations. This function accounts for the
regularization restrictions. Figure 2 depicts the backpropagation phase of SGD, which, to
attain convergence, alters the network weights.

Efmr (loss)l .
function
O

Weight
Optimizer
e.0.SGD

Input Images
Ground Truth
Labels
CNN Feature Extraction

Convolutional layer +

Maxpooling layer +
—»  Activation layer + o Output

Predictions

\_ Softmax Function

Figure 2: A schematic of the CNN training program.
When applied to biological picture segmentation and object recognition, CNNs yield
remarkable improvements. Convolutional neural networks (CNNs) can learn complicated and
representative data features autonomously, in contrast to conventional classification methods
that require human input and feature engineering. To segment brain tumors, Convolutional
Neural Networks (CNNs) rely on network architecture rather than image processing
techniques.
Convolutional Neural Networks (CNNs) can extract complicated visual patch information
because to its adjustable convolutional filters and targeted subsampling. Although CNN-
based brain tumor segmentation algorithms are marginalized, they produce state-of-the-art
results. Table 1 compares and contrasts deep learning with conventional glioma segmentation
methods. In their three-dimensional convolutional neural network (CNN), Urban et al.
identify gliomas in magnetic resonance imaging (MRI) data by utilizing several signals. We
used voxel data from brain MRI to make multimodal 3D patches. With these patches, CNNs
can determine which cubes have the most important voxel tissues.
Investigation of magnetic resonance imaging (MRI) techniques and data on three-
dimensional spatial intensity. Convolutional Neural Networks (CNNs) are able to analyze
input in four dimensions. Despite its increased complexity, high-dimensional processing
accurately represents three-dimensional biological structures. setting up two architecture-
centric networks.
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Central Neural Networks (CNNs) are the first model to have four layers. The input layer
consists of fifteen three-dimensional filters that span 53 dimensions. The MRI mode is
represented by the fourth digit, which is 5 x 5 x 5 x 4. The 53-dimensional filters and a list of
subfilters for each of them are contained in the buried layers. Each subterranean layer
contains twenty-five filters. Six sensors are employed by the last softmax layer for tissue
classification.

The outcomes of the probability study are displayed in Figure 3. The hidden layer of the
secondary network consists of forty filters with a size of 53. Produce and oversee pertinent
data. The BRATS dice scores for the core, active tumor, and total tumor of the two proposed
networks were 77%, 73%, and 87%, respectively.

Instead of employing Urban's high-dimensional method, Zikic et al. used 2D-CNN models to
segment 4D brain lesions in Task 28. This approach simplifies and speeds up the creation of
convolutional neural networks with high dimensionality.

You can think of the three-dimensional input patches as a collection of two-dimensional
patches with four channels apiece, where d3 has twice as many channels as d2 and d1 and d2
and 4d3 are the dimensions of the three-dimensional input patches. Each modality's segment
is processed in this way by a 2D-CNN. A 2D-CNN consists of a fully connected layer, a
max-pooling layer, an intermediary softmax layer, two convolutional layers (each with 64
filters), and a convolutional layer.

I Lt
l_> _,:IEI

" Class

» » Predlctions

Input

Convolva with Convolva with Convolve with
g Filters of 16 Filters of 6 Filters of
depth 4 depth 8 dopth 16

Softmax across
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Fig.3. This image depicts how 3D CNNs differentiate between different types of brain
tumors.

Using the hyperbolic tangent function as the nonlinearity term in the framework developed
by Urban et al., this approach eliminates the need for post-processing. The active component,
core, and tumor region all achieved BRATS scores of 69%, 73.6%, and 83.7%, respectively.
Because of the limited number of participants, the previous claims may have been incorrect.

Reference 29 mentions the cascaded two-pathway CNN as another innovative method. Using
a cascaded convolutional neural network (CNN) in conjunction with magnetic resonance
imaging (MRI) allows for the simultaneous elimination of smaller and bigger components,
allowing for the analysis of both local features and the anatomy of the brain. A focus point
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measuring 33 x 33 pixels is used in every MRI variant. regional transportation facilities.
During the journey, 65x65 pixel segments are removed.

The label on the middle pixel determines how patches are categorized. Using multiple
modalities, a convolutional neural network processes 65 x 65 x 4 two-dimensional global
input areas. Each tile in the final product is five units in size, and there are 33 rows of them.
Processed and generated segments with dimensions of 33x33x4 by dual-pathway
convolutional neural networks.

The alternative CNN makes use of 7x7 layers, while the original model made use of 13x13
convolutional layers. We present a CNN system that uses two cascading pathways. Cascaded
convolutional neural networks can take many distinct forms. A creative architectural
methodology and a dual-phase training technique are used to balance the classes. We begin
cascaded CNN training after we equalize the distribution of courses.

The second step is to train the CNN to use a more accurate visual distribution. Using post-
processing, you may get the most out of your nonlinear and interrelated components. Overall,
79% of BRATS patients died in the nucleus, 73% in the tumor's active region, and 88% in the
tumor's surrounding tissue. Writers with comparable voices chart two linked courses.

The use of advanced convolutional neural networks is explored in the context of brain tumor
segmentation. Tiny 3x3 filters enhance convolutional layers. This technique increases the
number of convolutional layers without decreasing the effective receptive field of the bigger
filters. Filters with a smaller footprint tend to be denser, lighter, and more nonlinear. It
reduces overfitting.

Modify the rectified linear unit (ReLU) to make the defective rectifier linear unit. It works
well for activation that is not linear. The proposed CNN has eleven layers, three of which are
convolutional and six of which are fully connected. Two maximum-pooling layers divide the
connection layers into three-block units. A BRATS mortality rate of 88% was achieved by
the tumor region, an 83% rate by the tumor core, and a 77% rate by the active tumor using
this CNN.

The most effective methods for preprocessing are threshold-based cluster elimination,
intensity normalization after intensity bias correction, and input patch augmentation.

Most approaches to glioma segmentation use a combination of convolutional neural networks
and clustering or classification techniques. Deep neural networks (DNNSs)32 can organize
localized predictions. The core voxels of the raw picture patch should not be classified using
CNNs, but rather with brain tissue. Using this method, label segments can be extracted from
ground truth images. The K-means algorithm is used to group labelled areas into N distinct
clusters. Together, these collections form an N-by-N label patch dictionary. The 2D CNN is
used for multimodal picture fragment classification. The overall tumor, tumor core, and
active tumor all achieved BRATS dice scores of 83%, 75%, and 77%, respectively, using this
segmentation method. Subsequently, Rao et al. (33) removed multi-plane bands from each
pixel. For the purpose of training four convolutional neural networks, several MRI datasets
were utilized. Integrating the outputs of CNN's last hidden layer creates feature maps for
random forest classifiers.

Training, Validation and Evaluation

Machine learning datasets are usually divided into three sections: test, validation, and
training. Use example data for teaching, evaluating, and grading algorithm improvement.
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Avoid leaving any data out when using leave-one-out, five-fold, or ten-fold cross-validation
on big datasets. For k-fold cross-validation, the dataset is randomly partitioned into k equal-
sized pieces.

The methodology was assessed with the use of k components and validation data. The k-1
residual components constitute the training data. Typically, training entails gaining practical
knowledge while being supervised. In order to categorize brain lesions or structures,
specialists in the field must first define them. Although it is subjective and takes a lot of time,
this method is used to instruct and evaluate students.

Mazzara et al. (year) discovered intra-expert variability of 20-15% and inter-expert
variability of 28-12% in brain tumor picture segmentation. Methods for fusing labels, like
STAPLE, employ multiple expert segmentations to lessen the impact of noise. Pathology and
biopsies are the gold standards for identifying and categorizing brain lesions.

When taking a look at a new deep learning method for a certain problem, make sure to
compare it to the usual. When assessing algorithms, similarity measures and other types of
samples are utilized.

The difficulty in judging algorithmic efficacy is heightened by this. With this knowledge in
hand, open-source datasets for the objective assessment of brain imaging techniques have
been created. A multiple sclerosis lesion segmentation competition was held during the 2008
MICCAI workshop using an initial dataset.

At https://www.nitrc.org/projects/msseg, you can find the challenge dataset. Consequently,
both the training data and the ground truth are made public. The organizers are the only ones
with access to the test dataset, and the ground truth is not revealed.

The second approach improves comparative objectivity while decreasing overfitting. There
have been more datasets produced since then that cover the same ground. Among the publicly
available brain MRI datasets are ones for segmenting brain tumors (BRATS), ischemic stroke
lesion segmentation (ISLES), multiple sclerosis (MSSEG), mild traumatic brain injury
outcome prediction (mTOP), and neonatal brain (NeoBrainS12).

4. IMPLEMENTATION DETAILS

We make use of the Pylearn2 package to accomplish this. Known as PyLearn2, it is an open-
source machine learning framework that prioritizes deep learning. Support for GPU
acceleration is available for deep learning. We skipped preprocessing since CNNs locate
relevant features so fast. We followed the same preprocessing procedures as the 2013
BRATS winners, Tustison et al. There are three stages to preprocessing. The first step is to
remove the top and bottom one percent of intensities. T1 and T1C modalities are corrected
using N4ITK bias correction. The input channel data is adjusted by dividing the standard
deviation by the mean.

Predictions informed the use of a basic connected component technique to extract flat blobs
from light brain regions adjacent to the skull. The hyperparameters of the design, including
the kernel, maximum layer pooling size, and the number of layers, are illustrated in Figure 3.
Cross-validation and grid search utilizing better hyperparameters.

After adjusting the hyperparameters, the model performed best on the validation set. When
taking Stride 1, maximum pooling is always used. It is important to ensure that every pixel is
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precise while producing image predictions. In reality, accuracy is unaffected by global path
max pooling. When feature translations were added to architectural layers or convolutional
blocks, the model's capability remained unchanged.

With the exception of the softmax layer and the labeled frequency log, all biases are set to
zero. To randomly initialize the kernels, we use U(0.005, 0.005). On a graphics card like the
NVIDIA Titan Black, training the Two Path CNN model takes three minutes per epoch.

To maximize computational efficiency, our programs are executed on a GPU. Calculations
are expedited during testing by use of the output layer's convolutionality. Giving the full
picture instead of cropping it accomplishes this. We use extended convolutions to provide
picture labeling p probabilities at all levels (Yij|X). Separate the Titan black card brains using
the Two Path CNN model in about 25 seconds. This is 45 times quicker than the brain
digesting each pixel patch separately. The MFCascadeCNN, Local Cascade, and Input
Cascade CNN models provide weather predictions in 1.5, 1.7, and 3 minutes, respectively.

5. EXPERIMENTS AND RESULTS
At the MICCAI conference, researchers showcased experiments that utilized BRATS patient
data. Within the BRATS dataset, you will find three subgroups. The test dataset consists of
10 cases, the leaderboard dataset of twenty-five instances, and the training dataset of thirty
patient cases with pixel-accurate ground truth data—twenty high-grade and ten low-grade
cancers. The test dataset and leaderboard do not contain any true data. Every brain in the
sample has the same orientation. No brain processes more than four sequences at once: T1,
T1C, T2, and FLAIR. During brain training, segmentation is done using the following
categories: non-tumor, necrosis, edema, non-enhancing tumor, and enhancing tumor.
A total of 3.2 million areas are considered healthy, whereas 2.2 million are considered timid
(and so contain all four subtumor kinds). We select 2D segments because the MRI volumes in
the dataset have missing anisotropic resolution and uneven third-dimensional spacing. We
tried to incorporate 3D data by either using the third dimension as extra input channels or by
selecting orthogonal segments from each view to find the intersection center pixel.
Nevertheless, this greatly reduced the algorithm's efficiency. To check how well the model
did on the test set, upload the segmentation results to the BRATS online assessment system.
The online data shows the tumor structures of three distinct tumor regions. New
developments are being propelled by therapeutic uses. According to Menze et al., there are
three types of tumor locations: complete (including all four structures), core tumor (excluding
"edema"), and enhancing (including structures that are "enhanced tumor™).
Dice(P.T) = &
(P | + ITu /2
PoAT,

[Ty
| Pa AT,

Tal

Formulas T for ground truth labeling and P for model predictions are used to produce the
metrics of sensitivity, specificity, and dice (equivalent to F-measure) for each tumor location.
In the tumor area, TO and T1 represent the predicted positive and negative voxels,
respectively. We can write PO as P1. The digital assessment system rates and evaluates each

Sensitivity(P.T) =

Sensitivity(P.T) =
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method. We present techniques for the BRATS challenge and some unpublished methods
without citations.

6. CONCLUSION

Quantitative brain MRI has been substantially enhanced by deep learning algorithms, but a
universal solution that is immune to variations in scanners and institutions is still elusive.
Large data sets present a challenge for supervised learning deep learning models that require
human-annotated ground truth labels, and preprocessing, post-processing, and initialization
all significantly affect deep learning's effectiveness. We need deep learning models that can
train unsupervisedly without ground truth and can withstand oscillations in brain MRI data. If
data augmentation methods are comparable to those used for brain MRI data, then having an
excess of data might not be essential. Researchers in the field of brain imaging might save
time and effort by utilizing high-performing deep learning models trained on MRI scans of
both healthy and sick brains.
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