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An Automatic Method for Detecting Brain Tumor Tissue
In T-1 weighted MRI images

Saumya Singh' Sumit Yadav? Shweta Dwivedi®, Vishal Agrwal*

1Department of Computer Application, Integral University, Lucknow 226026, India
saumyasingh2412@gmail.com

2Department of Computer Application, Integral University, Lucknow 226026, India
Sumit.yadav02594@g mail.com

3Department of Computer Application, Integral University, Lucknow 226026, India
drshwetadwivedi4@gmail.com

4Department of Computer Application, Integral University, Lucknow 226026, India

vagarwal.it@gmail.com

ABSTRACT: Brain tumorsare a critical health issue, particularly among
individuals aged 0 to 19, where they are the predominant type of cancer.
Prompt and precise diagnosis is essential as these tumors are the leading
cause of cancer-related deaths in this age group. Magnetic Resonance
Imaging is a crucial tool for detecting brain tumors due to its ability to
provide detailed and accurate images. However, the manual analysis of
MRI scanscan be challengingdue to the variability in tumorappearance
and the complexity of brain structures. To address these challenges,
advanced biomedical image processing techniques have been deweloped.
These techniques typically involve a series of steps to enhance the accuracy
and efficiency of tumor detection. A comprehensive approach consists of
four key stages: feature extraction, morphological operations,
segmentation, and classification.

1. Feature Extraction: This stage involves identifying and
extracting relevant features from MRI scans that can help
differentiate between normal and abnormal brain tissues.

2. Morphological Operations: These operations are applied to
refine the images, improving the clarity of thetumor boundaries
by removing artifactsand noise.

3. Segmentation: Thisstepiscrucial for isolating the tumor from
the surrounding brain tissue. It involves dividing the MRI image
into distinctregions to accurately locate and outline the tumor.

4. Classification: Finally, the segmented regions are classified to
determine the presence and type of tumor. This step often
employs machine leaming algorithms, such as Support Vector
Machines, toenhance the accuracy of tumoridentification.

To improve the segmentation process, noise reduction techniques like
median filtering are used to clean the MRI images, and brain e xtraction
methods are applied to remove non-brain structures such as the skull.
These preprocessing steps are critical in ensuring that the subsequent
analysis focuses solely on the brain tissue. Overall, automating the analysis
of MRI scans through these advanced techniques helpsin early and precise
detection of brain tumors, ultimately aiding in better management and
treatment of the condition.

KeyWords: Brain Tumor Detection, Classification, Segmentation,
Magnetic Resonance Imaging.

INTRODUCT ION

The brain is the most intricate organ in the human body and
serves as the central component of the nervous system. Brain
tumors can be categorized into benign and malignant types.
Benign tumors are non-cancerous and generally less

threatening, whereas malignant tumors are more severe and can
be life-threatening. Malignant tumors are further classified into
primary and secondary types. Primary tumors originate within
the brain and tend to spread aggressively into surrounding
tissues, while secondary tumors, or metastatic tumors, arise
from cancers in other parts of the body, such as lung or breast
cancer, and spread to the brain.

To diagnose brain tumors, various medical imaging techniques
are utilized, including neurological exams, computed
tomography (CT), magnetic resonance imaging (MRI), and
positron emission tomography (PET). Among these, MRI is the
most commonly used due to its ability to provide detailed
images through the use of radiofrequency waves. MRI is
especially useful for assessing brain abnormalities and
diagnosing tumors.MRI scans can be categorized into different
types based on their imaging sequences, each offering distinct
contrasts and details. T1-weighted MRI sequences are achieved
with shorterecho time (TE) and repetition time (TR), providing
clear images of anatomical structures. T2-weighted MRI
sequences, with longer TE and TR, highlight different tissue
contrasts, making them useful for identifying pathology.
Additionally, Fluid-Attenuated Inversion Recovery (FLAIR)
imaging is employed to enhance the visibility of lesions by
suppressing cerebrospinal fluid signals. Image segmentation is
a crucial step in analyzing MRI scans. It involves dividing an
image into distinct regions based on certain homogeneity
criteria. This process is complex and currently relies on
advanced computer support,as no single method is universally
effective. Tumor detection in MRI is challenging due to
variability in tumor shapes, appearances, and the presence of
overlapping structures. Automated tumor detection can be
enhanced using algorithms such as k-means clustering in
conjunction with morphological operations. Preprocessing
steps typically involve removing non-brain tissues, such as the
skull, to focus analysis on the brain itself. MRI sequences used
in such analyses include T1-weighted and T2-weighted scans,
which provide complementary information about tissue
characteristics.
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Fig 1. T1-weighted Image and T 2-weighted Image

LITERATURESURVEY

B. N. Saha and colleagues [5] introduced a rapid and
automated segmentation technique designed to address
challenges in brain tumor imaging by using a "bounding boX'
approach. Their method involves detecting an axis-aligned
rectangular region around tumor or edema areas within MRI
slices. The algorithm operates on a series of MRI slices from a
single patient's study. The process begins with identifying the
left-right axis of symmetry in each axial MRI slice of the brain.
Tumors or edemas, which cause deviations from this symmetry,
are then highlighted. The output of the algorithm is a selection
of MRI slices those exhibit abnormalities, each marked with an
axis-aligned bounding box that delineates the tumor or edema
region. This technique aims to improve accuracy and efficiency
in tumor localization by simplifying the identification of
affected areas in MRI scans, thus facilitating more effective
diagnosis and treatment planning.

a) Benign Tumor b) malignant Tumor

Kalam Abdul Salam et al. [6] explored the application of
Rough Set Theory in computer-aided diagnostic systems for
brain tumor detection. Their approach integrates both pre-
processing and post-processing steps in digital image
processing to enhance tumor detection capabilities. The method
focuses on analyzing the mass or cluster structures associated
with tumors to categorize the type of cancer effectively. The
approach has been evaluated on various MRI images,
demonstrating its effectiveness across different types of
cancerous regions.

Manoj Diwakar and Pawan Kumar Patel [7] investigated
the use of cellular automata for brain tumor detection. Cellular
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automata, a well-researched area, operate based on the state of
individual cells, which can only store one state at a time. The
state of each cell is updated according to predefined rules that
considerthe states of neighboring cells. Their method begins by
converting grayscale MRI images to binary images using the
im2bw function, which maps pixel intensities to a range of [0,
1]. Cellular automata then process this binary representation
based on specific rules to identify tumor regions.

B. N. Saha and colleagues [8] proposed a fast and automated
segmentation technique utilizing a "bounding box' approach.
Their method involves detecting tumors or edemas within MRI
slices by placing an axis-aligned rectangle around the affected
areas. The Fast Bounding Box (QBB) algorithm identifies
relevant MRI slices from a patient’s study and marks them with
bounding boxes that outline the tumor or edema. This process
starts by locating the left-right axis of symmetry in each axial
MRI slice, with deviations indicating abnormalities such as
tumors or edema.

PROPOSED SYSTEM

Introduced capable method to detectand classify brain

tumor from MRI images.
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Fig .1 OVERVIEW OF THE PURPOSAL METHOD

Preprocessing: The primary goal of preprocessing in image
analysis is to enhance the quality of the data by suppressing
irrelevant information and accentuating key features necessary
for subsequent processing steps. This phase often involves
correcting image degradations and addressing redundancies.
Effective preprocessing helps in improving the clarity and
accuracy of image data, which is essentialfor accurate analysis
and feature extraction (9).
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Feature Extraction: Feature extraction involves identifying
and isolating important characteristics of objects within an
image. For brain MRI images, features such as texture,
intensity, contrast, homogeneity, color, shape, and entropy are
extracted. Techniques like the Gray-Level Co-Occurrence
Matrix (GLCM) are commonly used for this purpose (10).
These extracted features are crucial as they provide the input
needed for classification algorithms to differentiate between
various conditions, such as the presence or absence of tumors.

Detection: In the detection phase, the primary objective is to
identify whether a tumor is presentin the MRI images. This is
typically achieved using classification algorithms like Support
Vector Machines (SVM). The SVM classifier compares the
features extracted during the training phase with those from
new, unseen images to determine the presence of tumors (11).
If a tumor is detected, the process advances to further analysis;
otherwise, the examination concludes.

Segmentation: Segmentation involves partitioning an image
into distinct regions to isolate and analyze specific areas of
interest. This can include the enhancement of pixels or tumor
regions to facilitate automatic methods for tumor identification
(12). Segmentation is fundamental in various applications,
including object recognition, motion estimation, and image
compression. For simplicity, we often use bottom-up
approaches that focus on image brightness, although other
attributes such as color and texture can also be utilized (13).

Segmanted Image

Onigenad lonaos

Fig 2. Morphological Operation

SVM Classification: Support Vector Machines (SVMs) are
utilized to verify the presence of tumors by classifying the
extracted features from MRI images. SVM is a powerful
algorithm that identifies the optimal separating hyperplane in
the feature space by maximizing the margin between different
classes (14). There are two main types of SVM classifiers:

1. Linear SVM Classifier: This model assumes that the data
can be separated by a straight hyperplane. It aims to find
the hyperplane that maximizes the margin between two
classes, which is known as the maximum-margin
hyperplane (15).

2. Non-Linear SVM Classifier: For datasets that are not
linearly separable, non-linear SVM classifiers use kernel
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functions to map data into higher-dimensional spaces
where a linear separation is possible. This approach helps
in handling more complex datasets (16).
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CONCLUSION

A fully automated method for detecting brain tumors using MRI
scans is outlined, comprising three main stages. The initial stage
involves pre-processing, which includes removing extraneous
skull parts and enhancing the image through various filtering
techniques to reduce noise. In the subsequent stage, the FBB
algorithm is employed to identify the tumor's location and
determine the region of interest. Finally, an SVM classifier is
utilized to isolate the tumor from the MRI image. Comparative
analysis indicates that this method provides more reliable and
accurate results than existing techniques.

Future work could involve expanding the study to incorporate
additional databases for training and evaluation. Additionally,
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exploring alternative segmentation methods to replace the SVM
approach could further improve accuracy.
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