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1. INTRODUCTION

There are numerous studies in brain imaging domain such as brain abnormalities detection, brain
mapping, brain stroke analysis, brain tumor volume analysis, brain tissue classification, epilepsy analysis,
and brain tumor segmentation in a near future [1-8]. Due to the advancement and innovation of digital media
technologies, these brain imaging applications are beneficial to the patients that experience with the brain
abnormalities problem. Nowadays, there are several methods that can be applied in brain tumor applications
such as image processing, deep learning, mathematical modeling and genetic algorithm [3-16].
However, it is challenging task in image processing when to segment the brain tumor as the homogeneity
intensity of tumor, cerebral and non-cerebral tissues. Therefore, this paper employed on the structuralimaging
toolof T1-weighted Magnetic Resonance Imaging (MRI) to segment and detect the glioma brain tumor rapidly.
MRI tool provides the higher-definition images for the soft tissues of brain tissues [1] and it is helpful in
examining the brain tissues and location of the brain tumor tissues. T1-weighted MRI brain images
are produced from the short repetition time (TR) and each time (TE). The contrast and brightness
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of the image are predominately determined by T1 properties of the tissues. Glioma brain tumor refers to
the abnormal growth in the brain [2] which is the abnormal growth of glial cells within the brain.
The abnormal growth varies based on the patient type and condition. Brain tumor can be classified as primary
and secondary (metastatic) tumor. The primary tumor comes from the cells that originally from the brain tissue
cells while metastatic tumor is cancerous cells which comes from the other part of the body that
are spread to the brain [4, 17-20]. The glioma brain tumor can be graded from low-grade such as astrocytomes
and oligodendrogliomas to high-grade glioma such as glioblastoma multiform [4]. Therefore,
it is advantageous to the patient if they performed an early treatment of the brain tumor identification.

Image segmentation is a vital task in image processing and performed at the low-level image
processing phase [20, 21]. It is defined as partitioning an image into a homogenous region area [5, 12].
Brain tumor segmentation refers to the partition and segment the brain tumor region area. There are several
techniques that have been used for image segmentation such as edge detection and morphological operations
technique. A lot of previous studies in image segmentation showed that region-based methods produced
the higher accuracy results. However, a small amount of researchers works on the automated brain tumor
segmentation. There are several of image segmentation techniques that can be applied to segment the region
area such as watershed edge detection methods, thresholding, region growing, split and merge
and mathematical morphology [22]. Edge detection is one of the most widely approach that can be applied in
detecting the edges within the image. It works based on detecting abrupt local changes in intensity of image.
Edge pixels, refers to an intensity pixel of an image function changed abruptly. The earliest operator in
thefield of edge detection is Roberts cross-gradient operator [23]. It computes the gradient image by using 2D
masks and gives preference to diagonal edges. Mathematical morphology operations are used to identify
the shape, structure, edges and holes from the binary image type [1, 4]. There are four basic mathematical
morphology operations which are dilation, erosion, opening and closing that operate with the structuring
element. The erosion operation is employed to intrigued segment of the image by utilizing the structuring
components [24]. The undesirable part is expelled and only the intrigue part is shown.

This paper presents an automated segmentation and detection of T1-weighted MRI brain images
of glioma brain tumor using the combination of Sobel edge detection and mathematical morphological
operations. This paper is comprised as follows. Section 1 clarifies the motivation and existing research on brain
imaging research. Section 2 discuss on the process flow of brain segmentation, detection and the data that
conducted during this research. This section is also describes the details on methods and experimental
techniques used in the experiments. Section 3 analyses the experimental results and evaluation that have done
in the experimental process. The conclusion and recommendation for future works are explain in
the Section 4.

2. RESEARCH METHOD

The main objective of this paperis to automate segment and detect the brain tumor of T1-weighted
MRI brain images of axial orientation. There are three phases that have been conducted during
the experiment which are data collection, processing (i.e. brain tumor segmentation and detection)
and post-processing (i.e. test and evaluation). Figure 1 shows the process flow of the proposed algorithm for

segmentation and detection.
/ MRI brain image /

Sobel edge detection

Morphological closing
operation

Morphological
enhancement

Segmented and detected brain
tumor region

Figure 1. Flowchart of proposed algorithm
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2.1. MRI image dataset

MRI T1-Weighted of two-dimensional brain images has been collected from the online dataset, brain
tumor image segmentation benchmark (BRATS). The experimented glioma T1-weighted image sequence of
axial orientation has been utilized in this paper. The total number of images experimented
are from 30 brain images. The experimented glioma brain tumor refers to the brain tumor tissues which
excluding the oedema part. Brain oedema is defined as the brain water content within the brain images which
leads to increase in tissues volume [18]. Figure 2 shows the sample of glioma of T1l-weighted MRI
brain images.

Brain Tumor Area

Figure 2. Sample of T1-weighted MRI brain image

2.2. Segmentation and detection

The input image of MRI brain image is converted into a grayscale image as shown in Figure 3.
Then the Sobel edge detection has been performed on the grayscale image. Sobel edge detection
is a technique which to discover edges utilizing the Sobel approximation to the derivative. It returns edges at
those points where the angle of I is most extreme. The resultimage of Sobel edge detection is applied as shown
in Figure 3(b). The morphological operations of closing is then utilized from the binary image
of Sobel edge detection result. The closing operation is applied on dilation operation and then followed
by the erosion operation. This paper experimented on a disk-shaped structuring element with a radius
of 3 pixels. Equation (1) for dilation and (2) for erosion operations [25] are represented as follows.
Dilation:

A@®B={zI(B"),:nA= 0} @)
where:
= empty set
yA = setof all pointsin A
Erosion:
AOB=1{z|(B), n A° # ¢} @
where:
¢ = empty set
Z = setof all pointsin A

The dilation A by B of (1) is asetwhich consists of all the structuring elements origin location where
B elements are reflected and translated with the overlaps of at least one element of A. The erosion of (2)
indicates that the erosion of A by B is a set of all structuring elements origin location where the translated B
elements has no overlap with the background of A. Figure 3(a)-(g) shows the sample result of the Sobel edge
detection and mathematical morphology operations.

The MRI brain grayscale input image is experimented using Sobel edge detection method.
The morphological closing operation is applied on the result image of the Sobel edge detection. The largest
area of the MRI brain image is computed and the other small areas are removed. Then, morphological
enhancement is used to fill-in any detected holes of MRI brain image. The mathematical morphology
operations of erosion and dilation are performed. This experiment utilized a sphere-shaped structuring element
with aradius of 2 pixels for the morphological erosion operation and a disk-shaped structuring element with
a radius of 6 pixels for the morphological dilation operation. By applying these morphological operations,

Bulletin of Electr Eng & Inf, Vol. 9, No. 3, June 2020 : 1032 — 1037



Bulletin of Electr Eng & Inf ISSN: 2302-9285 O 1035

the unwanted region is removed and the glioma brain tumor affected region is displayed. Figure 3(f) shows
the sample of automated segmentation and detection result of the glioma brain tumor image.

@) (b) © (@) ©) ® @)

Figure 3. The process of MRI brain image segmentation and detection, (a) Original image,
(b) Result of sobeledge detection image, (c) Morphological closing operation, (d) Largest region,
(e) Morphological enhancement using fill-in holes, (f) Segmented of brain tumor image,
(9) Detected area of glioma brain tumor

3. RESULTS AND DISCUSSION

The quantitative evaluation is evaluated in this experiment for T1-weighted MRI brain images
of axial orientation. The segmented MRI brain images are computed using Area Overlap (AO). The ground
truth image data is created and generated by BRATS database to set as a benchmark which to compute
the AO. AO is one of the method to measure the overlapping percentage area between the MRI brain tumor
area and ground truth area [1, 2, 20]. AO accuracy rate is calculated by using the following (3).

X, n X, |
A0 =100 X ———— ©)]
X, U X, I

where

Xy represents the area of the proposed segmented MRI brain tumor image
Xz represents the area of the ground truth data

Based on the 30 images of T1-weighted MRI brain images, the average result of the AO accuracy rate
is 80.2%. Table 1 illustrates the sample results of the proposed segmented MRI brain tumor image.

Table 1. Sample results of segmented MRI T1-weighted glioma brain tumor image
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4. CONCLUSION

This paper presents an automated segmentation and detection of T1-weighted MRI brain images
of glioma brain tumor using the combination of Sobel edge detection and mathematical morphological
operations. Therefore, this paper experimented on the Sobel edge detection and mathematical morphology
operations of closing, dilation, erosion and filling holes. The quantitative evaluation using area overlap
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of the segmented MRI glioma brain images are produced 80.2% of the average accuracy rate. It is showed that
Sobel edge detection and mathematical morphology methods produced the promising result of MRI brain
tumor since it is challenging task which to avoid using the contrast enhanced MRI brain tumor image.
Thus, it is also beneficial and assist the radiologist in early detection of glioma brain tumor. This research
significantly for the automated detection of the glioma MRI brain tumor in an early stage and it may give
chances to the patients fora treatment. This paper is also highlight on the employment of the T1-weighted MRI
brain images. It demonstrates that advantageous ofthis research which focuses on the T1-weighted is easy for
the radiologist to identify the location of tumor within MRI brain image. Besides, this proposed research may
use for the other segmentation and detection of the brain abnormalities. For the future works, future research
to prevent in segmenting similar intensity of brain tissues within the image. The further work may also
concentrate on the identification and recognizing the other types of brain abnormalities and their analysis.
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