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Abstract – This research presents an effective method
for automatically segmenting brain tumors using the
proposed Optimized Thresholded Difference (OTD)
and Rough Set Theory (RST). The tumor area is
determined using the proposed two-level segmentation
algorithm. The first level i.e., an overlay image is
created, which is the intensity average of all the pixels
of the brain area that were segmented in the initial
stage. Then the second level, in which the process of the
thresholded difference is applied between the brain
area and the overlay image depending on the specified
threshold. Features are extracted from the segmented
images using the Gray-Level Co-occurrence Matrix
(GLCM). To improve performance, an RST is
employed with the extracted features. The completely
automated methodology is validated using Figshare
open dataset.
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1. Introduction
A brain tumor is a growth of cells in the brain that
is out of control [1]. In the previous several decades,
the number of persons dying from a brain tumor has
increased. They may be completely removed and do
not proliferate after that.
Its excellent spatial
resolution, tissue contrast, and non-invasive
characteristics, magnetic resonance imaging (MRI)
are widely used in the medical field [2], [3]. MRI
provides useful knowledge for brain tumor diagnosis
and treatment [4], [5].
MRI images, nevertheless, are affected by intensity
inhomogeneity [6] and weak radiofrequency [7],
which might affect the accuracy of the segmentation
method. The procedure of brain tumor segmentation
involves identifying affected tumor tissues and
preserving healthy tissues in the brain by destroying
the identified tumor tissues. This task of identifying
tumor tissues is carried out in clinical practice using
manual annotations. Since manual segmentation
requires a lot of time, the development of automated
segmentation has been an exciting and important
research subject in recent years [8].
To achieve good segmentation results, distortions
and artifacts have to be eliminated before the actual
segmentation begins. Distortion and artifacts are
commonly found in MRI images. While removing
such artifacts, it is crucial to keep the essential
feature [9], [10], [11], and [12].
One of the segmentation approaches is
thresholding, which compares pixel intensities to one
or more intensity thresholds. Threshold-based
segmentation divides an image into multiple regions
depending on the intensity of each pixel [13], [14].
Various feature extraction and classification
algorithms were used in traditional methods for
disease detection and classification utilizing medical
images. Finding the perfect mix of characteristics and
a classifier is thought to be a difficult problem. The
adoption of GLCM addresses this problem to some
extent. Currently, there is a lot of interest in
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employing GLCM to implement Computer Aided
Diagnosis systems (CAD) [15], [16].
In the classification process, feature selection is
crucial, because it greatly reduces computation time
and enhances classification accuracy. The use of
rough set theory is to identify subsets of attributes
that have the same equivalence relation as the
complete attribute which is referred to as reduct [17].
Another critical problem is the classification of a
brain tumor depending on its classes. Tumors from
distinct types, on the other hand, may have similar
appearances. This behavior makes the problem more
difficult to solve. [2]. A decision tree is a valuable
tool in induction research, and it is mostly utilized for
model classification and prediction. So far, the ID3
algorithm is the most extensively used decision tree
algorithm [18].
Usually, when dealing with tumor segmentation in
a brain tumor dataset, the tumors are an area of
higher intensity than the rest of the image, so the
segmentation process when using thresholding
algorithms is to segment the pixels that have a higher
intensity than the rest of the image pixels. On the
other hand, it may be the other way around, so the
segmentation process when using thresholding
algorithms is to segment the pixels that are less sharp
than the rest of the image pixels.
The Figshare brain tumor data set [19] that is used
in this paper, contains contrast-enhanced images with
T1 weighting in which the tumor region is in both of
the above cases. As a consequence of the
convergence of pixel intensities across all brain
regions and the lack of high contrast between
background and foreground making use of automatic
thresholding for segmentation is unhelpful for such a
dataset.
In this paper, an Optimized Thresholded
Difference (OTD) algorithm is proposed to solve this
problem in the process of segmentation of such a
data set. The proposed method generates an overlay
image first (a uniform intensity gray image, which is
the average intensity of all the pixels of the brain
image to be segmented), and then the threshold
difference between the brain image and the overlay
image is applied to extract the tumor regions.
The remainder of this article is arranged as
follows: The second section gives a brief overview of
related works; The suggested approach is described
in depth in Section 3; Section 4 discusses
performance measures and the analysis of
experimental results, followed by conclusions in
section 5.
2.

Related Works

As
mentioned,
several
approaches
for
segmentation have been proposed such as thresholdbased, K-means clustering, edge-based, and region
growing.

632

Ivan Cabria et al. in [20] proposed a Potential Field
Segmentation (PFS) method that combines the
segmentation results of PFS with ensemble
techniques. The mass of a pixel is considered as its
intensity in this technique, and the potential field for
each pixel is calculated. The corresponding pixel is
seen as the tumor pixel if the potential field is smaller
than the adaptive potential threshold.
Elisee Ilunga-Mbuyamba et al. in [21] proposed a
Localized Active Contour Model (LACM). Using
this approach, the mean intensity distance between
regions of interest and background is automatically
balanced. This wants to minimize the active contour's
attraction to unwanted borders. It also detects the
tumor region using the Hierarchical Centroid Shape
Descriptor (HCSD).
Umit Ilhan and colleagues proposed a
segmentation approach that clearly distinguishes
cancer-affected tumors [22]. This procedure makes
the segmented tumor region more visible to the
medical practitioner. It employs a variety of
techniques, including morphological operations,
image filtering, threshold-based segmentation, and
pixel subtraction.
Cheng et al. in [23] published the first and the most
important research on the classification of brain
tumors into a pituitary tumors, meningioma, and
glioma based on the Figshare dataset (2015). To
extract the ROI, the researchers used tumor masks
from the dataset. The ROI was increased by
morphological dilations. The augmented ROI was
used to extract characteristics such as the bag of
words (BOW), GLCM, and the intensity histogram.
Different classifiers were evaluated in the
experiments. The best results were obtained using a
mix of BOW features and a support vector machine
(SVM) classifier, resulting in an overall accuracy of
91.28 %.
Ismael and Abdel-Qader suggested a mix of Gabor
and Discrete Wavelet Transform (DWT) and a neural
network to achieve an accuracy of 91.90 % utilizing
Figshare data for the 3-class tumor classification
challenge [24].
Swati et al. in [25] suggested using deep transfer
learning to classify brain tumors automatically.
According to their results, the design utilizing VGG
networks exceeded AlexNet in terms of performance.
The network's multiple layers were fine-tuned to
achieve a classification accuracy of 94.8 %.
Deepak, S., and Ameer, P. M. in [26] propose a
technique for classifying medical images using a mix
of convolutional neural network (CNN) features and
support vector machine (SVM). The completely
automated methodology is validated the Figshare
open dataset. A five-fold cross-validation procedure
was used to review and validate the integrated
system. The average classification accuracy of the
proposed model was 95.82 %.
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3. The Proposed Model
The proposed brain tumor segmentation can be
defined in six steps. The process is as follows: Preprocessing, Skull identification and brain region
segmentation,
Tumor
segmentation,
Feature
extraction,
Feature
selection
(RST),
and
Classification.
As seen in Figure 1, the first stage is the preprocessing stage. The second and third stage is skull
identification and brain region segmentation. To
improve the segmentation process, it has been
proposed to segment the brain region and separate
the skull from it due to its closeness to the intensity

of the affected areas in the MRI images. The
proposed OTD method was utilized for the
segmentation of the affected part from the brain
region image.
The Gray Level Co-occurrence Matrix (GLCM)
approach is utilized in the fourth step to extract
features. The selection of features is the next step.
From the features retrieved, the RST approach is
suggested for selecting the most relevant features.
Finally, the classifier is used to classify the type of
tumor as Meningioma, Glioblastoma, and Pituitary
gland using the ID3 machine learning mechanism.
The details of the method are given in the next
sections.

Figure 1. Block diagram of the proposed MRI segmentation model

3.1. Pre-processing
Background minimization tries to reduce nontumorous region information while preserving tumorspecific features. Here, the background is removed
and the brain region is selected using two levels of
operations: the first is to determine the starting points
for the brain region of the four sides of the image
(top, bottom, right, and left). In the second step, the
area between the extracted points is truncated and
used for the segmentation process.

TEM Journal – Volume 11 / Number 2 / 2022.

3.2. Skull Identification and Brain Region
Segmentation
Thresholding is a segmentation technique that
compares the intensity of a pixel to one or more
intensity thresholds. Regarding brain MRI image
processing, when using segmentation methods that
rely on thresholding methods, the skull bone presents
a major challenge in this case. Moreover, it greatly
affects the quality of the segmentation process
because it has a high intensity comparable to the
intensity of the tumor areas in the gray images.
Therefore, a method was proposed to remove the
bones of the skull and extract the brain region only to
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obtain a brain region that does not contain the bones
of the skull, so as not to affect later in the process of
tumor segmentation.
The proposed removal method consists of two
levels:




The first is the use of the threshold algorithm on
an MRI image that results in a binary image
(black and white) containing the bones of the
skull and some areas affected by the process of
applying the threshold. Then, a completed ring is
built, which represents the skull ring, depending
on the fragmented skull bone areas in the
previous step.
Second, emptying the contents of the resulting
ring (in this step we ensure that the process of
neglecting the bones of the skull is not
accompanied by any neglect of the tumor areas
in the brain). The resulting skull ring is adopted
as a mask to be applied to the original brain
image, in which the areas corresponding to the
extracted ring are neglected, and any areas in the
original image outside the extracted ring are
neglected, and only the area confined in the
original image is left inside the extracted ring,
which represents the brain region.

3.3. Tumor Segmentation
The proposed Optimized Thresholded Difference
OTD algorithm consists of two levels of operation.
In the first level, the brain image resulting from the
previous stage is used, where an overlay image is
generated, which is a gray image with one intensity,
which is the intensity average of all pixels in the
brain image. This image is used as an overlay image
for the threshold difference process in the second
level of the tumor segmentation process.
In the second level, the threshold difference
process is applied between the previously segmented
brain image and the resulting overlay image from the
previous (first) level of the segmentation process.
There are several segmented regions in OTD's
segmented output. The correct border can be
determined by selecting the region with the greatest
area. As a result, all regions' perimeters are
evaluated, and the region with the largest area is
selected as the accurate region.
3.4. Feature Extraction
The GLCM [27] approach was used to extract
features from segmented images. It extracts statistical
features by evaluating the relationship between i and
j pixels [28]. A set of eight textural features [29],
[27] that extracted from each co-occurrence gray
level matrix are presented in this paper:
 Entropy:
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3.5. Feature Selection
Feature selection has been used to decrease the
time of prediction and ignore the features that lead to
a false prediction. In data analysis, feature selection
utilizing rough set theory is widely used [30]. The
rough set theory is utilized to select features in this
research.
Information System Table: It can be presented as
IST = (𝑈, 𝐴tt ∪ C) where 𝑈 is a finite set of objects,
𝐴tt is a set of an attribute, and C is the decision (class
label) [31].
Indiscernibility Relation (𝐼𝑁𝐷 (B)): It is an
equivalence relation. Let 𝑎 ∈ 𝐴tt, B ⊆ 𝐴tt;
indiscernibility relation is defined as:
IND (B) = {(𝑥, 𝑦) ∈ 𝑈×𝑈: ∀𝑎 ∈ B, 𝑎 (𝑥) = 𝑎 (𝑦)}

(9)

Upper approximation of a collection M (𝑅 (M))
contains all information system table objects that
may belong to class M.
The lower approximation of set N (𝑅 (N)) is the
collection of information system table objects that
belong to class M.
Positive region refers to the collection of all
objects that belong to the lower approximation
(Pos(N)).
The boundary region refers to the difference
between the upper and lower approximation sets
(Bnd(M)).

TEM Journal – Volume 11 / Number 2 / 2022.

TEM Journal. Volume 11, Issue 2, pages 631‐638, ISSN 2217‐8309, DOI: 10.18421/TEM112‐17, May 2022.

Equations (10–13) show the mathematical formula
for (𝑅 (M)), (𝑅 (N)), (Bnd(M)), and (Pos𝑅(N)):
𝑅 N
𝑅 N
Bnd N
Pos N

𝑥 ∈ 𝑈: 𝑅 𝑋 ∩ 𝑥
𝑥 ∈ 𝑈: 𝑅 𝑋 ⊆ 𝑥
R N –𝑅 N
𝑅 N
⋃∈

∅

(10)
(11)
(12)
(13)

The reduct (Red (R)) is the smallest subset of
attributes with the same characteristic as the entire
attribute. The overpass of the attributes of reducts is
called core (𝐶). The overall number of least subsets
of features (𝑆) contending for the reducts becomes
𝑆 = 2𝑛 – 2

(14)

in which 𝑛 stands for the total number of attributes.
The number of the least subset of attributes
produced for every number of attributes (𝑆𝑖) can be
calculated by the rule of combination (𝐶). It becomes
𝑆𝑖 = 𝐶

(15)

where 𝑛𝑖 = the number of attributes in the minimal
subset.
The following are the processes of choosing the
reduct.
Step 1: Find upper approximation of each class
utilizing (10);
Step 2: Find a lower approximation of each class by
utilizing (11);
Step 3: Compute the positive region of the universe
by utilizing (13);
Step 4: Using (14) and (15), determine the number of
minimum subsets of attributes;
Step 5: Find indiscernibility of each subset of
attributes of a positive region utilizing (9);
Step 6: Compare the indiscernibility of each subset to
the attribute's overall indiscernibility;
Step 7: Then choose equivalent indiscernibility as
reduct.
3.6. Classification
ID3 is a top-down greedy approach to building a
decision tree. It was invented by Ross Quinlan. In
simple terms, the top-down strategy indicates that we
build the tree from the top-down, whereas the greedy
approach means that we choose the best feature at the
moment to produce a node at each iteration [32].
Testing and evaluation of the proposed model are
followed by fivefold cross-validation procedure. The

TEM Journal – Volume 11 / Number 2 / 2022.

ID3 model has been trained using the features chosen
from the training images, as well as their class labels.
The trained ID3 is then given the features derived
from testing images. The predicted classes for the
testing data are obtained as output from the ID3. The
performance of the classifier is assessed by
comparing predicted classes with true class labels.
4. Experimental Results
This section contains a comparison of results as
well as a discussion. The classifier's performance is
assessed and compared to that of related works.
The experimental results for the proposed
segmentation method are shown in this section. The
data comes from a T1-weighted contrast-enhanced
image Figshare database with 233 patient images
[19]. As indicated in Table 1, images with an axial
view were used in this research with three types of
brain tumors: meningioma, glioma, and pituitary
tumor.
Table 1. Description of figshare dataset
Type
Meningioma
Glioma
Pituitary tumor

No of slices
93
105
56

Figure 2 shows the output images obtained during
preprocessing (background elimination), Skull
identification and brain region segmentation (level 1
and level 2), and Tumor segmentation (level 1 and
level 2).
4.1. Comparison with Related Works in Terms of
Accuracy
Accuracy is expressed as a proportion of true
predictions generated by the classifier using Eq (16).
All previous work on this specific classification
challenge is compared to the proposed method. There
are two reasons why classification accuracy is
employed as a comparative statistic. In the
beginning, it is the standard measure utilized in all
related research. Second, the same dataset is used to
evaluate the related research. Table 2 summarizes the
proposed model performances and gives a
performance comparison.
Accuracy = (TP+TN)/(TP+TN+FP+FN)

(16)
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Figure 2. Segmentation of tumor regions outputs: a) Original image, b) Pre-processing, c) Thresholding, d) Skull
removal, e) Overlay image generation, f) threshold difference, g) Segmented tumor
Table 2. comparison table of the proposed model with other works
Work
[24] 2018
[33] 2018
[25] 2019
[34] 2019
[26] 2020
The proposed

Dataset
Figshare
Figshare
Figshare
Figshare
Figshare
Figshare

4.2. Other Performance Metrics
Since the data set for the category samples is
unbalanced, we use a confusion matrix to evaluate
the results. The confusion matrix obtained for the
experiment is shown in Table 3.
For each class, the following key evaluation
metrics are produced using the confusion matrix. For
any class (A), Precision (A) is the proportion of
samples identified as A that genuinely belong to A.
The proportion of actual samples of A that are
correctly identified as A is known as recall (A), also
known as a classifier's sensitivity. The proportion of
non-members of A that are accurately recognized is
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Techniques
DWT, Gabor, NN
CNN, ELM
CNN (TL)
DCNN, KNN
CNN, SVM
GLCM, ID3

Accuracy (%)
91.90
93.68
94.80
98.0
95.82
98.9

known as specificity (A). The following are the
formulas for calculating the metrics:
Precision = TP/ (TP+FP)
Recall (Sensitivity) = TP/ (TP+FN)
Specificity = TN/ (TN+FP)

(17)
(18)
(19)

Table 4 shows the performance measures for each
tumor class. The proposed model is exceptional in
terms of specificity across all classes, because it
shows the proportion of samples free of a specific
tumor class, specificity is an essential statistic in
disease categorization. In terms of precision and
recall, the classifier is a high-performance model.
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Table 3. Confusion matrix of the achieved results
Actual class
Predicted class
M
G
P

M
92
0
1

G
1
103
0

P
0
1
55

M: Meningioma
G: Glioma
P: Pituitary

Table 4. Performance measures for the proposed method
Category
Meningioma
Glioma
Pituitary tumor

Precision (%)
98.9
99.0
98.2

5. Conclusions
This paper is primarily focused on proposing an
optimized algorithm for brain tumor segmentation.
The proposed Optimized Thresholded Difference
(OTD) method consists of two stages, and the first
stage is the skull identification and brain region
segmentation to improve the segmentation process. It
has been proposed to segment the brain region and
separate the skull from it due to its closeness to the
intensity of the affected areas in the MRI images.
The second stage is utilized for the tumor
segmentation from the brain region image in two
levels; in the first level an overlay image is
generated, and then the threshold difference process
is applied between the segmented brain image and
the overlay image. A set of 8 textural features was
obtained from GLCM. Then RST has been used to
ignore the features that lead to a false prediction.
Finally, ID3 is utilized to perform the classification.
In terms of accuracy, precision, recall (specificity),
and sensitivity, experimental results demonstrate that
the proposed algorithm exceeds the reference
approaches.
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