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Abstract

A tumor, otherwise called a neoplasm, are abnormal accumulations of tissues that can either be solid or filled with fluid. Lumps
or growths known as tumors constitute clusters of abnormal cells, originating from any of the trillions of cells present throughout
the body. The growth patterns and behaviors of tumors vary significantly, depending on whether their classification is cancerous
(malignant), non-cancerous (benign) or precancerous. Medical imaging is a process that is widely used to produce images of the
human body for both medical and research purposes. A significant focus in clinical research is the automated detection of tumors
in the brain using Magnetic Resonance Imaging scans. Magnetic Resonance Imaging (MRI) is a sophisticated medical-imaging
technology. It enables non-invasive visualization of the internal anatomy of the human body. Segmenting MRI images is vital
for the detection of brain tumor. Complexities of tumor characteristics, such as shape and size, tumor-location, gray-level
intensity, makes it challenging to classify segmented MRI scans into normal versus abnormal. Histogram Segmentation method,
proposed in this study, is based on differentiating with order static filter. In post-processing, morphological techniques are
practically employed to enhance the visibility of brain tumors. The K-Nearest Neighbors (KNN) classification method is then
utilized to categorize tumor values into their respective categories, such as benign or malignant, based on the tumor's size. This
approach helps patients and students to understand the tumor and helps physicians decide treatment based on the tumor’s size,
shape, location and the type.
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1. Introduction

Tumors are a classic sign of inflammation and are either  also indicating their shape or growth characteristics. Each tu-
malignant (cancerous) or benign. The tissue-names where the mor is categorized by the names of the initially affected cells
tumors originate typically influence how they are named re- [14].
sulting dozens of names and types. These names sometimes Lumps or growths known as tumors constitute clusters of
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abnormal cells, originating from any of the trillions of cells
present throughout the body. The growth patterns and behav-
ior of tumors vary significantly, depending on whether they
are classified as benign (non-cancerous), pre-cancerous, or
malignant (cancerous) [15, 16].

Clinically, the broad classification of tumors falls under two
types: primary and secondary. Tumors initially identified as
primary remain localized to their area of origin and are sub-
classified into benign and malignant types, while those that
exhibit aggressiveness are referred to as secondary tumors.

Cancerous tumors

Cancer can originate in any area of the body, and when can-
cerous cells accumulate to form a lump or growth, it is termed
a cancerous tumor. A tumor is considered cancerous if it:

1) invades nearby tissues

2) contains cells capable of detaching, traveling through the

bloodstream or lymphatic system, and spreading to
lymph nodes or distant parts of the body.

When cancer extends from its original location, named the
primary tumor, to other regions of the body, it is said to be
metastatic cancer. The newly formed tumors arising out of this
spread are called metastases.

Tumors develop when dead cells accumulate and grow into
a mass. While cancer cells grow in a similar fashion, they dif-
fer from the cells in benign tumors by their ability to invade
surrounding tissues and disseminate throughout the body. Tu-
mors represent a significant threat, as they can transform from
normal cells into malignant growths, posing serious risks to
human health. The deadlines of this tumors can be notified by
the fact that converts to cancer stages and causes 10% of all
the human deaths in 2016. Tumor mutation, the clinical term
for which is malignancy, is a wide variety of disorders which
involve unregulated cell growth. Uncontrolled division and
growth of abnormal cells can lead to the formation of malig-
nant tumors, which may invade surrounding tissues and po-
tentially spread to other parts of the body via blood or the net-
work of lymph vessels and nodes [17]. Not every tumor is can-

cerous; some are harmless. Benign tumors do not have uncon-
trolled growth, nor do they invade neighboring tissues, and re-
main localized.

Various techniques are employed to produce medical im-
ages for clinical studies, with MRI being the most commonly
utilized. Compared to conventional imaging modalities such
as X-rays and Computed Tomography (CT), which use high-
energy ultraviolet (UV) radiation that can be harmful to the
health of human beings, MRI scans rely on magnetic fields,
which pose significantly fewer health risks. MRI images come
in several modalities, in magnetic resonance imaging, differ-
ent types of scans such as Sagittal, T1, T2, and FLAIR are
used, each showing various aspects of the same organ. Re-
search conducted by the American Brain Tumor Association
[11] indicates that about 78,000 new cases are expected to be
diagnosed, which includes 25,000 primary tumors and 53,000
non-malignant tumors.

2. Medical Background

Diagnosis and treatment largely depend on the tumor’s type
and location. In some cases, benign tumors may require no
intervention, while others may be surgically debulked (size re-
duction or completely removed. For malignant tumors, treat-
ments often comprise of surgery, chemotherapy and radiation.
Similarly other tumors include blastoma, desmoid tumor, ear
tumor, epidermoid carcinoma, epithelial carcinoma, esopha-
geal cancer, syringoma, fibroid, tumor marker etc. [20, 23].
Not every tumor is cancerous; some are harmless. Benign tu-
mors do not have uncontrolled growth, nor do they invade
neighboring tissues, and remain localized. Tumor can be Be-
nign (not cancerous) or malignant (cancerous). Cells within
malignant tumors are abnormal and proliferate uncontrollably
and chaotically. These cancerous cells have the ability to in-
vade and damage tissues nearby, as well as spread to organs
and body parts [14].
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Figure 1. The development of a tumor encompasses multiple genetic mutations and the inactivation of tumor suppressor genes.

Figure 1 Cancer development requires numerous mutations
to happen in a single- cell’s Deoxyribonucleic Acid (DNA).
Initially, normal cells (light gray) in any of body’s organs may
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acquire mutations which enable mildly faster growth in them
in comparison to surrounding cells. The mutated cells (light
blue) are not yet considered tumor cells, as further mutations
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are required for the formation of cancer [26]. As these light
blue mutated cells proliferate more rapidly, they create a 'larg-
er' target for future mutations, increasing the likelihood of fur-
ther genetic alterations on the path to cancer. Eventually, with
the accumulation of sufficient mutations, the cells (dark blue)
become a tumor, which remains non-malignant but will pro-
gress to malignancy if left untreated. The tumor cells continue
to mutate, transforming into malignant cancer cells (red).
These malignant cells form cancer in the original organ and
will further accumulate mutations, eventually spreading (me-
tastasizing) to other organs via the bloodstream.

3. Brain Tumor and Its Types

A brain tumor is among the most frequent and life-threat-
ening diseases, with the potential to be fatal. Similar to other
types of tumors, over 120 distinct types of brain tumors have
been identified - some acute and others chronic. This study
will focus on four specific types of brain tumors, as they are
more severe and exhibit rapid growth [15].

Location of Different Types of Brain Tumors
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Figure 2. Location of various kinds of Brain tumors.

3.1. Glioblastoma (GBM)

These tumors develop in the brain's glial cells, thus classi-
fied as gliomas. One specific type is glioblastoma, also known
as astrocytoma, which originates in the astrocytes.

3.2. Pinealomas

Pinealomas are considered primary tumors, with "pine-
aloma" being the term used for the most common type. The
pineal gland's most frequently encountered tumors include
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germinomas, while other types consist of teratomas, pineocy-
tomas, and pineoblastomas.

3.3. CNS Lymphoma

The form of tumor in the lymphatic tissues, which are been
instrumental in the immune system of the body. Such type of
cancer is identified as Central Nervous System (CNS) Central
Nervous System Lymphoma (CNSL) or Primary Central
Nervous System Lymphoma (PCNSL).

3.4. Metastatic

A metastatic brain tumor, also referred to as a secondary
brain tumor, originates somewhere else in the body and sub-
sequently spreads to the brain, leading to its development.

4. Magnetic Resonance Imaging (MRI)

A magnetic resonance imaging (MRI) scanner uses great
magnets to polarize and stimulate hydrogen nuclei (single pro-
ton) in human being tissues, which produces a signal that can
be detected, and it is predetermined spatially [1], ensuring in
images of the body. Due to MRI technique, brain activity re-
lated to the blood can change due to the MRI techniques Fig-
ure 3.

. Patient
Gradient

Coils

Magnet

Figure 3. Magnetic resonance imaging (MRI), Scanner a narrow
tube moves the patient through a tunnel.

Source:  https://www.medicalequipment-msl.com/htm/medical-de-
vice-book/introduction-of-MRI.html

MRI can generate multiple planes or slices of the brain de-
pending on the thickness and position of the head. Figure 4
illustrates various slices and angles produced by different MRI
modalities [2]. For diagnosing a specific type of brain tumor
or disease, multiple modalities are used by physicians to thor-
oughly examine the nature of the condition. [6, 7].
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Figure 4. Brain MRI image and multiple modalities.

This research paper includes a review of the existing litera-
ture, followed by a detailed explanation of the methodology
proposed for the study. The experimental results are then pre-
sented and discussed in depth. Finally, the paper concludes
with a summary of the research findings.

5. Review of Literature

Angoth et al [35] introduced a wavelet-based fusion method
for detecting brain tumors. In this approach, scans from diverse
diagnostic techniques from CT and MRI, are processed using a
median filter to enhance contrast and brightness. Following the
filtering, the images undergo wavelet analysis and are subse-
quently fused by averaging the minimum or maximum of the
wavelet coefficients. The proposed algorithm is benchmarked
with other approaches to demonstrate its effectiveness.

Azhari et al [21] proposed a method for recognizing and de-
tecting tumors in brain MRI images. To achieve higher-quality
MRI images, a median filter is applied as a pre-processing step,
followed by the canny edge detection method to smooth edges
and identify their directions. The initial step involves using a
histogram of clusters to construct the image and detect cancer.
For system optimization, 50 scans were appropriated for train-
ing and 100 external neuroimaging tests were conducted, result-
ing in an 8% error rate for the proposed system.
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Selva Kumar et al [22] developed a methodology to seg-
ment brain tumors which leverages k-means and fuzzy C-
means (FCM). To achieve more accurate results, salt-and-pep-
per noise is added to the median filter to suppress noise effec-
tively. Characteristics are extracted using thresholding, and in
the final step, an approximate reasoning method is employed
to establish the shape and location of the tumor in MRI images.
The method is evaluated against other segmentation algo-
rithms and found to deliver higher accuracy in terms of seg-
mentation.

Anam Mustageem et al [18] represented that Segmentation
is main technique used. Out of different segmentation tech-
niques, threshold segmentation, watershed segmentation and
morphological operators used. The proposed segmentation
method was experimented with MRI scanned images of hu-
man brains, thus locating a tumor in the images.

Fany Jesintha Darathi [32] represented as out of different
segmentation technique, seed based segmentation used and
with this segmented image for detecting the tumor section and
after that highlighting the region with help of level set method
pre-processing.

Charutha S. et al [19], presented an approach integrating
edge detection using cellular automata combined with a mod-
ified texture-based region growing. Texture based region
growing detected small sized tumor and cellular automata
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edge detection detected large sized tumor also modified in pa-
per. Integration of these both techniques provides more effi-
cient brain tumor detection.

Classification methodologies are employed to assign input
data to separate categories, where validation are performed
based on samples. KNN is extensively applied for categoriz-
ing tumors into relevant classes, e.g., tumor sub-structure, tu-
mor, non-tumor, and malignant or benign [8, 9].

The complexity of the structure of the brain makes seg-
menting a tumor a challenge. MRI scans are employed to thor-
oughly examine various parts of the body and are highly val-
uable for detecting early-stage brain abnormalities more effec-
tively than other imaging techniques.

Brain tumor detection using MRI images has been exten-
sively studied using both traditional image processing meth-
ods and advanced machine learning approaches [3, 5]. Recent
developments in artificial intelligence, particularly deep learn-
ing, have significantly improved the accuracy of automated
tumor detection systems.

6. Proposed Methodology

The methodology for developing a new technique focuses on
the classifying and segmenting four basic tumor-types using
multi-modal MRI images of the brain. This approach utilizes

6.1. Sample Data Set

histogram differentiating for segmentation combined with un-
supervised classification method such as KNN [12, 13]. A rank
filter is employed used in the post-processing phase, combined
with morphological analysis to omit the skull and any extrane-
ous particles from the segmented scans, facilitating easier cal-
culations of the region of the tumor [18]. The size of the tumor
will be determined over and done with matrix manipulation of
the segmented image. Explains in the Figure 5.

MRI image Input

v

Pre-processing

v

Histogram segmentation

.

Order static filters

v

Calculate tumor size

.

Classification using KNN

Figure 5. Flow of Algorithm for proposed method.

Table 1. Sample patient’s description.

Types of MRI Images No of MRI Images
Glioblastoma 25
Pinealomas 22
CNS Lymphoma 25
Healthy 25
Metastases 20

The set of data employed, totaling 100 images, comprises
of multiple modalities and variations of MRI images. These
include both tumor-affected and image scans. Detailed infor-
mation about the dataset is given in Table 1. The dataset was
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Patient Cases

Male
Female
Male
Female
Male
Female
Male

Female

R Y L " \C B VS R (e

Male

—_

Female

compiled from online radiological sources, such as Radiopae-
dia [25], and verified by a neurosurgeon to ensure its authen-
ticity. The below Figure 6 illustrates samples of our dataset
for the specified tumor types.
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Figure 6. Sample of MRI modalities and tumor types used in our da-
taset.

In Figure 6(a), explains about male patient case whose
age is above 65 years with the most prospective low-grade
glioma or Glioblastoma (GBM) with major mass effect.
Figure 6(b), shows the presence of Primary CNS lymphoma
coronal T1 post-contrast (A and B) and axial T1 Post-con-
trast (C) showing multiple and deep, cortical, and subcorti-
cal lesions that reach the genu of the corpus callosum. The
second image (B) shows contrast enhancing nodules in the
cerebellar parenchyma and leptomeningeal enhancement.
There is also sub ependymal spread. The central nervous
system involvement was secondary to no Hodgkin lym-
phoma of b-cell phenotype [32].

In Figure 6(c), illustrations the MRI images of Pinealomas
tumor which relates to women patient of Middle age with a
unadorned headache. Pinealomas. The solid component only
minimally enhances with a focal region demonstrating more
prominent ring enhancement.
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6.2. Pre-processing

Pre-processing steps adapt the image to meet the require-
ments for the subsequent analysis. This phase involves objects
and noise filtering, in-image edge-sharpening, conversion of
Red, Green, and Blue (RGB) images to grayscale, and reshap-
ing of the images. Even though current MRI systems are tech-
nologically advanced to negate noise, it can still however oc-
cur due to thermal effect. Numerous filters exist for removal
of noise such as order static filter. This study aims at detection
and segmentation of tumors. A full-fledged system, however,
requires noise-filtering. Generally Median filter is used to re-
move noise. The detected edges are added to the original im-
age to enhance it edges. This makes tumor detection and seg-
mentation easy [36].

6.3. Histogram Based Segmentation

Segmentation of tumor region using semi-automated meth-
ods achieves acceptable outcomes over manual segmentation
[7]. Semi-automated approaches may be broken down into
three forms: initialization, evaluation, and feedback response.

Histogram-based segmenting relies on analyzing the im-
age's histogram, so it's essential to prepare both the histogram
and pertaining image beforehand. This approach uses the his-
togram to determine gray levels for grouping pixels into dis-
tinct regions. The two primary components in a basic image:
the object and the background. The latter usually occupies the
majority of the image and consists of a single gray level. The
histogram is created by dividing the data range into equally
sized bins or sections, denoted as classes. Then, for each bin,
the count of data points contained within that range is counted.
When constructing image histograms, the values correspond-
ing to each pixel are charted along the horizontal axis [22].

Initially, we generate a histogram relating to the original
grayscale MRI scan. Figure 7 illustrates the histogram corre-
sponding to the original grayscale image.

number of pixels

50 100 150 200 250
intensity values

(b)

@

Figure 7. a) The original grayscale image, b) histogram of the orig-
inal grayscale image.

Once the generating of the grayscale-image’s histogram is
done, the total column-count in the image is calculated to sep-
arate the left and right sections for histogram-based segmen-
tation (HS). Computation of Separate histograms for the left
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and right sides is done to identify differences between the two.
The steps involved in the histogram segmentation are as fol-
lows.

6.4. Histogram Based Segmentation Basic Steps

1) Find matrix M in gray scale image
2) Dive the matrix M by 2, m/2 for finding
3) left side of the image “LH” «* Right side of the image
“RH”

4) Subtract LH and RH to find the difference of histogram
“HS”

5) Apply Threshold T on HS to get the final difference im-
age I.

Figure 8(a) displays the left side of the initial grayscale scan
alongside its corresponding histogram, which illustrates the
grayscale pixel levels and the number of pixels at each level.
Similarly, Figure 8(b) shows the right side of the initial gray-
scale image with its respective histogram, presenting the gray-
scale pixel levels and pixel counts [10].

=
(=
o o2
=]

number of pixels

ol
=2
o o

50 100 150 200 250

intensity valies

(=]

number of pixels

i
50 100 150 200 250
intensity valies

(b)
Figure 8. (a) The resulting histogram along with the left side of the
initial grayscale image (b) The output histogram along with the right
side of the initial grayscale image.

After the LH and RH of the original grayscale image, to-
gether with their corresponding histograms, are calculated
from the initial MRI of the brain, the differences between LH
and RH histograms, is then calculated.

Computing the differences between the histograms outputs
a segmented image that highlights the tumor-affected area
within the MRI. The output image generated by histogram dif-
ferentiating is shown in Figure 9. In Figure 9(a), the histogram
represents the variances between the two histograms com-
puted earlier, while Figure 9(b) displays the segmented image,
with tumor-affected area appearing as the foreground.
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100 150

intensity values

(a)

Figure 9. Presents the outcomes of histogram differentiating: (a)
represents the resulting histogram obtained by subtraction of the two
histograms, and (b) displays the image produced once the threshold-
ing is applied to the generated image arising out of histogram differ-
entiating.

6.5. Post-Processing Phase

In the post-processing phase, two techniques are com-
bined—3-D order statistic filtering and morphological opera-
tions—to amplify the fidelity of the tumor-detection image.
The 3-D order statistic filter is applied to assist the morpho-
logical operations by reducing the size of the structural ele-
ment used for erosion and dilation [24].

a) Order statistic filter

Figure 10 clearly demonstrates that extra boundaries can
distort the shape and size of the detected tumor in the image
obtained from histogram differentiating. To eliminate these
unwanted boundaries, an Order Statistic Filter (OSF) is ap-
plied. OSF is an order-based filter that estimates different sta-
tistical measures, such as the minimum (first order) or maxi-
mum (largest order). Given a set of observations X1, X2,
.............. Xy for a random variable X This process gen-
erates sorted values. This outputs Y (i) that satisfy X(1), X(2),
X(3),.....X(N), where X represents the N observations pro-
cessed by the OSF, thus, serving as an estimator for these
sorted observations.

F(X1, X2, X3.....XN).

OSF filtration performs exceptionally well when added
white noise or impulsive noise is present, given that the de-
signing of the filter is appropriate. One of its key properties is
the capability to preserve edges while maintaining simplicity
in computations [28], thus allowing faster computations when
the algorithm is effectively structured. Following the applica-
tion of the order statistic filter, the shape and size of the tumor
become more distinct. The results of this filtering process are
shown in Figure 10, where the boundaries are removed with-
out significantly altering the size and shape of the tumor, up
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to a certain extent [30].

(a) Displays the image obtained from histogram differentiating
(b) Shows the output image post OSF filtration

b) Dilation and erosion operation

While applying OSF yields significant results, some resid-
ual noise may still impact the precision of tumor size calcula-
tions. To achieve exact delineation of the tumor for size meas-
urement, morphological operations are employed to eliminate
these minor noise artifacts and particles. OSF combined with

(b)

Figure 10. Illustrates the final output produced by the order-statistic filter.

morphology produces enhanced results. The structural ele-
ments designed for performing dilation and erosion operations
are 5x5 for dilation and 3%3 for erosion. Figure 11 illustrates
the size and construction of the structural elements developed
for this purpose, both of which deliver the desired results.

T T I T olo|1]|0]o0 001 |o]o| Meeron

1 1 1 1 1 0 1 1 1 0 0 0 1 0 (0 1 1 1

1 1 . 1 1 1 1 1 1 1 1 . 1 1 1 1 1
1111 (1)1 0fj1(1]1]0 ojo0of1 (0|0 1|1 .
1111 (11 ofof[1|0]0 oj|of1 (0|0

Square 5x5 element Diamond-shaped 5x5 element Cross-shaped 5x5 element Square 3x3 element

Figure 11. displays the two structuring elements (SE) employed during the dilation and erosion processes. Part (a) 5x5 diamond-shaped SE

(b) 5 %5 diamond-shaped SE (c) Cross-Shaped 5X5 Element.

In Figure 12, the tumor becomes more pronounced follow-
ing the application of morphological erosion and dilation
based on the designed structural elements. This enhancement

facilitates the accurate calculation of tumor size and aids in
classifying the tumor according to its dimensions.

Figure 12. Illustrates the final output image produced by morphology.

(a) The resultant of OSF in Figure 7(b)
(b) The final image output post morphology
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7. Classification Using KNN

K-Nearest Neighbor (KNN) is a non-parametric algorithm,
making it highly applicable to real-world problems for classi-
fication and regression tasks. It works by storing all instances
and classifying new instances based on a similarity function,
such as distance metrics like Euclidean distance, to find the
nearest neighbors. KNN is a statistically-driven method ap-
plied for recognizing patterns and case classification [12].

When it comes to continuous values, KNN applies various
k values to measure and calculate the distance between two
classes, typically using Euclidean distance for kk values in the
range of 1 to 5. In this research, KNN classification is em-
ployed to categorize tumors into either malignant or benign.
The classification utilizes tumor size values obtained from
segmented images that highlight the tumor tissues [33], with
measurements representing different tumor sizes in square
millimeters (mm?). The said values are obtained for the entire
image-dataset and further used for KNN classification.

For classifying the two categories, we use datasets labeled
as 'a'" and 'b, representing the different classes (al,

a€RD, 'a' represents the values of the classes—tumor and

non-tumor—plotted along the x-axis in a D-dimensional plane.

b € {0,1}, 'b' represents a finite set of classes used for clas-
sification, where the values are assigned to either the tumor or
non-tumor category. When introducing a new value, 'z,' it
serves as a label for a class determined by the k-nearest values,
classifying the value into the appropriate category. If the ma-
jority of the labels closest to the k-nearest point 'z' belong to
one class, the classification will result in that class being as-
signed as the resultant [4].

In Region Growing (RG) approaches, image pixels form
disjoint areas are analyzed through neighboring pixels, which
are merged with homogeneousness characteristics based on
pre-defined similitude criteria.

8. Results and Discussion

Following segmentation, the size of the tumor is calculated,
and the tumor-percent within the MRI scan is determined. As
per the 2007 World Health Organization (WHO) report [27],
tumor- classification ranges from grade 1 to grade 4, based on
characteristics such as aggressiveness, intensity and size. Tu-
mor-size is a key feature for categorizing tumors, aiding in the
identification of the appropriate grade.

In this study, the tumor’s size and location is assessed using
matrix manipulation (MM). The MM technique calculates the
pixel-count of the foreground (tumor) and the background
(non-tumor), providing an accurate measure of the tumor’s ex-
tent and magnitude.

To determine both the pixel-count of both the background
and foreground, the Total Number of Pixels (TNP) is esti-
mated first to the final the segmented image from the given
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matrix. After obtaining the TNP using matrix manipulation
(MM), we then calculate the Number of Foreground Pixels
(NFP). In the matrix representation, foreground pixels are de-
noted by 'l,' while background pixels are indicated by '0'.

b e | e [ e [
B A
ol Ll el e
Y (WY P Y (Y

\

(a)

Figure 13. lllustrates the segmented-image matrix, (a) represents a
complete image-matrix of TNP, (b) represents the tumor / segmented
area with its desire matrix for the calculation of NFP for the size of
the tumor.

The Number of Foreground Pixels (NFP) represents the tu-
mor pixels important for determining the tumor size. As illus-
trated in Figure 13, the matrix of the segmented image illus-
trates the values of pixels of both foreground (tumor) and
background [29], using which are calculation of the size of the
tumor is done. Once the TNP and NFP are computed from the
image matrix, the tumor size is computed in two ways: as a
percentage and in square millimeters (mm?).

To estimate the tumor size as a percentage, the NFP is di-
vided by the TNP, and the result is multiplied by 100, resulting
in percentage size.

Mode 1: calculate the dimension of the tumor in percent-
ages

IF

TNP = 8000 pixels

AND

NFP = 1200 pixels

THEN

Tumor size = NFP / TNP * 100

Tumor size = 1200/ 8000 *100

In the segmented MRI scan of the brain, the tumor appears
to be 15% in size.

In method two of tumor size calculation, after determining
the tumor’s size as a percentage, the same parameters obtained
through Matrix Manipulation (MM) are utilized to compute
the tumor size in square millimeters (mm?).

The steps to estimate the size of the tumor in square milli-
meters (mm?) in method two are detailed here. The first step
is to take the square root of the NFP. Then, multiply the re-
sulting value by the area represented by a single pixel, result-
ing in 0.264 mm? (one pixel = 0.264 mm?). This calculation
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converts the size of the tumor from pixel units into a measure-
ment in mm?, providing a more accurate representation of the
tumor's actual size in the MRI image.

Mode 2: Tumor size in mm?

1 pixel = 0.264 mm?

Tumor size = | (VNFP)| * 0.264 mm?

IF

NFP = 1200

THEN

Tumor size = = | (V1200)| * 0.264 mm?

Tumor’s size is 9.15 mm? in the segmented brain MRI im-
age. After determining the size of the tumor in square milli-
meters (mm?) from the foreground-pixel computation, the val-
ues of the calculated size are employed for classification into
two categories: benign and malignant. This classification pro-

cess employs the K-Nearest Neighbor s (KNN) algorithm [31].

To classify the MRI images as either tumor-affected or
healthy, size values for both classifications are computed.
KNN uses the Euclidean Distance metric, and multiple k-val-
ues (ranging between 1 and 5) are considered to assess the al-
gorithm's effectiveness in categorizing the MRI images accu-
rately [34].

To calculate the percentage of accuracy for the several k
variations using the K-Nearest Neighbors (KNN) algorithm,
the False Classification Rate (FCR) and True Classification
Rate (TCR) are determined based on the dataset values.

Calculating FCR and TCR requires using the Total Number
of False Classified Values (TNFCV) and Total Number of
True Classified Values (TNTCV) out of the Total Number of
Values (TNV) used for KNN for classification.

To calculate TCR:

TCR = (TNTCV /TNV) *100 (1)

FCR = (TNFCV/TNV) *100 2)

To calculate FCR:

Table 2 presents the outcomes of KNN classification for
varying k values. The dataset includes 50 patient cases, total-
ing 100 MRI images, comprising four tumor types and healthy
samples. Classification outcomes may differ based on the da-
taset's characteristics and size, with kk values between 1 and
5 used for testing. Table 2 shows that each k value results in a
different classification rate. When k=1k=1, the True Classifi-
cation Rate (TCR) is 95%, while for k=5k=5, the TCR in-
creases to 99%. The results indicate that choosing a kk value
greater than 5 might make possible biased outcomes for the
given dataset. Testing suggests that the most suitable kk value
lies between 1 and 5 for optimal performance. Table 2 presents
the overall True-Classification-Rate (TCR) and False-Classi-
fication-Rate (FCR) for the proposed dataset, based on k val-
ues between 1 and 5.

Table 2. Detail Description of TCR and FCR Based on K Values from 1 To 5.

k 1 2
TCR 95% 96%
FCR 5% 4%

9. Conclusion

Tumors located in the brain refer to an abnormal mass
within the brain, which can be classified as malignant or be-
nign. The characteristics of these tumors, located in the brain,
differ based on their location and size within the brain. Image
processing is critical to the successful diagnosis and treatment
of brain tumors, leveraging the advantages of the imaging
technology of the MRI. This research has presented an ap-
proach to segment and classify four widely prevailing brain
tumors. The dataset utilized in this study comprises of 100
MRI images, under the expertise of a neurosurgeon. To differ-
entiate tumor pixels from surrounding brain tissue, a histo-
gram-based segmentation approach was employed. Following
this segmentation, the morphological operations and the order
statistic filter were applied the technique like post-processing
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3 4 5
97% 98% 99%
3% 2% 1%

to improvises the results for segmentation results. After suc-
cessfully differentiating the tumor region using histogram seg-
mentation with MRI images, calculation of the tumor size is
done. This is done through matrix manipulation in two distinct
modes: percentage and mm?. The computed mm? values are
then used in the KNN classification to categorize tumors as
malignant or benign. This classification approach relies on
Euclidean distance and evaluates different variations of k val-
ues for testing and algorithm assessment. The average True
Classification Rate (TCR) is 97%, while the average False
Classification Rate (FCR) is 3% across the different k values.

10. Future Work

Future research can further enhance the proposed system in
several ways. First, utilizing larger and more diverse medical
datasets can improve the model’s ability to generalize across
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different cases. Additionally, integrating explainable tech-
niques will help in visualizing tumor regions in MRI images,
making the system more transparent and trustworthy for med-
ical professionals. The development of real-time clinical deci-
sion support systems can also make this approach more prac-
tical for hospital use. Furthermore, extending the system to in-
clude tumor segmentation along with classification will pro-
vide more detailed diagnostic insights. Overall, future work
will focus on improving model accuracy, reliability, and ap-
plicability in real-world medical settings.

Despite these advancements, several challenges remain, in-
cluding dataset imbalance, model interpret ability, and gener-
alization across different clinical datasets. Therefore, further
research is required to develop more robust and reliable brain
tumor detection systems using artificial intelligence tech-
niques.
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CNS Central Nervous System
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FCM Fuzzy C-Means

RGB Red, Green, Blue
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TNP Total Number of Pixels

NFP Number of Foreground

FCR False Classification Rate
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