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Abstract:

Neuroimaging is a powerful tool for diagnosing neurological conditions,
providing highly detailed scans of different brain tissues. It allows for the
detection of abnormalities across regions such as white matter, grey matter,
and cerebrospinal fluid. However, traditional unsupervised data analysis
methods face challenges in achieving accurate segmentation due to various
factors, including noise, outliers, and anomalies. These complexities can
make it difficult to distinguish between brain tissue areas, hindering the
understanding of underlying neural structures. This paper proposes robust
unsupervised, semi-supervised, and ensemble learning methods to address
these challenges. By leveraging sophisticated techniques such as spatial
contextual information, fuzzy sets, rough sets, and semi-supervision, we
enhance the linear separability of different brain tissue regions in their
original feature space. These methods effectively tackle interference,
anomalies, and irregularities, guiding the clustering process toward more
accurate outcomes. Through the use of labelled pixels and a carefully
designed policy, the clustering process is further refined, leading to more
precise segmentation of brain tissues. Additionally, various unsupervised
techniques are employed to reach a consensus decision, enhancing the
reliability and robustness of the clustering results. The results of this study
aim to significantly improve the accuracy and efficiency of brain tissue
segmentation, offering better diagnostic insights. By optimizing the
segmentation process, the proposed methods could pave the way for more
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reliable neuroimaging analysis, with potential applications in both clinical
and research settings. Future advancements may further optimize these
techniques through approaches like Genetic Algorithms (GA) or Particle
Swarm Optimization (PSO), enhancing their effectiveness and reducing
temporal complexity.
Keywords: Magnetic Resonance Image, fuzzy set, Cerebrospinal Fluid,
Gray Matter, separability
Introduction

The human brain is the most intricate organ in the body, and it is
responsible for controlling every bodily function by receiving information
from the outside environment and responding appropriately [1-4]. Memory,
intellect, emotion, and creativity are just a few of the many things that are
within the brain's control [3, 4]. The brainstem, cerebellum, and cerebrum
are the primary components of the brain, and the skull largely serves to
protect them. The human brain's greatest structure is the cerebrum. As shown
in Figure 1, the cerebral cortex consists of the left and right hemispheres.
The cerebrum is accountable for several crucial cognitive functions, such as
visual perception, auditory perception, and  cognitive interpretation,
acquisition of knowledge, emotional responses, logical thinking, and verbal
communication [2, 3]. The cerebellum is situated inferior to the brain. The
main functions of the cerebellum are to regulate motor control and maintain
balance. The brainstem is a hub for information transmission between the
spinal cord and the brain regions responsible for balance and cognition. It is
the job of the brainstem to regulate vital bodily processes such as awakening,
sleeping, temperature, and heart rate, respiration, coughing, sneezing,
digesting, and vomiting
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Figure 1: Anatomy model of human Brain

The human brain is the most intricate organ in the body, and it is
responsible for controlling every bodily function by receiving information
from the outside environment and responding appropriately [1-4]. Memory,
intellect, emotion, and creativity are just a few of the many things that are
within the brain's control [3, 4]. The brainstem, cerebellum, and cerebrum
are the primary components of the brain, and the skull largely serves to
protect them. The human brain's greatest structure is the cerebrum. As shown
in Figure 1, the cerebral cortex consists of the left and right hemispheres.
The cerebrum is accountable for many crucial cognitive functions, such as
visual perception, auditory perception, and cognitive interpretation,
acquisition of knowledge, emotional processing, logical thinking, and verbal
communication [2, 3]. The cerebellum is situated inferior to the brain. The
main functions of the cerebellum are to regulate motor control and maintain
balance. The brainstem is a hub for information transmission between the
spinal cord and the brain regions responsible for balance and cognition. It is
the job of the brainstem to regulate vital bodily processes such as awakening,
sleeping, temperature, and heart rate, respiration, coughing, sneezing,
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digesting, and vomiting [4]. Sectional Planes: The three-dimensional (3D)
brain may be seen in three different ways: coronal, sagittal, and
axial/transversal. The three-dimensional brain may be represented by a
plane, an imagined two-dimensional surface. Anatomy and medical science
discussions often center on these three major perspectives. They each stand
for a distinct perspective on the brain's interior architecture [1, 2, and 4].

LEFT vs RIGHT
BRAIN

Figure 2: Hemisphere of human brain

The human brain is split into the front and posterior regions along a
coronal plane, which is also known as a frontal plane when seen from the
viewpoint of the face. The sagittal plane, in anatomy, is oriented vertical to
the coronal plane and resulting in the formation of the hemispheres.

View from the axial or transverse plane, often called the horizontal plane, is
perpendicular to the sagittal and coronal planes, and it divides the brain into
inferior and superior regions. A brain's axial plane will lie perpendicular to
the floor when it is erect. "Cross sections” are the images created by the
transverse planes [1, 3, and 4].

Brain Abnormalities

Brain disorders may manifest in a variety of ways. Some of the most
common brain abnormalities in humans are detailed in this section.
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Brain tumor

Having a brain tumor means your brain cells are growing in an unnatural,
harmful, and uncontrolled way [7, 8]. Brain tumors come in many forms,
some of which are malignant while others are benign. Malignant tumors,
which include cancer, are very harmful and sometimes fatal growths that
may start anywhere in the body and metastasize to the brain. Under a
microscope, grade | brain tumor cells seem almost normal; they are slow-
growing, not very hazardous, not cancerous, and often linked with a long
survival rate. Surgery as a form of treatment for grade | brain tumors has the
potential to be effective. Class | brain tumors include gangliocytoma and
ganglioglioma, among others [10]. When seen under a microscope, cells of a
grade Il brain tumor have several abnormal characteristics. They have a
moderate growth rate and sometimes spread to other organs by metastasis.
Grade I11 malignant brain tumors rapidly propagate abnormal cells and often
advance to grade IV tumors. Anaplastic astrocytoma is classified as a Grade
[11 brain tumor. A grade IV tumor is the most advanced kind of brain cancer.
A necrotic mass develops inside the core of grade IV neoplastic cells. This
tumor exhibits rapid growth, infiltrates adjacent cells, and induces
angiogenesis to support its progression. Glioblastoma (GBM) is a grade IV
brain tumor, sometimes referred to as a malignant astrocytic glioma.

Brain Strokes

A lack of regular blood flow or excessive bleeding inthe brain-may cause a
stroke [17, 18]. Paralysis, incoherence, loss of feeling in the limbs, face, and
speech are all possible outcomes of a stroke [17]. It is common practice to
classify strokes as either ischemic or hemorrhagic. A hemorrhagic stroke
occurs when blood clots in the brain, whereas an ischemic stroke occurs
when blood supply is inadequate [18]. Minimizing the pace of brain cell
damage and avoiding additional strokes may be achieved with early
treatment.
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MRI Scanner Cutaway

Figure 3: MRI Scanner

Literature Survey

In medical imaging, diagnostic tools such as X-ray, Computer
Tomography (CT), Positron Emission Tomography (PET), and MRI are
used. Of all the medical imaging modalities available, magnetic resonance
imaging (MRI) has the potential to be the most useful and important for
diagnosing abnormalities in organs and tissues at an early stage. Brain
imaging is a major use of magnetic resonance imaging (MRI) techniques. It
is a risk-free and non-invasive method of imaging the brain and brain stem
leveraging electromagnetic fields and high-frequency signals [28]. Multiple
contrast MRI images may be combined to provide multimodal imaging of
tissues [19, 28, and 31]. These pictures can be T1 weighted, T2 weighted, or
PD (proton density) weighted. Due to its complex anatomy, the brain
requires very accurate segmentation to detect anomalies such as tumors,
edoema, necrotic tissues, and so on. Clinical examination of substances,
unusual anatomical sites, and morphological characteristics used to be the
standard for detecting these abnormalities.
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Researchers Nimeesha K. M. et al. (2013) In addition, it was said that the K-
Means clustering method has a shorter execution time compared to FCM
clustering, and the tumor area has been accurately determined. Results from
the K-Means clustering method outperformed those using fuzzy C Means, a
semi-supervised technique. K-Means Clustering, being an unsupervised
approach with a lower number of repetitions, does not need pre-processing,
in contrast to this. The optimal lossless compression is achieved by using K-
Means Clustering. It was also possible to get accurate results with a little
amount of data.

Using the K-means approach to extract data from encephalon cells,
Sanghamitra T. Kamble et al. (2015) demonstrated a number of different
cancers. A photo devoid of noise has to be sent into the "k-means" algorithm
and the tumor.

According to Malathi R. et al. (2015), segmentation is crucial for image
distribution since it removes suspicious regions from medical photos. To
segment brain MRI images for tumor detection, they have proposed a
method based on K-Means clustering.

In 2016, G. Santhoshrishnan and colleagues made use of a median filter to
lower the noise level. The GLCM method is used to eliminate elements that
are essential for tumor identification in images. Fuzzy c-means is used to
divide images, while artificial neural fuzzy skill is utilized to classify brain
tumors using ANFIS. Brain abnormalities and the kind of brain tumor were
both determined using MRI images. Prior to examining feature extraction
methods, medical images undergo a series of image pre-processing steps,
including partitioning to isolate tumors from the surrounding brain tissue.
Zhongyu Li et al. (2017) proposed a set of criteria for evaluating various
diagnostic and investigative scenarios with an eye on large-scale retrieval,
this might greatly improve the implementation of medical image inquiry. In
their paper, T. Sathies Kumar and colleagues (2017) devised a method for
detecting encephalon tumors in magnetic resonance imaging (MRI). They
used an "SVM Classifier" and segmentation to determine the tumor's size
within the segmented area. Then, they trained an artificial neural network to
classify the extracted features from the segmented portion.
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This is why graphical user interfaces have been developed, according to
EmreDandi et al. (2017). This leads us to the presentation of the case
involving the accountable physicians. Consequently, the application software
will have a lower error rate and might potentially be used as an additional
method for brain tumor segmentation along the road. Extensive testing with
image datasets has shown that the proposed software can successfully
identify brain tumors.

Proposed Methodology

Kernel induced Fuzzy C-Means clustering

Typically, it is not possible to precisely and linearly divide the various tissue
sections of a brain MRI in its normal state. Kernel techniques are
advantageous in such scenarios since they allow for the projection of
datasets into higher dimensions, enabling more efficient partitioning. Thus,
the FCM kernel technique is used to replace the distance measurements of
the operating system with the spacing K (~xk, ~vi). The kernelized fuzzy
objective function JKF CM may be mathematically described using Equation

(D).

C N

Jkrem = ZZ Z ph(1 - KGp V) —————=———— — (1)
i=1 k=1
Membership value (uik) and also the huddle concentrates (~vi) were indeed modified to

between because tries to follow:

1
P Gk 5 ) @
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At which, 3° embodies maximum count yeah groupings but also represents
the number maximum number anyway pixel value; t s is just the uncertainty
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vague c-means fuzzy clustering does seem to be summed up through
automatic system.
Algorithm: Kernel induced Fuzzy C — Means clustering

1: Input: number of clusters C, choose fuzzifier m, and threshold value.
2: Assign initial centers ~vi, Vi randomly.
3: while (termination condition true) do
4: Find the membership value pik for the ith cluster and the kth data pattern
using Equation (2).choose the cluster with the greatest membership value for
the pattern and give it pattern.
5: Update new cluster centers ~vi,Vi = 1

: Caccording to Equation (3).
6: end while.
Proposed Method
Consensus Framework for Tumor Detection from Brain MRI: In just
this paragraph, positive new general consensus cluster analysis seems to be
recommended again for detection of cancer even before radiographic. Is for
new gen sure platform clutterers three main clustering (VI1Z, k-means,
principal component analysis but instead operating system caused FCM) was
being used for such an intention. Magnetic resonance ordinarily struggles
even before buzzing sound or freak occurrences. Furthermore, brain tissues
possess an overlapping structure that is often difficult to disentangle. As a
way to address the inherent qualities of brain MRI, the fundamental
clatterers are carefully selected based on their specific benefits for typical
features. K-means is a rigorous clustering method that performs optimally
when the dataset is devoid of noise and does not include any overlapping
areas. FCM operates well with overlapping and uncertain areas, but KFCM
iIs more adept at handling non-linearly distinct overlapping tissue areas that
are particularly challenging to separate in their original feature space. KFCM
does this by projecting these regions into a higher dimension. Noise and
extremes are addressed at the point of pre-processing by noise reduction. The
approach uses an automated pipeline procedure in which the result of each
preceding step is sent as an input to the subsequent stage till reaching the
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final stage. The intricate structure of the suggested methodology is shown in
the Figure below, and the steps involved are as follows.

The first step of the pipeline is pre-processing. In this step, the process of
removing the skull and eliminating noise and outliers is performed. In brain
MRI scans, non-brain areas such as the skull are often shown alongside the
brain regions. However, these non-brain regions are not relevant for the
subsequent tumour identification procedure. Furthermore, these undesirable
areas impede the progress by augmenting the computational duration.
Extracting the skull is done using the Multi-image Analysis GUI (MANGO)
application before the MRI data is processed. The Faculty of Imaging
Science at the University of Texas Health Science Centre created MANGO,
a viewer for medical images. It appears like this identical mean shift is used
to swap the hub value with the mean price of all the other patterns or pixels
in the glass. It's simply a cost-effective word embedding space-time sorting
strategy.
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Figure 4: The complex architecture of the proposed consensus clustering
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Figure 5 (a & b): Universal pixel values before and after applying median filter

The process of median filtering is shown here using a simple example.
The typical, raw pixel values of the brain MRI dataset's three-by-three
dimensions are shown in the figure up top. The following is an order of
escalating severity for the pixels/patterns: 130, 1, 2, 3, 4, 5, 6, and 7 all at
once. Bold indicates that the median, or middle value, is 4. Figure 5b shows
the results of applying median filtering, which involves replacing the central
value of 130 with 5a, the median of all patterns or pixels.

Creation of fundamental clusters: The effectiveness of a consensus clustering
largely relies on the choice of base clustering algorithms. Hence, the
selection of a suitable base clustering method that aligns with the issue
domain is of utmost significance. Three commonly used clustering
techniques, namely K-Means, FCM, and Kernel induced FCM, are utilised
to generate base clustering. It should be emphasised that any clustering
technique may be used for this purpose. In brain MRI, tissues often exhibit
overlapping characteristics, making it challenging to differentiate them in
their usual feature space. To address the inherent qualities of brain MRI,
appropriate base clustering algorithms are carefully selected, each possessing

YYY



\

Print -ISSN 2306-5249

4 ) : .
J O B S V Aulu) @JM‘ Alaa Online-ISSN 2791-3279
= Journal off Basic Science  asssally gl sml

@O AV EET/ VY

\

_/

distinct benefits for certain features. K-means is a robust clustering
algorithm that performs optimally when the dataset is devoid of noise and
does not include any overlapping areas. FCM operates well with overlapping
and unclear areas, whereas KFCM is capable of handling non-linearly
separable tissues that are particularly challenging to separate in their original
form by projecting them into higher dimensions. Previously indicated, the
pre-processing step addresses the presence of noise and outliers via the use
of the median filtering approach for noise reduction. The skull scans, which
have been filtered to remove unwanted elements, are divided into segments
using various clustering techniques based on their fundamental
characteristics. The result of this step is a segmented picture that displays
distinct sections of brain tissue, including the potential tumour location. The
amount of basic clustering algorithms employed is directly proportional to
the number of output photos. White matter, CSF, grey matter, background,
and the possible cancer location are all represented as separate segments in
the five clusters that are generated by each of the basic clustering algorithms.
Area of interest detection follows this step and receives the results from this
one.

ROI detection the third step of the procedure involves identifying the region
of interest (ROI), which refers to detecting the specific area of the tumour
from the segmented picture. In this paper, a novel approach is used to
identify the region of interest (ROI). The steps for detecting ROI are as
follows. The first step is to examine the segmented scans that were generated
by different base clustering algorithms (A). Step 2: Count the number of
pixels within each clustering technique-produced region to determine the
size of the clusters. The third step is to find the cluster with the smallest area,
which may be the cancer (I'), supposing that the tumour is the smallest of the
five clusters. Fourth, use white to demarcate the tumour region as the
foreground and black to demarcate the other portions as the backdrop in a
two-toned image.

This approach for ROI identification has been tested on a total of 40 diverse
tumour datasets. The studies demonstrate that the approach successfully
identifies the region of interest (ROI) or tumour. It is important to note that
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at this point, the picture is transformed into a two-toned image with 5
clusters. The image is structured in a manner that the tumour area is
highlighted in the front, represented by the colour white, while the non-
tumor regions are designated as the background, represented by the colour
black. At the conclusion of this step, we have a set of e segmented output
pictures, each including both tumour and non-tumor regions, which have
been recognised by e base clustering methods (A). The tumour areas will
serve as the input for the following step, which involves combining the
findings provided by the basic clustering algorithms.

Combination of clustering results: Here we may define the consensus
clustering issue. Let us assume that e is the total number of base clusterings
in the consensus clustering under discussion and that z is the set of all base
clusterings. the ith base clustering and the set z = {A (1), A (2), A (3),.... A (e)}
The X-ray picture of the brain is divided into k groups, or clusters, by A (i) =
{C (1) 1, C(@) 2, C(i) 3,...., C(i) k }. The ith base clustering algorithm
produces each cluster, and C (i) j represents each. The last segment of the
brain MRI X will be based on the e-base clustering results in z. A trifecta of
K-Means, FCM, and KFCM basis clustering methods are used in this
investigation. In Stage IlI, two clusters or segments are produced when the
return on investment (ROI) from the fundamental clustering is discovered.
One for the background region and one for the tumour (ROI). This is
because step 4 of Stage Ill generates two regions. There is no clear
correlation amongst the base clustering findings, making it more difficult to
combine them in consensus clustering than in classifiers consensus. While
one clustering result's segment may stand in for a certain tissue area, the
same segment in another clustering result might stand in for a completely
different tissue location.

Though visually distinct, the vectors really reflect the same subset of MRI
dataset X, hence their logical identities are identical. The literature has used
a variety of approaches to tackle this challenging challenge, including
evidence collection, mixture model aggregation, hyper graph operations,
voting, and so on. Here, we show you how to quickly and easily generate
consensus clustering. Using the idea of intersection operation and then
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morphological operation erosion, consensus clustering is put into practice.
Suppose, three base clustering’s A (1), A (2), and A (3) divide the brain MRI
X into k (k = 2, considering tumor and non tumor regions) segments i.e., A
(Hh={CMHLL,CM2},r2)={C2)1,C(2)2},and L (3)={C (3) 1,C (3)
2}. Here, we assume k=2, and we use white pseudo colour to map the
tumour area on black backdrop. By observing the pseudo colours of the two
separate regions, tumour (ROI) and background, which are generated by Al,
A2, and A3, we can easily identify which clusters or segments are part of
which base clustering algorithms. Reason being, we can trace the pseudo-
region names back to Step 4 of Stage 3. The following is the procedure for
reaching a final agreement by majority vote after the communication has
been established. The votes given by the basis clustering techniques for a
certain location determine whether segment, tumour, or backdrop gets a
given pixel.

After applying consensus clustering, the picture becomes binary two-toned,
with the tumour area shown in white and the background region in black.
The two-toned picture is then subjected to morphological operation erosion
for enhanced precision. The output from this step is the final tumour, and it
was validated by going through the last stage, performance assessment. One
way to explain morphological operations is in terms of sets. Objects in a
picture are represented by sets in morphological processes. Objects (often in
the foreground) patterns/pixels in a binary (two-toned) picture have
coordinates in the form of tuples, which are two-dimensional vectors. Each
set in a binary image is a member of the 2-dimensional integer space Z 2.
Morphology is used to two categories of pattern/pixel sets in image
processing: (i) objects and (ii) structuring elements (SE). For the sake of
simplicity, we will define SE in terms of both the patterns/pixels in the
background and the sets of foreground pixels, which are often used to
describe objects. Consider the sets | and J, which are both included in Z 2.
After that, we may say that | J is the eroding of I by J. 1 J = {z|(J)z < 1} is the
equation that represents the relationship between the collection of
foreground patterns/pixels (1), a SE (J), and the foreground values (1's).
When z is translated by J, the set of all pixels or points z that are in | is
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termed the erosion of | by J according to the equation. (Regarding where J

came from, it's important to know that displacement is communicated.) Let

me explain. The following algorithm provides a high-level overview of the

procedure.

Algorithm: Consensus Framework for Tumor Detection from BrainMRI

Input: Set of pixels ~xk present in the image, number of clusters C, and user

defined parameters (m and threshold); Base clustering algorithms A.

Output: Consensus clustering M (in the form of tumor).

Method:

1. Read the MRI of the brain.

2. Conduct a skull stripping procedure using the MRI images.

3. Acquiring a skull striping scan free of noise.

4. Segment the brain tissue regions using basic clustering techniques.

5. Using the clustered scans produced by the base clustering’s, identify ROIs
(i.e., tumours).

6. Use the morphological operation and consensus clustering as outlined in
Stage III.

7. Verify the outcomes and assess the method's performance.

The suggested procedure's termination condition (convergence) is as

follows

Passive voice grouping similar is indeed the framework of very many

clustering, which implies that now the ongoing method after all possible to

assign superpixel of about initial cluster seems to be iterated on till

integration would be approached. A basic system merges since there is no

older whatever (re) assignment of such dots, that either arises because there

are no prolonged whatever notable changes inside this huddle tends to focus

for both 2 successive turns. Since illustrated through [12], it and gauss-seidel

heuristic [18] must be used to attain integration as in suggested technique.

All the arithmetic with in box plot (cm) that such gauss-seidel process

employs as little more than recognition is have conformed once the structure

would be sideways trying to dominate. Using the appointed dots there in

basic system, of one matrix assassins creed yeah element crown court
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(where is really the cluster nodes number) may indeed be managed to
produce in every instalment of a heuristic.

It's really did agree that even a clustering had already coalesced is when
centimetres seems to be horizontally predominant; instead that, alignment
was indeed unclear. Apiece line of a centimetres must have top dog diagonal
cells but only if this same clustering of equation is much more than
absolutely no personal as well as the attribute of something like the down
facets would be © 0 which is less than and those of the eigenvectors within
the string.

Experimental Evaluation

MRI datasets used

Here in the Kaggle database (https://www.kaggle. com/ mateuszbuda/lgg-
mri-segmentation), we replicate the proposed technique using a number of
benchmark real-life tumorous brain MRI datasets. The photos in the Kaggle
dataset have a dimension of (288 x 288).

Methods compared

The fundamental idea behind consensus clustering is to merge the results of
multiple base clustering in a way that the combined outcome may improve
overall clustering accuracy more than any individual base clustering method.
Here, we take a look at K-means, FCM, and KFCM, three distinct base
clustering methods.

Performance evaluation measures

This same results of the proposed model is assessed to use a sort of accurate
account (segmentation) significance index's such like region based
correctness (SA), recognize, pinpoint accuracy, similarity measure
efficiency, but also dnnxiebeni score (KXBI) that are now presented in
above section.

Experimental setup

Studies were being done to use window frames (64-bit trying to operate
system) pc of i5 processor m460 CPU cores (clock tempo two. Primary data
is collected Ghz) but rather will have 4 GB like memory locations.
Curriculum standards seem to be established as well as designed to simulate
through simulation software irrational number marketplace. Achievement of
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such platform systems have built as well as afterward that whole posited
process seems to be susceptible to 2 parameters the fuzziness index m and
the threshold. For optimal performance of the algorithms, the values of m
and threshold are found experimentally, and they are 2 and 0.8
correspondingly. However, in the future, optimising approaches like Genetic
Algorithms (GA), Particle Swarm Optimization (PSO), etc., may be used to
estimate the parameter values, albeit this would unavoidably raise the total
clustering's temporal complexity.

Experimental Results and Analysis

The suggested consensus clustering is tested on up to thirty real-world
benchmark datasets obtained from the Kaggle Database. Using a mix of the
proposed consensus clustering and other pre-existing clusters, we provide a
few findings for representational purposes, including the discovered tumours
and various validity indices.

Figure 6, first row (a) to (d) respectively, displays the Kaggle brain MRI
datasets KD1, KD3, KD5, and KD6. The skull-stripped pictures are shown
in rows (e) to (h), whereas the datasets that were filtered using median
filtering are shown in rows (i) to (I). In Figure 6, we can see a summary of
the ground truth and the tumours that were discovered using consensus and
base clustering. In this context, we can see the dataset KD1, the ground truth
that corresponds to it, the cancers detected by the fundamental clustering
algorithms K-means, FCM, and KFCM, and the tumours detected by the
suggested method. Additionally, Figure 6 provides a summary of the
consensus and base clustering methods' ground truth and tumour findings. In
this context, (a) refers to the dataset KD1, (b) to the related ground truth, (c)
to the cancers discovered by the base clustering algorithms K-means, FCM,
and KFCM, and (d) through (f) constitute the tumours detected by the
suggested method.

Similarly, Figure 6 and Figure 7 depict the datasets, respectively, and the
surface facts or specified malignant cells using both methods and core
systems that have been developed as kd5 or kd6 data sources.
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Figure 6: The Kaggle brain MRI datasets: KD1, KD3, KD5, and KD6.

Box-plot of the experimental results

In Figure 6, you can see box plots and a bar chart displaying the tumour
detection accuracies, which are the average of 10 runs. Box plot findings
show that the suggested CFBTD produces more dense plots with higher
median values, indicating that the proposed consensus clustering approach
outperforms the base clustering results. The results of a comparison between
the recommended approach and classic clustering methods are shown in
figure 7 and figure 8, a bar chart showing the accuracy (of tumour
identification) in percentage terms. Achieved accuracy is shown against
dataset size (X axis) in this diagram. We can see that the suggested approach
has more accuracy than the other clustering-based techniques by looking at
the bar chart and

Statistical significance test
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The outcomes of something like the suggested CFBTD and indeed the
important part platform grouping similar enters were also comparison but
use a partnered n k to evaluate this same statistical evidence of such posited
conventional wisdom grouping similar. Seven, partly be due. Five will
provide teamed n k findings for quantitative measurements, midranges,
incidents, but rather semantic similarity coffin reached but by proposed
methodology as well as the simple ones cluster analysis somewhere at 5%
significant level. If indeed they tried to suggest methods partnered s n results
just under negative value. Present major challenges, this implies that there is
indeed a significant differences between second set like findings, hypothesis
is rejected (i. Tion, there is really no substantial difference between it
consequences of both the bottom clustering). Otherwise, no statistical
significance was seen between it two different groups.
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Figure 7: Boxplot of tumor detection
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Figure 8: Pictorial representation of boxplot of tumor detection on Kaggle

datasets

Advantages of the proposed method

By integrating the outcomes of many base clustering methods, consensus
clustering is able to achieve better overall clustering accuracy than any one
of these methods could on-its own. Taking into account their strengths, this
paper uses three common clustering algorithms—that are basic yet powerful,
efficient, and widely used—as its foundational algorithm. These algorithms
are, as a hard clustering method, K-means performs best with a dataset
devoid of noise and overlapping areas. By projecting them in higher
dimensions, KFCM excels at handling overlapping tissues, which are
notoriously difficult to distinguish in their natural form, in contrast to FCM's
handling of ambiguous and overlapping regions. The findings also show that
the novel method of tumour detection is efficient. When applied to brain
MRI datasets, the suggested method has the potential to eliminate common
difficulties such as noisy data, overlapping and ambiguous results, and non-
linearly separable concerns.
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Conclusion

In this study, we introduced a novel consensus clustering approach for tumor
detection in brain MRI datasets. By combining K-means, FCM, and KFCM
as base clustering methods, the proposed framework demonstrated superior
performance in tumor detection accuracy when compared to traditional
clustering methods. Through experiments on Kaggle's benchmark datasets,
our method achieved improved precision, recall, and accuracy, overcoming
common challenges such as noise, overlapping regions, and ambiguous areas
in MRI images. Statistical tests confirmed the robustness of the method, with
results indicating significant improvements over existing techniques. This
approach offers promising potential for enhancing automated medical image
analysis and providing reliable tumor detection in clinical settings

Future Scope

Future research could focus on automating the parameter optimization
process for better tumor detection accuracy. Further studies can explore the
integration of deep learning reinforcement learning, and semi-supervised
learning approaches to enhance model performance. The applicability of the
proposed framework could be tested on other MRI datasets, including those
related to spinal or chest imaging. Future research might investigate
additional types of noise in MRI data and how to address those using
advanced filtering techniques.
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