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Abstract

Medicinal images assume a key part in the diagnosis of tumors as
well as Cerebrospinal fluid (CSF) leak. In a similar way, MRI
could be the segmentation control regenerative imaging
technology, which permits angle sectional perspective of the body
which gives convenience to specialists, will inspect the affected
person. The image sent by MRI is detailed which enables it to
recognize minor improvements of structures throughout the body
and is usually a basic part in finding and treatment planning. In
this research, the author had endeavored the approach is to classify
MRI images (4-Dimensional) either at the beginning of production
to have a tumor can be utilized for tumor recognition. The point
of the examination is to address the previously mentioned issues
related with exactness and increment the productivity of cerebrum
disease picture or CSF leakage (discover fluid or liquid within
brain). Our aim of this research is to construct a framework that
can identify cancer damage area or be isolated from tumors and
non-tumors quiet by using 4D image light field segmentation
which is followed by MATLAB modelling techniques and to
measure the size of brain damage cells deep inside of CSF. Data is
usually collected from the SVM Tool by using MATLAB included
K-Nearest Neighbor (KNN) Algorithm. The researcher proposes a
4Dimentional modulation method that oversees the light field that
can be used for the light editing field. Depending on the input of
the user, objective evaluation of each ray is evaluated using the
KNN to maintain the 4D frequency (redundancy) light fields.
These Methods of light fields can be helpful for improving the
quality of application editing segmentation and light field
composite pipeline, as they reduce boundary artefacts. the
specialist centers on cerebrum tumor and applies a testing for the
images of the brain tumor. It at that point goes on depict the
arrangement in the therapeutic terms and usage and furthermore
gives some forecast about the future created by modified
innovation.
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1. Introduction

The cerebrospinal fluid (CSF) is the fluid that travels
through the brain's ventricles (cavities or voids) and around
the surface of the brain and spine. CSF is one of the most
challenging neuro chirurgical complications.
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CSF leakage is a condition that happens when the
CSF leaks through deformity in the dura or head and exits
through the nose or ear. CSF leakage is the aftereffect of a
gap or tear of the dura that is the most extraordinary layer
of meningitis. The purposes behind the hole or tear can
damage the head and the medical system of the brain or
breast. CSF slots can be produced the same way after the
lower back section, also called spinal cord or spinal
anesthesia. A CSF leak can occur without restriction in a
similar manner without a known cause.

The cells that make up these interfaces are also site
s of extensive mechanisms of exchange (transporters) that
regulate the brain's entry and exit to a broad spectrum of m
olecules.

A significant mechanism for regulating the unique
composition of the brain's interstitial fluid is the secretion
of cerebrospinal fluid by choroid plexuses that flow throug
h the ventricular system and exchange between the cerebro
spinal fluid and the brain. Understanding the complexity of
barrier mechanisms is necessary to assess the effects of
inflammatory conditions on the brain, both in adults and
during growth. The Exhaustion of the cerebrospinal liquid
may happen by leakage, a shunt, insufficient generation, or
exceptionally fast retention. There are additionally some
comparable disorders where there is high intracranial
consistence; causing comparative side effects when the
cerebrum contracts on standing and buoys back upward.
Cerebrospinal liquid (CSF) has been widely focused for the
recognition of atoms for malignant growth identification.
This exploration analyzes the current logical learning about
the biochemical components in the CSF that have been
accounted for in the literature as brain cancer.

K- Nearest Neighbors, also known as K-NN, is part
of the supervised learning algorithms family, which means
that the researcher uses a set of tagged data to predict the
new category of data points. The K - NN algorithm is a
powerful workbook that is often used as a point of reference
for more complex ones like the Artificial Neural Network
(ANN) or the SVM. The K-NN algorithm can be easily
understood and implemented. The K-NN algorithm is read
through a complete data set to find the closest neighbors to
classify the new data point. Clustering is used as a research
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model. Clustering is a very effective technique used to
identify similarity among different clusters or groups. There
are many clustering algorithms in which the k-means
algorithm is used to identify hidden patterns from the data.
In my research, the k-means algorithm explores the unseen
information by taking the attribute. It is an unsupervised
clustering counts makes a specific number of disjoint level
(non-dynamic) assembles. The strategy takes after a clear
and basic way to deal with the request a given data set
through a particular number of groups. The number of
groups (expect k packs) is developed.

K-Means estimations uselessly pick k objects and
addressing the k beginning gathering center. The
accompanying step is to take each point having a spot with
a given data set and accomplice it to the nearest center in
perspective of the closeness of the research as shown in
fig.1.

Tumor space

Ventricles

Cerebrospinal
Fluid

Figure.1: KNN long distance values

This researcher uses Euclidean division and
recalculates new k group centers. The strategy is repeated
until there is no conformity in k collection centers. This
estimation goes for minimizing an objective limit known as
squared turn up limit given by the going with. The
researcher also uses these 4D-Images of MRI to investigate
the life of cancer and how to recover the hidden information
of damage cells of brain cancer and CSF with K-NN
algorithm.

The selection of 4Dimenstional image segmentation
is to find the deepest way to identify cancer with efficacy
and accuracy. The cancer is available with a gap or space
value and high accuracy with the usage of the latest
technology of 4-d using LFT tools. The 4D light fields, by
means of a 2D input device, the user selects part of the areas
in the 4D light field data. Although the manual selection of
a complete region in 4D space remains difficult for users,
the functional user interfaces (UI). In the 4D light field, the
client must give pointers to determining a locale of interest
by entering a name in a segment of the area. The algorithm
for the 4D light field decides the significant areas in the 4D
light field. One can see that the segmentation results of the
4D light fields can be obtained by applying to each point of

KNN vi

view the two - dimensional image segmentation method,
and there is no guarantee that the 4D light field frequency
(redundancy) will be preserved.

1.1 Problem Statement

The problem associated with the brain cell having
an abnormality process due to the more leakage of glucose
in terms of low levels of glucose or high levels of protein.
When contrasted with the tissues about the backward side
of the brain [1]. This is a potentially serious condition that
can cause infection in the CSF (meningitis) or the brain
itself (brain abscess) [2]. The issue associated with this
research is cerebral spinal fluid due to creating by the
symptoms of abnormal cells of brain and leakage. The
author also focuses on the issue of the K-NN algorithm is
highly sensitive to outliers because it simply selects
neighbors based on distance criteria. The researcher also
uses these 4D-Images of MRI to investigate the life of
cancer and how to recover the hidden information of
damage cells of brain cancer and CSF with K-NN algorithm.
The reason behind the selection of 4Dimenstional image
segmentation is to find the deepest way to identify cancer
with a space value and high accuracy with the usage of the
latest technology of 4-d using LFT tools that will increase
the accuracy of K-NN algorithm optimization for the
providing the better solution.

2. Literature Review

The researcher explains the method of dividing the
tumor in the brain is the partition of the tumor area from the
MRI images. There are several ways from the efficient
segmentation of brain tumors. In any case, it is a tedious
task to recognize the brain tumor from MR images. The
procedure of segmentation is the extraction of different
tumor tissues. Another case of elements, tumor, debasement,
oedema run of the typical tissues of the brain, for example,
dark issue (GM) and white issue (WM), notwithstanding
cerebrospinal liquid (CSF). As indicated by the survey mull
over, most brain tumors are effectively recognized from
cerebrum MRI utilizing a district based attractive magnetic
resonance imaging technique. However, the level of
accuracy required the classification of abnormalities is not
surprising [1-4]. The brain tumor segmentation involves
many stages. Physical brain segmenting brain images
consume a lot, so there are many difficulties in manual
segmentation. In this exploratory research, the main goal of
this paper is to present half and half of the group. To
consisting of the C-Mean Fuzzy Clustering and a set of level
strategies (to take care of complex forms) and level set
strategy (for taking care of complex shapes) is to identify
the correct state of the tumor at an insignificant
computational time. Using this methodology, the author felt
that for a specific set of images, it takes 0.9412 seconds of
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time to identify a tumor that is less in contradiction to the
existing algorithm, that is, the cross-cross [5-6].

In this research paper, the specialist said that image
segmentation is a collection of basic research, as it plays an
important role in the investigation and comprehension.
Segmenting of images and partitioning the images is one of
the most difficult and difficult tasks. Therefore, filtered
reports should be split from time to time in advance.
Additional beforehand supplementary archive processing
methods can be connected, for example, compression or
processing pressure or rendering, etc. [7]. The result shows
that the fuzzy Level Set Segmentation for a range of levels
can segment the tumor if the parameters are correctly
configured in the MATLAB condition based on the results;
it depends on the fact that when the seed point is selected,
the hybrid method is used in a local way A precise tumor at
the time of calculation is not significant by improving the
correct limit of the tumor in the brain by arranging the tumor
pixels using the fuzzy C-Means clustering approach.
Segmentation instruments can be used in the health impact
images for the programmed splitting of brain tumors. In
addition, work can be completed to influence this semi-
automatic to automatic segmentation, with the aim that the
dimensions of the tumor can also be calculated
automatically [8-12].

More importantly, the researcher has shown that
the estimated sizes of CSF sequences and the T1 based 3D
methods have an excellent relationship. The purpose of the
study was to verify the size of the CSF sequence. The
researcher mentions future work that can also focus on the
processing of additional CSF images in order to identify
regional atrophy of the brain. This would allow various
types of atrophy in the brain to be discovered. This is a
useful addition, as many diseases have different atrophy of
the brain e.g. frontal dementia [13-18]. In future studies, the
subsequent treatments can also be reduced for one minute
to facilitate implementation in clinical practice. The CSF
sequence can also be validated in patient cohorts with more
brain abnormalities and changes in brain diseases. The CSF
sequence provides CSF information. For instance, CSF-T
may be related to partial oxygen [19-23]. Finally, for each
MRI- CSF sequence has a similar resolution and a very
good correlation with the automatic 3D- based
segmentation methods created by a segment of the BPV and
ICV. However, the short imaging time for the MRI
sequence in the CSF exceeds the possible three-dimensional
sequence in Tl (3D T1) where the segmentation is
performed using specific methods. Both the MRI-CSF
sequence contains a similar resolution and a very good
correlation with T1: Automatic system-based segmentation
methods that are created to partition BPV and ICV.
However, the short imaging time of the MRI sequence of
magnetic resonance imaging exceeds the 3D-T sequence in
which the segmentation is determined by fixed methods
[24-25].

In this article, the researcher provides the details of
Processing Magnetic resonance imaging (PMRI) treatment
which is very complex. The researchers are constantly
studying it to give doctors a better ability to diagnose
patients. To detect suspicious areas or suspicious tumors
automatically as the researcher presents a new method
inspired by segmentation of thresholds based on
morphological processes in this study [26-28]. The
advantages of our approach come from the integration of
these two approaches. Morphological processes produce an
area of tumors almost and can ultimately affect health.
While the threshold segmentation method provides a clear
image of the different brain structures and thus these two
approaches greatly improve threshold segmentation,
detection, and tumor area extraction according to
morphology [29-32].

The researcher explains the cerebrum tumor in this
article which shows the group of tissues that are
distinguished by the slow addition of irregular cells. It
happens when the cell includes an abnormal arrangement
inside the cerebrum has delayed of turned out to be one of
the main sources of death for many people. The significance
of a brain tumor is vast among a wide range of disease, so
to save lives; quick discovery and treatment ought to be
finished. The revelation of these cells is a difficult problem,
in light of the development of a malignant form of the
cancer cell. It is imperative to compare cerebrum tumor and
MRI treatment. A Brain tumor is characterized into three
kinds: normal, benign and malignant [33-35]. The neural
system used to group the period of the sympathetic or
threatening brain tumor or common. To represent by
utilizing the Gary Level of Co-Occurrence Matrix (GLCM),
the Image acknowledgement and Image pressure are
perceived by Principal Component Analysis (PCA) and the
vast dimensions of data are decreased. Automatic
classification of the phase of cerebrum tumors is performed
utilizing a neural network probabilistic (NNP). The
segmentation is performed utilizing the K-means clustering
algorithm and furthermore distinguishes the territory of the
brain tumor. Inadequate cell numbers were found in the
spread zone. PNN is the quickest method and furthermore
gives a decent evaluating exactness. Simulation is
performed utilizing MATLAB [36-39].

The segmentation of the anatomical regions of the
brain is the fundamental problem in the analysis of medical
images. When examining the literature, it was found that the
use of watershed in the MATLAB setting did not work on
the segmentation of brain tumors. A method of brain tumor
segmentation has been developed in this article and
segmentation in 2D and 3D MRI information has been
supported. This technique can segment a tumor, provided
that the optimal parameters are properly structured. No
introduction is required for this method, while the others
require initialization within the tumor [40-46]. The
visualization and quantity in this article, a supervised three
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- dimensional (4D) field segmentation method is described
by the researcher using the graph - cutting algorithm. It
differs from the ultra - clear 4D storage systems since the
4D light field data contains implicit depth data and a
frequency. In order to maintain the frequency, two adjacent
(spatial and angular) radios are identified in the light field
data. We also design a learning-based option, called
objectivity, which uses signs of appearance and variation
for a greater resolution of segmentation [47-50]. In this
article, we propose a method to divide the supervised 4D
photodiode that can be used to edit light fields. Every target
is evaluated by SVM depending on the user's input seed.
The researcher identifies spatial and angular two neighbors
and assesses similarities. The 4D optical field can be
divided by a graph-cutting algorithm when you create a 4D
structured graph [51].

3. Methodology

3.1 4-Dimentional Light Field Segmentation with
Spatial and Angular Consistencies

While there are several ways to represent the
segmentation process, in this research for four-dimensional
light fields, the researcher has adopted the Lumigraph
method to illustrate rays in three-dimensional space [50].
The ray is defined by two intersection points with “u-v” and
“x-y” in the three-dimensional coordinates. The ray can be
described as a point in a 4D range like p = (u, v, X, y), and
p's intensity is displayed. A representation of Lumigraph
can be transformed into various depictions containing level
of perspective, level of picture, and vice versa. The U-V and
X-Y models correspond to the perspective and picture
planes respectively in a multi-point perspective. In this
study, the investigator describes the easy-to-understand
multi-component representation technique [51-53].

3.2. Sampling Techniques

Sampling techniques are usually collected from
the 4D light field segmentation process including
Lumigraph as well as multi-view representation form. The
purpose of this study is to detect brain cancer through MRI
in the brain, for example, the supervised machine learning
in terms of 4D light field segmentation. SVM Tool for
training and testing of datasets. The SVM approach is one
of the common ways to meet this requirement. SVMs
increase the margin between categories so that the overall
performance is generally higher. Regarding the use of
multiple categories in SVM, comparability comparison is
used. Thus, SVM is used to determine the objectivity of the

classifications. KNN-Clustering is used as a research model.

Clustering is a very effective technique used to identify

similarity among different clusters or groups. There are
many clustering algorithms in which the k-means algorithm
is used to identify hidden patterns from the data.

4. Tools and Platform

Here are mention the tools of research thesis
platform with details which is given below:

4.1 4D Light Field Tool (LFT) Segmentation

There are several ways to represent the four-
dimensional light field segmentation process. The
researcher has adopted the Lumigraph method to illustrate
rays in three-dimensional space. Two intersection points
with “u-v” and “x-y” in the three-dimensional coordinates
define the beam (ray). The ray can be represented as a point
in a 4D distance such as p = (u, v, X, y), and the intensity of
p is represented. A Lumigraph representation can be
converted into multiple representations that contain a level
of view, an image level, and vice versa. In a multi-point
view, the U-V and X-Y models correspond respectively
with the view and image planes. In this thesis, the researcher
explains the multi-component representation method that is
easy to understand.

4.2 Description of 4D Light Field Segmentation with
Spatial and Angular Consistencies

IThis research demonstrates brain cancer by
segmenting brain cancer pictures between MRI pictures and
using the suggested 4D algorithm. The purpose of this study
is to detect brain cancer through MRI in the brain, for
example, the supervised machine learning in terms of 4D
light field segmentation. The four dimensional light field
segmentation techniques use the diagram-cutting algorithm
(grab cut). Since the 4D light field information contains
verifiable profundity data and contains a recurrence
(excess). It varies from the basic 4D estimate size hyper-
volume). To look after repetition, the researcher recognizes
the two neighboring radios rays (spatial and angular) in light
field segmentation. For segmentation goals, additionally a
structure of learning-based likelihood and considered
objectivity that utilizations indications of appearance and
variety. To demonstrate the adequacy of our strategy
through numerical assessment and some light field altering
applications utilizing artificial light fields (synthetic and
true light fields). For example, to represent Lumigraph (v u
X y), p = (u, v, X, y) and representation of multiple views.
The MRI data is gotten from the Web Brain Database and
demonstrates the MRI brain image. In this research work,
the analyst deals with these tumor-subordinate images and
applies the malignancy segment(counting the leakage of
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CSF).These images essentially represent the measure of the
quantity level of CSF leakage and need to compute the size
of cancer as well which estimate the assistance of the
MATLAB programming. In this research work, the
researcher focuses around the extent of the tumor due to
create by CSF leakage and calculate the area of the region
from the progression to the last advance to the expanding
sizes of cancer cells (cells or damaged tissue). The
investigator screened over 200 skull samples using separate

instruments that identified the place of brain cancer and also
implemented Lumigraph (v, u, X, y), If p= (u, v, X, y) and
Multi-view representation. Brain tumors are our primary
territory of investigation and precision is the principle
instrument for progression, so this survey encourages MRI
to get the best images and the highest outcomes.

MRI

IMAGE 1

IMAGE 2

IMAGE 3
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Figure 1: CSF mass identification

Figure 1 demonstrates that the initial 3D pictures of
the spine cord CSF leakage that are transformed into 4-
dimensional pictures and generate the histogram to
determine the precision and size of the spine cord CSF
leakage. The graphical representation in the wake of
programming as should be obvious that the second image of
the CSF leak is more prominent than the prior picture in the
tumor region. After implementation of the 4d image process,
the image concert into grayscale and it clearly appears the
size of the CSF tumor which is 0 so it means that the
statistical graph shows the size of the tumor is 2550. Here
is another value of maximum intensity (max_c) represents
the intensity of the CSF-tumor which is 15023 which shows
the appearance of CSF leakage. Image.2 show the size of
the CSF-tumor which is still in 0 but the value of statistical
graph is different which is 2550, so it shows that the
situation of CSF leakage which is slowly increasing in the
brain and damages the brain cell and the max_c of image.2
is 887. Image.3 also show the size of the CSF- tumor is 0
and the statistical graph shows the size of tumor value is
2550 but the max _c is 2621 which represents the tumor
shell in hard form after the deposited of CSF in the brain.
This is basically the leakage from initial to final stage of the
tumor in spinal cord which is appearing in table.1.

S. Algorithm for detection of area of CSF
Leakage in brain

5.1 Algorithm.1

1. Load DICOM Images 11 (MRI).

2. Get Image (MxN).

3. Load DICOM Images 12 (MRI).

4. Get Image (MxN).

5. Applying FILTER for Graph Cutting

6. Select Binary Imaging Tool

7. IMPORT the Binary Imaging Tool
CREATE a two input of segmentation process
8. Load TEXTURE of the segmentation tool
9. SELECT ROI of 11 & 12.

Save MI1: =11 and MI2: =12

10.Again IMPORT the Binary Imaging Tool
CREATE a two input of segmentation process
Gaussian Filter to un-sharp

A. Applying Multidimensional Image Filtering
Save MIIFiltered: = MI1 and MI2Filtered: = MI2

11. Compare Filtered Images with Original Images
Imgl =img subtract (MI1Filtered, 11)
J1 = Inverse (Imgl);
SHOW Image (J1)
SHOW Image (11)
And
Img2 =image subtract (MI2Filtered, 12)
J2 = Inverse (Img2);
SHOW Image (J2)
SHOW Image (12)
12. LOOP
SAVE Ml Filtered and MI2Filtered
ImageDiff =image subtract (MI2Filtered, MIIFiltered)
ExactDiff =MAP (ImgDiff, MI2Filtered)
REM: How much change at bit level
CALCULATE
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Result=Number of Non Zero (ExtDiff) CALCULATE
CALCULATE PERCENTAGE Result=Number of Non Zero (ExtDiff)
[M, N]= Size of Img(Result) CALCULATE PERCENTAGE

Percent= (Result/ (M*N))*100 [M, N]= Size of Img (Result)
ELSE Percent= (Result/ (M*N))*100
SAVE 11 and 12 13. SHOW IMAGES
ImageDiff =image subtract (12, MI1) CALCULATE the difference.
ExactDiff =MAP (ImgDiff, 12)
REM: How much change at bit level

Table.1: KNN Testing Result

SNO. No. of | Model Type Evaluation Accuracy ROC Sensitivity Specificity
Features Criteria
1 Decision Tree | Preset: Fine Training Time 3.533Sec 0.83 93% 28%
Max number of splits: 100 | Testing Time 72.7%
Splits criterion: Diversity | Prediction 6000bs/Sec
Index Speed
Surrogate decision splits:
off
2 Decision Fine- | Preset: Fine Tee Training Time 333.53 Sec 0.83 93% 28%
Tree Max number of splits: 100 | Testing Time 90.9%
Splits criterion: Diversity | Prediction 590bs/Sec
Index Speed
Surrogate decision splits:
off
3 Decision Preset: Medium Tree Training Time 260.4Sec 0.83 85% 60%
Medium-Tree Max number of splits: 20 Testing Time 90.9%
Splits criterion: Diversity | Prediction 290bs/Sec
Index Speed
Surrogate decision splits:
Off
4 Coarse Tree Preset: Coarse Tree Training Time 510.54Sec 0.83 93% 28%
Max number of splits: 4 Testing Time 90.9%
Splits criterion: Diversity | Prediction 16000bs/Sec
Index Speed
Surrogate decision splits:
Off
5 Linear Preset: Linear | Training Time 507.42Sec 0.91 87% 70%
Discriminate Discriminate Testing Time 86.4%
Covariance Structure: Full | Prediction 1500bs/Sec
Speed
6 Quadratic Preset: Quadratic | Training Time 510.28Sec 0.91 73% 70%
Discriminate Discriminate Testing Time 90.9%
Covariance Structure: Full | Prediction 1800bs/Sec
Speed
7 Logistic Preset: Training Time 502.7Sec 0.89 73% 70%
regression Logistic regression Testing Time 86.4%
Prediction 1900bs/Sec
Speed
8 SVM Preset: Linear SVM Training Time 459.65Sec 0.94 92% 60%
Linear Kernel Function: Linear Testing Time 93.2%
Kernel Sale: Automatic Prediction 2100bs/Sec
Box Constraint Level: 01 Speed
Multi-Class Method: One
—t0-One
Standard Data: True
9 SVM Preset: Coarse Training Time 182.97Sec 85% 60%
Coarse SVM Testing Time 86.4%
Kernel Function: Coarse Prediction 6900bs/Sec
Kernel Sale: Automatic Speed
Box Constraint Level: 01
Multi-Class Method: One
—to-One
Standard Data: True
10 SVM Preset: Quadratic SVM Training Time 458.11Sec 0.97 92% 60%
Quadratic Kernel Function: | Testing Time 90.9%
Quadratic 7100bs/Sec
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Kernel Sale: Automatic Prediction
Box Constraint Level: 01 Speed
Multi-Class Method: One
—to-One
Standard Data: True
11 SVM Preset: Cubic SVM Training Time 457.32Sec 0.97 10% 90%
Cubic Kernel Function: Cubic Testing Time 93.2%
Kernel Sale: Automatic Prediction 7100bs/Sec
Box Constraint Level: 01 Speed
Multi-Class Method: One
—to-One
Standard Data: True
12 SVM Preset: Gaussian SVM Training Time 15.624Sec 0.91 92% 60%
Fine Gaussian | Kernel Function: | Testing Time 93.2%
Gaussian Prediction 1500bs/Sec
Kernel Sale: 0.79 Speed
Box Constraint Level: 01
Multi-Class Method: One
—to-One
Standard Data: True
13 SVM Preset: Medium Gaussian | Training Time 455.89Sec 0.96 92% 60%
Medium SVM Testing Time 93.2%
Gaussian Kernel Function: | Prediction 7200bs/Sec
Gaussian Speed
Kernel Sale: 3.2
Box Constraint Level: 01
Multi-Class Method: One
—t0-One
Standard Data: True
14 SVM Preset: Coarse Gaussian | Training Time 455.728Sec 0.91 85% 60%
Coarse SVM Testing Time 93.2%
Gaussian Kernel Function: | Prediction 11000bs/Sec
Gaussian Speed
Kernel Sale: 13
Box Constraint Level: 01
Multi-Class Method: One
—to-One
Standard Data: True
15 KNN Fine Preset: Fine KNN Training Time 449.36Sec 0.89 92% 60%
=1 Number of Neighbor: 1 | Testing Time 90.9%
Distance Metric: | Prediction 2500bs/Sec
Euclidean Speed
Distance Weight: Equal
Standard Data: True
16 KNN Medium | Preset: Medium KNN Training Time 447.88Sec 0.94 0% 30%
(Euclidean) Number of Neighbor: 10 | Testing Time 93.2%
K=10 Distance Metric: | Prediction 5500bs/Sec
Euclidean Speed
Distance Weight: Equal
Standard Data: True
17 KNN Coarse Preset: Coarse KNN Training Time 447 .48Sec 0.44 92% 60%
K =100 Number of Neighbors: | Testing Time 70.5%
100 Distance Metric: | Prediction 7300bs/Sec
Euclidean Speed
Distance Weight: Equal
Standard Data: True
18 KNN Cosine Preset: Cosine KNN Training Time 447.02Sec 0.93 92% 60%
K=10 Number of Neighbour:10 | Testing Time 93.2%
Distance Metric: | Prediction 2200bs/Sec
Euclidean Speed
Distance Weight: Equal
Standard Data: True
19 KNN Cubic Preset: Cubic Training Time 446.18Sec 0.94 92% 60%
K=10 KNN Testing Time 93.2%
Number of Neighbor: 10 | Prediction 3100bs/Sec
Distance Metric: | Speed
Minkowski(cubic)
Distance Weight: Equal
Standard Data: True
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20 KNN Preset: Weighted Training Time 445.64Sec 0.97 0% 30%
Weighted KNN Testing Time 93.2%
K=10 Number of Neighbour: 10 | Prediction 5700bs/Sec
Distance Metric: | Speed
Euclidean
Distance Weight: Square
Inverse
Standard Data: True
21 Ensemble Preset: Boosted Tree Training Time 444.81Sec 0.96 92% 60%
Boosted Tree Ensemble Method: ADA | Testing Time 70.5%
(ADA Boost) | Boost Prediction 2400bs/Sec
Leamer Type: Decision | Speed
Tree
Max number of splits: 20
Number of Learner: 30
Learning Rate: 0.1
22 Ensemble Preset: Bagged Tree Training Time 441.52Sec 0.96 92% 60%
Bagged Tree Ensemble Method: | Testing Time 93.2%
Ensemble Bagged Prediction 800bs/Sec
method Leamer Type: Decision | Speed
(Decision Tree
Tree) Number of Learner: 30
23 Ensemble Preset: Subspace | Training Time 438.77 Sec 0.91 85% 60%
subspace Discriminate  Ensemble | Testing Time 90.9%
(Discriminate) | Method: Subspace | Prediction 310bs/Sec
Leamer Type: | Speed
Discriminate
Number of Learner: 30
Subspace Dimension: 5
24 Ensemble Preset: Subspace KNN Training Time 434.28Sec 0.91 65% 0%
Subspace Ensemble Method: | Testing Time 79.5%
(KNN) Subspace Prediction 330bs/Sec
Leamer Type: Nearest | Speed
Neighbor
Decision Tree
Number of Learner: 30
Subspace Dimension: 5
25 RUS  Boost | Preset: RUS Boost Tree Training Time 429.53Sec 0.96 85% 60%
Tree Ensemble Method: RUS | Testing Time 90.9%
Ensemble Boost Prediction 2500bs/Sec
method Leamer Type: Decision | Speed
(Decision Tree
Tree) Max number of splits: 20
Number of Learner: 30
Learning Rate: 0.1

5.2. KNN Algorithm (K-Means Clustering)

K- Nearest neighbor, also known as K-NN is part
of the supervised learning algorithms family, which means
the researcher use a set of tagged data to predict the new
category of data points. The K-NN algorithm is a powerful
workbook that is often used as a point of reference for more
complex ones like the Artificial Neural Network (ANN) or
the SVM. The K-NN algorithm can be easily understood
and implemented. The K- NN algorithm is read through a
complete data set to find the closest neighbors to classify
the new data point.

Clustering is used as a research model. Clustering
is a very effective technique used to identify similarity
among different clusters or groups. There are many
clustering algorithms in which the k-means algorithm is

used to identify hidden patterns from the data. In this
research, the k-means algorithm explores the unseen
information by taking the attribute such as image hidden
parts, stage of cancer and demographics etc. This model
identifies cancer at a very early stage.

6. Result and Discussion

These comparisons are based on semi-supervised
machine learning as we work on 4 procedures of
segmentation of the Dimensional picture. Because of brain
cancer, we concentrate on CSF leakage. The findings of the
tests are conducted by a dataset called "Malignant Brain
Cancer with CSF Leakage" comprising nine variables with
25 characteristics. The initial information set with 4-
dimensional information is then randomly divided into
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practice and test sets in a proportion of 96.9 percent as
shown in this study. Using the training dataset, we trained
several supervised machine-learning models namely
Decision Tree, Decision Medium-Tree, Coarse Tree, Linear
Discriminate, Quadratic Discriminate, Logistic regression,
SVM (Linear), SVM (Coarse), SVM (Quadratic), SVM
(Cubic), SVM (Fine Gaussian), SVM (Medium Gaussian),
SVM (Coarse Gaussian), KNN Fine (K=1), KNN Medium
(Euclidean)(K=10), KNN Coarse (K =100), KNN Cosine
(K=10), KNN Cubic (K=10), KNN Weighted (K=10),
Ensemble Boosted Tree (ADA Boost), Ensemble Bagged
Tree, Ensemble subspace(Discriminate), Ensemble
Subspace(KNN) and RUS Boost Tree. Once the models are
trained, the new data from the testing dataset are predicted.
Measuring four Evaluation Metrics (EM), namely
sensitivity (sen), specificity (spe) ROC, and precision (Acc),
will evaluate the efficiency of the studied techniques. The
experimental results are mentioned in Table 10. Among
twenty-four machine-learning methods, nine models: SVM
(Linear), SVM (Cubic), SVM (Fine Gaussian), SVM
(Medium Gaussian), SVM (Coarse Gaussian), KNN
Medium (Euclidean)(K=10), KNN Cosine (K=10), KNN
Cubic (K=10), KNN Weighted (K=10) and Ensemble
Bagged Tree achieved the accuracy of 93.2%. Each
classifier's computational time is also calculated to assess
their complexity. Table.2 shows each classifier's processing
time.

KNN Coarse is comparatively small in
computational time, but the practical use satisfies their
sensitivity and specificity. The other remaining models:
Decision Tree, Decision Medium-Tree, Coarse Tree, Linear
Discriminate, Quadratic Discriminate, Ensemble subspace
(Discriminate), and RUS Boost Tree are achieved 90.9%
accuracy. SVM (Coarse), Logistic Regression and
Ensemble Subspace (KNN) are among three techniques that
produce 86.40-79.5 percent precision. We also contrasted
our outcomes achieved with the outcomes acquired in the
literature through associated works. The comparison shows
that the KNN (K=1-100) models in our study are superior
to the previous works by given 100% accuracy. The biggest
advantage of this model is to take shorter time and takes the
value for too far distance such as K=100. Our proposed
system is better for previous work. These models are
improved due to the reason of shorter time period, quickly
provide the results, and take longer values. However, the
researcher is not meet the 100% accuracy for all models but
in 4 dimensional, the KNN give better results as compared
to previous work.

7. Conclusion

The proposed 4d method aims at improving the
sensitivity of segmentation process to parameter of KNN
algorithm techniques and improves efficiency, as well as to
increase the long-distance values performance as compared
to other comparative methods. KNN significantly enhances
the performance of faraway values mainly from two key
factors which is brain cancer and CSF leakage. The first
improvement resides in the fact that in the KNN algorithm
constructs an ensemble of adjacent values with parameters
of neighborhood size (K=1-100). These values ensemble
building, KNN can obtain the low-dimensional with
provide the optimized results. The performance of the
studied methods is to focus the measured four Evaluation
Metrics (EM) namely sensitivity (sen), specificity (spe)
ROC, and accuracy (Acc).The second improvement is that
KNN algorithm provides an efficient weighting for all far
values which makes the projections much less sensitive to
the neighborhood size parameter as compared to previous
work. One of the another focus of this research work are
increase the efficiency of tumor-dependent images and
applies a segmented area to the tumor for the cause of the
CSF leakage. These images mainly represent the size of the
tumor and need to calculate the cancer shell, frequency, and
intensity, the mass of tumor shell) and high accuracy with
the usage of the latest technology of 4d using LFT tools of
the tumor.

The researcher takes the longer values of KNN
(K=1-100) and show their performance for the new
proposed model of 4-dimention. The researcher increases
the accuracy of missing values of KNN algorithm. The
researcher also proposes a 4-Dimensional modulation
method that oversees the light field that can be used for the
light editing field. Depending on the input of the user,
objective evaluation of each ray is evaluated using the KNN
algorithm to maintain the 4D frequency (redundancy) light
fields. These Methods of light fields can be useful for
improving the quality of application editing segmentation
and light field composite pipeline, as they reduce boundary
artefacts.

Therefore, the proposed KNN algorithm method
can be suitable for latest technology of 4d in various tasks,
such as image processing, segmentation process, increase
the sensitivity with region of curve and various deep
learning tasks. In future work we plan to extend ensemble
of improve framework to other current work and techniques.

Reference

[1] Altaf1, Vohra AH, Shams S. Management of cerebrospinal fluid leak
following posterior cranial fossa surgery. Pak J Med Sci. 2016;
32:1439-1443.

[2] Green AL, Arnaud A, Batiller J, Eljamel S, Gauld J, Jones P, et al. A
multicentre, prospective, randomized, controlled study to evaluate



162 IJCSNS International Journal of Computer Science and Network Security, VOL.25 No.12, December 2025

the use of a fibrin sealant as an adjunct to sutured dural repair [e-pub
ahead of print]. Br J Neurosurg. 2014:1-7.

[3] Giovanni S, Della Pepa GM, La Rocca G, Lofrese G, Albanese A,
Maria G, et al. Galeapericraniumdural closure: can we safely avoid
sealants? ClinNeurol Neurosurg. 2014; 123:50-54.

[4] Schievink, W. L, et al. (2016). "A classification system of
spontaneous spinal CSF leaks." Neurology 87(7): 673-679.

[ST Sin AH, Caldito G, Smith D, Rashidi M, Willis B, Nanda A.
Predictive factors for dural tear and cerebrospinal fluid leakage in
patients undergoing lumbar surgery. J Neurosurg Spine 2006; 5:224-
227.

[6] Badarnel, A.A., Nafadat, H. and Alraziqi A.M. 2012. A classifier to
detect tumor disease in brain MRI brain images. ACM international
conference on advances in social networks analysis and mining,
IEEE.

[7] Algfoor et al. (2017). A new weighted pathfinding algorithms to
reduce the search time on grid maps, Expert
Systems and Applications.

[8] Saha BN, Ray N, Greiner R, Murtha A, Zhang H (2012) Quick
detection of brain tumors and edemas: a bounding box method using
symmetry. Computer .Med Imaging Graph 36: 95-107.

[9] Wu W, Chen AY, Zhao L, Corso JJ (2014) Brain tumor detection and
segmentation in a CRF (conditional random fields) framework with
pixel-pairwise affinity and super pixel-level features. Int J Comput
Assist RadiolSurg 9:241-253.

[10] Soobia Saeed, Afnizanfaizal Abdullah, NZ Jhanjhi,” Investigation
of a Brain Cancer with Interfacing of 3-Dimensional Image
Processing", Indian Journal of Science & Technology, 2019.

[11] Su YeonLee , Min Kyung Ju , Hyun Min Jeon, EuiKyong Jeong,
Yigli Lee,1 Cho Hee Kim, HyeGyeong Park, Song Iy Han , and Ho
Sung Kang.(2018).” Regulation of Tumor Progression by
Programmed Necrosis”, Oxidative Medicine and Cellular Longevity
Vol.28, pp.1-19.

[12] Giuseppe Lombardi, A Fable Zustovich, A Patrizia Farina, A
Alessandro Della Puppa, B Renzo Manara, C Diego Cecchin, D
AntonellaBrunello, A Alessandro Cappetta, A VittorinaZagonela ,
(2011). “Neoplastic Meningitis from Solid Tumors: New Diagnostic
and Therapeutic Approaches “,Nuero-Oncology ,Neurosurgey, Italy.

[13] Sajeel Chowdhary, MD, Sherri Damlo, and Marc C. Chamberlain,
MD. (2017). “Cerebrospinal Fluid Dissemination and Neoplastic
Meningitis in Primary Brain Tumors”, journal of mofitt cancer centre,
Vol. 24(1):1-16.

[14] Louis S. Prahl, Maria R. Stanslaski , Pablo Vargas , MatthieuPiel,
and David J. Odde. (2018).” Glioma cell migration in confined
microchannels via a motor-clutch mechanism”, bioRxiv , pp.1-30

[15] Soobia Saeed, Afnizanfaizal Abdullah, NZ Jhanjhi,”
Implementation of Fourier Transformation with Brain Cancer and
CSF Images", Indian Journal of Science & Technology, 2019.

[16] Yatsushiro. (2014) Correlation mapping for visualizing propagation
of pulsatile CSF motion in intracranial space based on magnetic
resonance phase contrast velocity images: Preliminary results,
EMBC 2014

[17] Abdullah. (2012) Cerebrospinal fluid pulsatile segmentation - A
review, BMEICON 2012

[18] Abdullah et al. (2011). An improved local best searching in particle
swarm optimization using differential evolution, HIS 2011

[19] Abdullah. (2013). An Improved Swarm Optimization for Parameter
Estimation and Biological Model Selection, PLOS ONE

[20] AhmetKinaci, Ale Algra, Simon Heuts , Devon O’Donnell, Albert
van der Zwan, Tristan van Doormaal, (2018), “Effectiveness of Dural
Sealants in Prevention of Cerebrospinal Fluid Leakage After
Craniotomy: A Systematic Review” ,World Neurosurg. ,
vol.118:368-376.

[21] Norman R. Saunders, Katarzyna M. Dziegielewska, Kjeld Mellgard ,
and Mark D. Habgood,(2018), *“ Physiology and molecular biology
of barrier mechanisms in the fetal and neonatal brain”, The Journal
of Physiology, pp 5723-5756

[22] Sivan Gelb a, Ariel D. Stock b, Shira Anzi a , Chaim Putterman b,
Ayal Ben-Zvi, (2018), “Mechanisms of neuropsychiatric lupus: The

relative roles of the bloodcerebrospinal fluid barrier versus blood-
brain barrier”, Journal of Autoimmunity, Science Direct , USA, pp.1-
11.

[23] Shawn Kant , Edward G. Stopa , Conrad E. Johanson , Andrew Baird
and Gerald D. Silverberg, (2018), “Choroid plexus genes for CSF
production and brain homeostasis are altered in Alzheimer’s disease”,
Fluids and Barriers of the CNS,vol.15(34):1-10.

[24] Wen-xuan Jiana,b , Zhao Zhangb , Shi-feng Chub , Ye Pengb , Nai-
hong Chen, (2018), “Potential roles of brain barrier dysfunctions in
the early stage of Alzheimer’s disease”, Brain Research Bulletin,
vol.142, pp.360-367

[25] van der Kleij LA, de Bresser J, Hendrikse J, Siero JCW, Petersen
ET, De Vis JB (2018) Fast CSF MRI for brain segmentation; Cross-
validation by comparison with 3D T-based brain segmentation
methods. PLoS ONE 13(4): e0196119.

[26] Muhammad Naeem Tahir, May 2018, “Classification and
characterization brain tumor MRI by using gray’ ssegmentation and
DNN, Tampereen ammattikorkeakoulu ,Tampere University of
Applied Sciences, Pp.46.

[27] Pandian, A. A., &amp; Balasubramanian, R. (2015). Performance
Analysis of Texture Image Retrieval for Curvelet, Contourlet
Transform and Local Ternary Pattern Using MRI Brain Tumor Image.
International Journal in Foundations of Computer Science &amp;
Technology, 5(6), 33-46.

[28] Das, S., Siddiqui, N. N., Kriti, N., &amp; Tamang, S. P. (2017).
Detection and area calculation of brain tumour from MRI images
using MATLAB. International Journal, 4(1).

[29] Gamage P.T., - September 2017, “Identification of Brain Tumor
using Image Processing Techniques”, University of Moratuwa, pp.

[30] Anjali Gupta and Gunjan Pahuja, 2017, “Hybrid clustering and
Boundary Value Refinement for Tumor Segmentation using Brain
MRI”, IOP Conf. Ser.: Mater. Sci. Eng.225012187

[31] Van der Kleij LA, de Bresser J, Hendrikse J, Siero JCW, Petersen
ET, De Vis JB (2018) Fast CSF MRI for brain segmentation; Cross
validation by comparison with 3D T-based brain segmentation
methods. PLoS ONE 13(4): e0196119.

[32] Heinen R, Bouvy WH, Mendrik AM, Viergever MA, Biessels GJ,
de Bresser J. Robustness of Automated Methods for Brain Volume
Measurements across Different MRI Field Strengths. PloS one. 2016;
11(10):¢0165719. Epub 2016/11/01.

[33] Mendrik AM, Vincken KL, Kuijf HJ, Breeuwer M, Bouvy WH, de
Bresser J, et al. MRBrainS Challenge: Online Evaluation Framework
for Brain Image Segmentation in 3T MRI Scans. Comput Intell
Neurosci. 2015; 2015:813696. Epub 2016/01/14.

[34] Malone IB, Leung KK, Clegg S, Barnes J, Whitwell JL, Ashburner
J, et al. Accurate automatic estimation of total intracranial volume: a
nuisance variable with less nuisance. Neuroimage. 2015; 104:366+72.
Pub 2014/09/27.

[35] Sargolzaei S, Sargolzaei A, Cabrerizo M, Chen G, Goryawala M,
Pinzon-Ardila A, et al. Estimating Intracranial Volume in Brain
Research: An Evaluation of Methods. Neuroinformatics. 2015;
13(4):42.

[36] Soobia Saeed, Afnizanfaizal Abdullah, NZ Jhanjhi The combination
of missing values of Fourier and delayed K neighbor, missing values
for brain cancer and CSF, Plose One, 2019.

[37] R.Lavanyadevi, M.Machakowsalya, J.Nivethitha, A.Niranjil Kumar.
(2017). Brain Tumor Classification and Segmentation in MRI Images
using PNN. IEEE, InternationalConference on Electrical,
Instrumentation and Communication Engineering (ICEICE2017).
Karur, India.pp.1-6.

[38] Soobia Saeed,” Estimation of Brain Tumor Using Latest
Technology of Mobile Phone", Journal of Information &
Communication Technology (JICT), vol.9 (1) pp.32-09, April 2015.

[39] V. Anitha, S. Murugavalli.(2015). Brain tumour classification using
two-tier classifier with adaptive segmentation technique.IET
Computer Vision.vol.10 (1):9 - 17.

[40] Khalid Usman, Kashif Rajpoot.(2017). Brain tumor classification
from multi-modality MRI using wavelets and machine learning.
Pattern Anal Applic. Vol. (20):871-881.



IJCSNS International Journal of Computer Science and Network Security, VOL.25 No.12, December 2025 163

[41] Chi-Hoon Lee, Mark Schmidt, Albert Murtha , Aalo Bistritz , J"oerg
Sander , and Russell Greiner.(2017).Segmenting Brain Tumors with
Conditional Random Fields and Support Vector Machines.pp.1-10.

[42] Gustavo C. Oliveira, Renato Varoto and Alberto Cliquet Jr. (2018).
Brain Tumor Segmentation in Magnetic Resonance Images using
Genetic Algorithm Clustering and AdaBoost Classifier. In
Proceedings of the 11th International Joint Conference on
Biomedical Engineering Systems and Technologies (BIOSTEC 2018)
- Volume 2: BIOIMAGING, pages 77-82.

[43] Soobia Saeed, Afnizanfaizal Abdullah, NZ Jhanjhi,” Analysis of the
Lung Cancer patient’s for Data Mining Tool", Indian Journal of
Science & Technology, 2019.

[44] N. Varuna Shree, T. N. R. Kumar. (2018).Identification and
classification of brain tumor MRI images with feature extraction
using DWT and probabilistic neural network. Brain
Informatics.pp.1-8.

[45] Jia Liu, Fang Chen, Changcun Pan, Mingyu Zhu, Xinran Zhang,
Liwei Zhang, and Hongen Lia0.(2018). A Cascaded Deep
Convolutional Neural Networfor Joint Segmentation and Genotype
Prediction of Brainstem Gliomas. IEEE Transactions on Biomedical
Engineering, Vol. 65(9):1943-1952.

[46] Hassan Khotanlou, Olivier Colliot, Jamal Atif, Isabelle Bloch.
(2016).3D brain tumor segmentation in MRI using fuzzy
classification, symmetry analysis and spatially constrained
deformable models. Fuzzy Sets and Systems.pp.1-25.

[47] Fan Lianga,b,c , Pengjiang Qiand , Kuan-Hao Sua,b , Atallah
Baydoune,f,g , Asha Leissera,b,h , Steven Van Hedenta,b,i , Jung-
Wen Kuoa,b , Kaifa Zhaod , Parag Parikhj , Yonggang Luj , Bryan J.
Traughberb.k,| , Raymond F. Muzic Jra. (2018). Abdominal, multi-
organ, auto-contouring method for online adaptive magnetic
resonance guided radiotherapy: An intelligent, multi-level fusion
approach. Artificial Intelligence In Medicine vol.(90 ): 34-41.

[48] Animesh Hazara, Ankit Dey, Sujit Kumar Gupta, M.D. Abid Ansari.
(2017). International Conference on Energy Communication, data
analysis and soft computing. 1-5.

[49] Hajime Mihara , Takuya Funatomi, Kenichiro Tanaka, Hiroyuki
Kubo.(2018).4D Light Field Segmentation with Spatial and Angular
Consistencies. MEXT, Japan. Pp.1-8.

[50] Hajime Mihara , Takuya Funatomi, Kenichiro Tanaka, Hiroyuki
Kubo.(2016).4D Light Field Segmentation with Spatial and Angular
Consistencies. MEXT, Japan. Pp.1-8.

[51] Muneer Ahmed, Noor Zaman, Muhammad Amin.
(2017). “An Experimental Research in Health Informatics for
enhancing ovarian cancer identification in ovarian imaging Analysis
using Fuzzy Histogram Equalization”, Journal of Medical Imaging
and Health Informatics, Vol.7, 2017.

[52] Noor Zaman, Mudasir Ilyas, Muneer Ahmed, Fazdil Muhammad
Azweem Abdullah
(2017).“An Experimental Research in Health Informatics for
Designing an Enhanced intelligent cloud- based collaborative Multi-
Madal framework for medical imaging Diagnostics, Journal of
Medical Imaging and Health Informatics, Vol7 (6), pp.1358-1364.

[53] Noor Zaman and Muneer Ahmed. (2017). “Towards the evaluation
of Authentication protocols for Mobile command and control unit in
Health care”, Journal of Medical Imaging and Health Informatics,
vol.7 (3), pp.7379-742.

Bibliography
Soobia Saeed is working as an
Assistant  Professor, Head of
publication Department, and

Coordinator of Seminars and Training
at Institute of Business &
Technology-IBT, Karachi, Pakistan.
Currently, she is a Ph.D. Scholar in

: " L software engineering, from
University Teknologi Malaysia-UTM, Malaysia She did
MS in Software Engineering from Institute of Business &
Technology- IBT, Karachi, Pakistan, and Masters in
Computer Science from Institute of Business &
Technology-IBT, Karachi, Pakistan and Bachelors in
Mathematical Science from Federal Urdu University of Art,
Science & Technology (FUUAST), and Karachi, Pakistan.
She is a farmer research Analytic from University
Teknologi Malaysia and supervises ICT & R and D funded
Final Year Project (FYP).

Afnizanfaizal Abdullah is a senior
lecturer at the School of Computing,
with a PhD. in Computer Science,
specializing in artificial intelligence
techniques for analyzing biological
data. My research interests are in
the designing of machine learning
algorithms for healthcare applications in the cloud
environments. In 2015, T have co-founded Synthetic
Biology Research Group to drive innovation in research and
development of healthcare, biotechnology, and
environment areas through computing and engineering. I
am also active in engaging with industrial partners and
professional communities to contribute the knowledge and
skills for the public.

Noor Zaman received the Ph.D.
degree in IT from UTP, Malaysia.
He has great international exposure
in academia, research,
administration, and  academic
quality accreditation. He was with
ILMA University, King Faisal
University (KFU) for a decade, and
currently with Taylor’s University, Malaysia. He has 19
years of teaching & administrative experience. He has an
intensive background of academic quality accreditation in
higher education besides scientific research activities, he
had worked a decade for academic accreditation, and earned
ABET accreditation twice for three programs at CCSIT,
King Faisal University, Saudi Arabia. He also worked for
National Commission for Academic Accreditation and
Assessment (NCAAA), Education Evaluation Commission
Higher Education Sector (EECHES) formerly NCAAA



164 IJCSNS International Journal of Computer Science and Network Security, VOL.25 No.12, December 2025

Saudi Arabia, for institutional level accreditation. He also
worked for National Computing Education Accreditation
Council (NCEACQ).

Dr. Noor Zaman has awarded as top reviewer 1% globally
by WoS/ISI (Publons) recently for the year 2019. He has
edited/authored more than 11 research books with
international reputed publishers, earned several research
grants, and a great number of indexed research articles on
his credit. He has supervised several postgraduate students
including master’s and Ph.D. Dr. Jhanjhi is an Associate
Editor of IEEE ACCESS, Keynote speaker for several IEEE
international conferences globally, External
examiner/evaluator for Ph.D. and masters for several
universities, Guest editor of several reputed journals,
member of the editorial board of several research journals,
and active TPC member of reputed conferences around the
globe.

Muneer Ahmad received his Ph.D. in
Computer Science from  Universiti
Teknologi PETRONAS, Malaysia in 2014.
His areas of interest include Big Data
N Analysis, Machine Learning,
Z Bioinformatics, Digital Signal Processing,
and Medical IoT. He has 16 years of
teaching, research, and administrative experience
internationally. Besides academics and research, he also
significantly contributed to academic quality accreditation
in higher education institutions. Dr. Muneer Ahmad has
authored several research papers in refereed journals,
conferences, and books. He successfully completed
numerous funded research projects.




