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Abstract
The majority of malignant brain tumours are gliomas, which are a form of CNS tumour. Gliomas
are classified into four classes by the WHO depending on their aggressiveness. Low-grade
gliomas (LGGs) are grade I-II gliomas, whereas high-grade gliomas (HGGs) are grade III-IV
gliomas (HGGs). Before preceding tumor progression, proper categorization of HGGs and LGGs is
critical for therapy selection. The foundation for glioma detection is MRI. However, owing to
human interaction, examining MRI consume more time and it has more blunders. The paper
proposes the segmentation based Gliomas analysis from nervous system using U-Net++ with
VGG-19 Net CNN architecture. Here by segmenting the tumor by neural network based
technique, the HGGs will be detected at the earliest. On the basis of pathology-proven 104
patients diagnosed with glioma, we trained and evaluated the models (fifty LGGs, fifty
four HGGs). We examined the models using mean values of ninety eight percent accuracy,
ninety six percent precision, 89.8 percent recall, and 86.2 percent F1- score. As per the findings
of the experiments, our custom-designed U-Net++ VGG-19 Net_ CNN model performed as well
as or better than the past models. The findings suggest that the proposed custom model is
effective and reliable in categorisinggliomas into LGG and HGG.
Keywords Gliomas, CNS, LGGs, HGGs, U-Net++_VGG-19 Net_ CNN.
DOINumber:10.14704/nq.2022.20.8.NQ22268
INTRODUCTION
Tumor cells are formed by the rapid growth
of neural cells and cells in adjacent areas.
Glioma and Glioblastoma are two types of
aberrant tumour areas that may be
characterised based on the position and
physical aspects of the tumour areas of the
cerebral cortex [1]. Glioma brain cancers

NeuroQuantology2022;20(8):2459-2471
develop where the brain and spinal cord
intersect. Glial cells are the cells that make
up this junction, and tumour cells influence
them. Due to the damage to tissues in these
areas, cells in the brain in this area are
classed as either benign or malignant [2].
Between the ages of eight and twelve
months, the damaged cells transform into
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tumour cells. The individual with a
Gliomabrain tumour has a three-year
survival rate. The two most common causes
of Glioma brain tumours are inherited
abnormalities and tuberous sclerosis.
Glioma is a source of acute brain tumour
that causes individuals to die suddenly [3].
It also falls under the Grade I group, which
means it grows and quickly spread.
Glioblastoma is a kind of secondary brain
tumour that does not always result in
death. This sort of tumour is classified as
Grade II because it forms and spreads less
than Grade I. Glioma tumours can be
classified into the following groups:
[1] Astrocytomas
[2] Oligodendrogliomas
[3] Ependymomas [4]
The risk of human existence can be avoided
if Glioma is detected earlier. As a result, it is
necessary to diagnose Glioma cancers at an
earlier stage. In patients with Glioma
tumours, a craniotomy procedure (opening
of the human head skull) is currently done,
and the tumour areas are surgically
removed. If the tumour portions are
entirely eliminated, the patient's life
expectancy may be extended. To
thoroughly discover the tumour locations,
this necessitates the use of professional
doctors. Only suitable brain image scanning
techniques, like CT or MRI can do this. In
the case that a brain tumour is discovered,
the MRI imaging method is chosen to scan
the whole parts of the brain. Appropriate
radiographic identification could thus drive
neurological selection while reducing
invasive treatments that aren't always
necessary, resulting in improved clinical
satisfaction, patient care, and expense. The
use of probability - based techniques to
educate a computer method to create
forecasts is known as machine learning, a
type of AI is able to be a clinically useful
instrument for diagnostics, therapy
optimisation, and interpretation. The use of
machine learning in evaluation of Mri
images to accurately detect GBM and

PCNSL is of special relevance here.
According to a past studies comparing the
effectiveness of ML algorithms to that of
medical experts in the field of
neurosurgery, Techniques outperformed
physicians quite often in terms of
effectiveness, zone is located underneath
the receivers operating curve (AUC), as well
as other measurements like specificity and
sensitivity. Scientists estimated that pattern
recognition in radiological imaging and
diagnostics will be the first use of machine
learning in medical practice[5]. As a result,
we set out to undertake a comprehensive
assessment of the science and an
examination of machine learning in the
creation of classifications able of
categorising GBM MRI images that use the
suggested U-net++ image techniques with
VGG-19 Net CNN architecture.
The paper is structured as follows: A
literature analysis of machine learning
techniques to glioma detection is presented
in Section 2. The methods and technologies
we utilised to construct the U-net++
accordance to the guidelines using the VGG19 Net CNN model are described in Section
3. The experimental findings of the models
are shown in Section 4. Section 5 concludes
with a summary of the findings and a
discussion of the findings.
RELATED WORKS:
This section lists a few notable impact in
brain tumours detecting and categorization.
[6] suggested a survey of brain tumour
segmentation strategies. Target level, zone,
Markov random fields, fuzzy C Means, and
geometrical deformation models are all
examples of segmentation approaches. This
model does an excellent job segmenting
data, however it has a poor reliability. In [7],
ensemble classification is utilized to a
system in detecting tumours. Bagging,
decision trees, and random forests are
among of the classifiers utilized to
categorise
tumour
generating
and
equipping class label to forecast target. To
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separate tumour locations from flare
photos, [8] presented a fuzzy c- means
features
extracted.
The
wavelet
characteristics of the following image were
extracted using a discrete wavelet
transform. Finally, DNN is built to categorise
the tumour with a high degree of precision.
These strategies KNN and sequential
minimum
optimization
classification
systems, DNN algorithm has a 90% accuracy
rate in detection, although it is complicated
and performs poorly. DNN categorization
and validation method for detecting brain
tumours have recently been presented [9].
In the realm of deep learning approaches,
significant progress has been achieved.
Pixel classification is among the most used
Deep Learning algorithms for multimodality
attributes, using guided, quasi, and
uncontrolled voxels. The majority of
uncontrolled algorithms rely on grouping
principles to validate pixel categorization
similarities. MRF is a type of semisupervised approach that might help to
solve the prior model's overlapping
problem. This approach takes awhile to
process and has a high degree of difficulty
[10].
In [11], the work proposes combining two
separate techniques for segmenting the
tumour region. Fully linked unsupervised
fields and networked CNN are two
examples of such algorithms. Preprocessing, segmentation, and postprocessing have all been used in the
automatic tumour segmentation process.
Images are preprocessed by removing the
normalisation during preprocessing. FCNN
and CRF were utilised, separate tumour
area during segmentation. Improve the
efficiency output after categorization. Postprocessing outcome is divided into five
categories: edoema, enhancing core, nonenhancing core, necrosis, and healthy
tissues, approach is mostly utilised for
tumour segmentation, although it takes a
long time to compute. In [12], a multimodal
brain tumour segmentation strategy was

given as a way to address the limitations of
existing segmentation methods. The
purpose of the new segmentation algorithm
is to improve computational speed and
efficiency over prior methods. These
algorithms are difficult to use when it
comes to separating tumour locations. The
author of [13] used the Adaboost machine
learning technique on magnetic resonance
imaging to predict brain tumours. Preprocessing, feature
extraction, and
classification were all part of this strategy.
The median filter is utilized to transform
RGB to gray-scale photographs and to
reduce noisy data. GLCM is utilised as a
learning feature after segmentation. The
GLCM algorithm yielded 22 different
characteristics. In the last step, AdaBoost is
an adaptive boosting approach that has an
accuracy of 89 percent and can predict
whether a tumour is noncancerous, has
poor reliability and makes incorrect
statements.
Adaptive
histogram
equalisation is employed to increase picture
contrast, technique is utilized to segregate
tumour areas, according to [14]. The Gabor
filter is used to retrieve the characteristics
of divided pictures after segmentation.
Eventually, the KNN classification method
was employed to determine the normal and
pathological brain regions. This approach
has a high level of complexity and a poor
reliability. In success of DL networks, image
vision systems may be divided into two
categories: (1) classical techniques such as
textons, SIFT, SURF, as well as LBP and
ML combinations, and (2) DL techniques
[15]. CAD and regularised NMF frameworks
with computation techniques such as kmeans grouping are used in traditional
procedures [16]. PCA and SVM are also
used to detect cerebrum tumours [17].
Hand-tuning the highlight relating to mind
tumours is required in this computation,
which is a demanding and time-consuming
task. Deep learning systems, particularly
convolutional neural networks, can be used
to overcome the dismal hand-created
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highlight
era.
Deep
learning-based
processes are promising candidates for
Visual division, according to [18], with CNN
being specifically tailored for image pattern
classification.
MRI is an important diagnostic imaging tool
that is used to detect abnormal changes in
organs and tissues early. It is also a noninvasive imaging tool. Medical picture
segment is a stressful and difficult process
due to the intrinsic nature of the images.
Due to overlapped intensities distribution of
normal tissue, tumour, and surrounding
edoema, several approaches available in
the literature have only had limited
effectiveness. Furthermore, because the
prevalence of cancer documented is rising
dramatically every year, diagnosis requires

a great amount of accessing data and hence
a considerable storage capacity.
SYSTEM MODEL:
The brain MRI scans utilized here is 'Kaggle,'
for Glioma diagnosis. Many researchers
have utilised the image Sequences in this
database in their brain tumour detection
study since they are in the no-copyright
category. The resolution of the brain
pictures in this collection is 256*256 pixels
in width and height. Two radiologists
independently verify all of these brain
scans. In this research, machine learning
algorithms are used to propose Glioma
brain tumour detection and segmentation
methods. The U-Net++ VGG-19 Net_ CNN is
used to segment the data. Fig., 1 depicts
the suggested architecture.

2462

Fig.,-1 Proposed U-Net++_VGG-19 Net_ CNN Architecture
Proposed U-Net++_VGG-19 Net_ CNN:
U-Net++ based segmentation:
The U-Net++, mentioned in Fig., 2, employs
operator of deconvolution rather than the
operator of up-sampling within the
decoding pathway and administers zero
paddings to maintain the output image
resolution similar to that of the input
images. Hence, the border region’s
cropping operator is not needed by the

network. In the encoding pathway, each
block possesses two convolutional layers
having a stride of 1, 3x3 filter, and Rectified
Linear Unit (ReLU) actuation that enhances
the quantity of characteristic maps from 1
till 1024. To down-sample, max-pooling
having stride of 2x2 is employed towards
the edge of each block excluding the final
one. Hence, the feature maps’ size reduces
from 240×240 to 15×15. Each block in the
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decoding pathway commences with a
deconvolutional layer of similar size filter
within the decoding pathway and 2x2 stride
that dualizes the feature maps’ size at twoway directions but reduces the feature map
no.,s by two. Hence, the feature maps’ size
enhances from 15×15 to 240×240. In each
sampling block, the feature maps are

reduced in half by the two convolutional
layers post catenating the deconvolutional
characteristic maps and the maps of
characteristic out of the encoding path. This
suggested network is later joined to the
batch normalization layer succeeding every
convolutional layer for standardization
reasons.

Fig.,-2 The U-Net++ architecture
CONTRACTING PATH: Every technique
includes 2 convolution layers, with the
number of stations ranging from one to
sixty-four as the density of the image is
raised during the convolution process. The
max pooling procedure, which decreases
the image size by half, is depicted by the
red arrow heading down (size is reducted
from 572 * 572  568 * 568 is because of
concerns, however padding= "same"
utilized in this implementation). Procedure
is repeated three times more until it
reaches the bottommost bridge; two
convolutional layers are formed, but no
maximum pooling is used. The picture is
currently scaled to 28 × 28 x 1024 pixels.
EXPANSIVE PATH Inside the enlarged route,
the picture was scaled to its true size.
Transcriptions convolutional is a process for
upsampling images to increase their size.
Before
performing
a
convolutional
procedure, it just pads the real image, has

been expanded 28 * 28 * 1024  56 * 56 *
512 after transpose iteration. This picture is
combined with the matching image from
the training part, resulting in a 56 x 56 x
1024 image. The goal of this phase is to
combine the data from previous layers . in
addition to provide a more precise forecast,
and it also includes two additional
activations. As before, this process is
repeated three times more. The last stage is
to make changes to the image to fulfil our
prediction criteria. Convolutional layer with
one 1x1 filter is the last layer. The denser ,
that is especially common in CNNs for
document classification, isn't prevalent over
the whole system. The rest of the neural
network training is identical.
Net VGG-19 Each of CNN's 6 basic
structures is mostly made up of many linked
convolution layer. Fig.,:- 3 shows
construction of the VGG-19 Net CNN model.
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Fig.,-3 VGG-19 Net CNN model
VGG-19 CNN is used as a segmentation
technique. In comparison to normal CNN,
the system level has been increased.
Because it switches between numerous
convolutional layers with quasi activating
layers, it has a good organization than an
one convolutional layer. The layer structure
leads to enhanced extracting features,
down sampling which picks the largest
value in the picture region as the area's
pooled value. The down sampling layer is
largely used to improve the picture's antidistortion capabilities while maintaining the
sample's key minimising no., features. The
down-sampling layer's expression is eq (1).
(𝑛−1)
) denote highest sampling
Down(𝜒𝑗
function,𝜏𝑗𝑛 𝑖 is j-th feature map of n-th
(𝑛−1)

layer, and𝑓 (𝜏𝑗𝑛 down (𝜒𝑗

(𝑛)

) + 𝑏𝑗 ) is

the ReLU activation function.
(𝑛)
(𝑛−1)
(𝑛)
) + 𝑏𝑗 ) (1)
𝜒𝑝𝑗 = 𝑓 (𝜏𝑗𝑛 down (𝜒𝑗

Past model of this model is the trained
VGG-19 system. The characteristics
optimises model parameters of the
convolution layer. In VGG-19, the
characteristics are focused in three FC
layers. As a result, the three completely
linked layers of VGG-19 are suggested to be
replaced including 1 Flat level and
2 convolution levels. Because the cnn
model cannot be directly coupled to the
Densely layers, a Flatten layer is provided.
To transmit the VGG-19 classifier model
parameters to the mask wearing
identification
model's
convolution
operation, average pooling, and dense
layer, the upgraded method training
structure employs different fine-tuning
transfer learning techniques, as well as
substituting the classic with two abel
Softmax classification layer, sparsity
characteristics through Dropout, Max
pooling, and match a recognition model
with high reliability, as seen in Fig. 4,

Fig.,- 4 Training frame of VGG-19 Net CNN model
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[1] Convolutional Layer – To create an
extracted features for the next layer, a
kernels matrices is looped across the
input matrix in the convolutional layer.
We execute an arithmetic operations
called as convolution by sliding the
Kernels matrices over the input
matrix. So each position multiplies the
elements of the matrix one by one and
collects the outcomes on to feature
map. Convolution is a form of linear
operation used in a variety of domains
including photo editing, analytics, and
science. Convolutions is a method that
can be applied to several axes.
Equation (2) is used to produce the
complicated image: The convoluted
picture is generated as in eq. (2), given
a 2D input, I, and a 2D kernel filter, K.
[2] 𝑆(𝑖, 𝑗 ) = ∑𝑚 ∑𝑛 𝐼 (𝑚, 𝑛)𝑘(𝑖 − 𝑚, 𝑗 −
𝑛)
(2)
[3] Non-linear
functions
(ReLU)
:Perceptron is modification that we
perform over the original signals, and it
is an unit that appears just after
convolutional
layer.
The
corrected linear
units
activation
function (ReLU) is a piece - wise linear
function that outputs the input when it
is positive and zero otherwise.
[4] Pooled Layer – The downside of
a layer's
convolutional
feature
outcome is that it records the exact
position of attributes in the intake. This
means that just little changes to the
source images, like resizing or rotating,
produce a completely different feature
map. We employ convolutional layer
dimension reduction to solve this
problem. A pooling layer can be
employed just after non - linear layer
to achieve down sampling. Pooling
helps
to
make
an
estimate
representations
consistent
to
tiny income transformations.
Translations variability means that
when we change the input by a little

amount, the amount of much of the
pooling outcomes stays the same.
[5] Fully Connected Layer - Outcome of
final Pooled Layers are utilized as
inputs to Fully - Connected layers at
the conclusion CNN. Several of these
levels may exist. Each 1st tier is
connected to 2nd tier.
PERFORMANCE ANALYSIS:
Dataset Description:
The Glioma database is a large collection of
Kaggle data that includes practically all of
the PLCO trial data for glioma incidence
rates and death analysis. Glioma is
characterized as tumor of the brain,
nervous system, or other nerves in this
dataset. Any one of the roughly 155,000
volunteers in the PLCO experiment has a
profile in the database. Medical MRI data
from 104 individuals were prospectively
collected for this investigation, which
includes fifty instances, T1W, T2W, FLAIR,
and DWI sequences captured in coronal,
axis dimensions of head were the most
used MRI protocols.
Experimental setup
Entire implementation of the proposed
VGG-19 Net CNN model is carried out in
Python and PC with 4GB RAM, Ubuntu and
Intel i3 processor.
Performance Metrics
The examination of the confusion matrices
is dependent on additional metrics such as
reliability, specificity, recalls, and F1 Scores. The estimated True Positive (TP),
False Negative (FN), True Negative (TN), and
False Positive (FP) values utilized to assess
the provided parameters.
Accuracy:
Proportion
of
accurately
estimated parameters divided by the total
no., of forecasts is called accuracy. In eq.,
(3), it's given as

Accuracy 

TP  TN
TP  TN  FP  FN

(3)
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Recall or Sensitivity: Recall, also known as
sensitivity, is the proportion of accurately
estimated parameters to total estimated
values. It's written as an eq., (4)

Re call 

TP
TP  FN

(4)

Precision: The proportion of genuine
positive attributes to total anticipated
readings is provided. It's written as an eq.,
(5)

Pr ecision 

F1 - Score: This value shows the proportion
of mean average accuracy to recall. The F1score is expressed as an eq., (6)

F1  Score  2 *

Pr ecision * Re call
Pr ecision  Re call

(6)
Confusion matrix utilizing proposed
technique is given by Fig.,-5. Here the actual
class and predicted class have been
calculated with the confusion matrix based
on normalization.

TP
TP  FP (5)

2466

Fig.,-5 Confusion matrix

Parameters

KNN [8]

Table 1
DNN [9]

Accuracy (%)
Precision(%)
Recall(%)
F1-Score(%)

90
86
83.4
78.3

93.8
91
85.1
79.9

FCNN [11]
97
94
87.5
80.9

U-Net++_VGG-19
Net_ CNN
98
96
89.8
86.2

www.neuroquantology.com
eISSN1303-5150

NeuroQuantology|July 2022|Volume20|Issue8| Page2459 -2471|doi:10.14704/nq.2022.20.8.NQ22268
Para Rajesh et al / GLIOMAS ANALYSIS FROM NERVOUS SYSTEM USING U-NET++ SEGMENTATION WITH VGG-19 NET CNN ARCHITECTURE

The graphs for above comparison table is
shown below, where all the parameters
analysed. By this analysis it’s evident,

proposed technique shows enhanced
output in detecting the Gliomas.

Fig.,-6 Analysis of Accuracy
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Fig.,-7 Analysis of Precision
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Fig.,-8 Analysis of recall

Fig.,-9 Analysis of F-1 Score
The accuracy, precision, recall, and F-1
score derived for the complete input
picture are shown in Fig. 6-9, and the
suggested approach is compared to current

neural networks. The X-axis shows the
number of epochs counted, while the Y-axis
shows the accuracy, precision, recall, and F1 score percents. It indicates that the
www.neuroquantology.com
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suggested technique's accuracy for input
pictures is more than 90%. This is the level
of precision that our suggested approach
achieves. By this analysis it is evident that
the proposed technique shows enhanced
output in detecting the tumor. The UNet++_VGG-19 Net_ CNN obtained
accuracy of 98 %, precision of 96%, recall of
89.8% and F1- score of 86.2%. Plot for
accuracy, precision, recall and F-1 score has
been taken with each parameter versus
epochs. Segmentation of datasets has been
achieved by these parameters after 294
iterations using the proposed model for
tumor detection. These results show the
ability of the proposed model for Gliomas
segmentation.
CONCLUSION:
This research proposes a machine learning
categorization methodology based on
Gliomas identification and segmentation.
The dataset consisted of 104 pathologyproven clinical cases of glioblastoma. The
results revealed that even with a limited
dataset, robust CNN model is constructed,
educated on a medical MRI dataset,
suggested deep CNN model outperformed
current models by 98 percent, 96 percent,
and 86.2 percent, respectively. When
compared
to
the
other
current
methodologies utilised in the study, the
suggested model's training was 6 times
quicker for the trained model in the
shortest time. The testing findings
demonstrated that the suggested model
was both accurate and computationally
complicated while being lightweight. When
compared to existing traditional Glioma
brain tumour identification techniques, it is
obvious that the suggested machine
learning-based Glioma brain tumour
identification and separation method gives
superior results. This research may be
furthered by running the method on other
datasets. Future research might utilise a
variety
of
MRI
protocols
with
heterogeneous design to investigate

protocol-specific aspects that influence
categorization. New techniques may be
created to take approaches can be tested
further on publically available datasets. The
data can be utilised to help build solutions
in medical decisions.
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