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ABSTRACT

Background: The collection of anomalous cells within or around the brain is stated as a brain tumour. Automatic brain tumour
segmentation is considered a challenging task due to complexity and gradient diffusion. To improve the segmentation of 3D brain
MRI images Deep Neural Network (DNN) is evolved. However, it is subjected to the drawback of training computational power
and complexity.
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Objective: In this paper, proposed a 3D Dense AlexNet model with backpropagation for segmentation of tumour in brain MRl im-
ages. The developed architecture consists of Neural Network for processing input 3D images. This paper focused on improving
the overall segmentation process with the Alexnet model for 3D brain images for performance improvement.

Method: Based on the training and validation test self-constrained 3D Dense ALexNet model is developed. Within the 3D Dense
AlexNet backpropagation is adopted for removing complexity in the testing process and accuracy improvement. Based on the
training and testing process 3D MRI image sequences are trained and processed for segmentation on the tumour.

Result: The analysis of results expressed that the proposed 3D Dense AlexNet exhibits improved segmentation performance.
Based on the proposed 3D AlexNet architecture MRI images are segmented with minimal time. The performance of the pro-
posed 3D Dense AlexNet model exhibited the improved accuracy of tumour detection with reduced computational complexity.
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INTRODUCTION is utilized for the detection of modality to assess tumours in
the brain. MRI assists the physician in the investigation of
soft tissues in the human brain. MRI offers soft tissues with
in various parts of the body. A tumour can result in cancer,  four different types such as T1-weighted (T1w), T1-weight-
which is the main reason for death and accounts for around o4 with contrast enhancement (T1wc), T2-weighted (T2w),

13% of every death worldwide. The cancer occurrence rate 444 Fluid Attenuated Inversion Recovery (FLAIR).? In this,
is rising at an alarming rate in the world. Therefore, tumour healthy tissue is stated as T1-weighted (T1w).

detection is significant in previous stages.! The mast of ab-

normal cells that grow in or around the brain is called a brain ~ BOth T2w and Tlw are used for the detection of tumours
T—— which provides a bright tumour border. The FLAIR is in-

) ) ) . volved in the isolation of the oedema region in the brain
It poses a risk to the healthy brain by either destroying or  fom CSF (cerebrospinal fluid). However, the identification

invading normal brain tissue. The tumour in the brain is o poundaries of the tumour is difficult due to homogeneity
emerged due to the existence of a glial cell known as GLIO-  ith different sequence intensities.*

MAS. Those cells are classified and graded from values 1 to
4. In this assigned grade, tumour belongs to grades 3 and 4 are Identification of brain tumour from MRI consist of different

stated as malignant or cancerous cell. The tumour belongs to ~ Stages. Segmenta.tion i's termed to be a sigt}iﬁcant I?Ut tough
grade 1 and 2 is stated as benign or non-cancerous cells.> To ~ SteP for the classification of medical imaging and its analy-
identify brain tumour Magnetic Resonance Imaging (MRI) sis.’ To segment MRI segmentation Convolutional Neural

A tumour is a collection or mass of abnormal cells that occur
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Networks (CNNs) are utilized with multi-modal factors. The
CNN model consists of several functions such as extraction
and classification of feature with a single model. However,
existing CNN is subjected to complexity issues and limited
accuracy.® In recent years, Deep Convolutional Neural Net-
work (DCNN) strategy is adopted for the extraction and clas-
sification of features. In, proposed a DCNN model was inte-
grated with convolutional kernels for tumour segmentation
in MRI images. In DCNN, a small kernel filter is adopted
for cascade connection of convolutional layers with small
kernel filters. 7 In developed an architecture with a parallel
cascade connection of CNN. The cascaded network incor-
porates training with balanced classes and the second stage
involved in the refinement of the last layer with several sam-
ples at each class.®

In developed an algorithm based on utilization of fuzzy c-
means clustering through the utilization of membership
function.’ Based on estimated membership function centres
are clustered and simultaneously generated. Recently, in '°
presented a modified FCM algorithm for segmentation of
MRI image. We developed a fuzzy segmentation for MRI
images. The MRI image segmentation is based on the es-
timation of IIH with the characterization of Gaussian func-
tion. ° A research conducted developed a multi-objective
framework for 3D MRI image segmentation. The proposed
approach incorporates a two-stage fuzzy multi-objective
framework (2sFMoF). Also, in * constructed an FCM algo-
rithm spatial information algorithm for segmentation noisy
MRI images. Also, it contains local membership as an objec-
tive function for MRI image segmentation. '*! In developed
a conditional spatial FCM(csFCM) for segmentation of MRI
brain image. Similarly, in'® constructed a deep convolutional
neural network for MRI image segmentation with the exploi-
tation of convolutional kernels. However, this technique fails
to provides an accurate classification of brain tumours. To
overcome those limitations this research presented a Den-
seAlexNet model with a backpropagation classifier. evalua-
tion metrics. '*!3

This paper developed a Dense AlexNet for tumour segmen-
tation for brain tumour diagnosis. Also, the backpropagation
scheme is applied for the classification of tumour regions in
MRI images of the brain. '

3D DENSE ALEX NET FOR MRI SEGMENTATION

To achieve segmentation accuracy of 3D brain MRI images
this paper uses 3D DenseAlexNet mode. The data for Mul-
timodal Brain Tumour Segmentation is based on MICCAI
2012 conference. The developed Dense AlexNet model per-
formance is based on the estimation of directions in a 3D
image. The Dense AlexNet is involved in the extraction of
features from brain images with the discriminative represen-
tation of MRI images through pooling layers. The next layer

of Dense AlexNet generates high-level MRI image features
for categorizing features in MRI images. In the next stage,
the processed samples are masked for the identification of
high-level features of MRI 3D images. With the object lo-
calization process in 3D Dense AlexNet, middle features are
processed within the network. Through the incorporation of
the backpropagation tumour region of the MRI image is seg-
mented. To process input data MRI brain image is considered
for pre-processing and segmentation of the tumour part. The
feature of MRI brain images is extracted based on GLCM
features with selected Region of Interest (ROI) for segmenta-
tion of the tumour part. The developed Dense AlexNet based
on the adjusted pixel values tumour is segmented concerning
position and area. Finally, classification is performed with
Backpropagation for obtaining a resultant image with data-
set images to identify it is benign or malignant. Initially, the
proposed Dense AlexNet perform image pre-processing for
removal of noise. To enhance the quality of the image certain
features are examined to display image processing. The pro-
cess involved in MRI pre-processing of MRI brain images is
filtering of noise, pseudo-colouring, sharpening, and mag-
nifying. The steps involved in improving image quality are
image display, image analysis, and feature extraction. This
paper uses median filtering for processing for the elimination
of noises in the image. The applied median filter performs a
linear operation for the elimination of salt and pepper noise.
The process of median filtering is involved in the reduc-
tion of noise to preserve image edges. The proposed Dense
AlexNet examines the image feature pixel, weight, depth,
and colour before classification steps. Image segmentation is
involved in the identification of object boundaries and loca-
tion. Image explicit segmentation in involved in each pixel
allocation based on assigned labels with similar label char-
acteristics. Image segmentation outcome covers a complete
image or performs image extraction. Every image pixels are
based on characteristics of image property, texture, colour,
and intensity. The Dense AlexNet performs classification of
the image with backpropagation for MRI image training and
testing. The proposed Dense AlexNet perform image clas-
sification using weighted estimation. The segmented images
are trained and tested for image classification. The perfor-
mance of the proposed Dense AlexNet is compared with im-
age datasets. With image dataset classification tumour region
of MRI images are segmented and classified as either normal
or abnormal tumour images.

RESULTS

The performance of the proposed Dense AlexNet uses a
Backpropagation classifier for segmentation and classi-
fication of tumour in MRI images. The proposed Dense
AlexNet is implemented using MATLAB 2019 for analy-
sis. To segment tumour in MRI image, Dense AlexNet is

o eeeee———
211 Int J Cur Res Rev | Vol 13 « Issue 12 « June 2021 i



Sumithra et al: 3D densealexnet model for brain tumour segmentation

designed and obtained results are presented as follows. In
figure 1 and 2, the input image considered for segmenta-
tion of the MRI brain image and figure 2 provides the pre-
processed image for the input 3D MRI image.

Figure 4: Segmented Tumour image.

Figure 1: Input image.

Figure 5: Tumour region.

In figure 6 and figure 7, the input MRI image segmented
tumour 3D view is illustrated.

:wm
Figure 2: Pre-Processed Image.

In figure 3, the bounding box for the pre-processed image
is presented. The Dense AlexNet involved in the process-
ing and quality enhancement of input 3D MRI images. To
highlight the tumour within the input image bounding box is 0L
adopted. The bounding box estimates the image features and ™ 20 . —T ™
highlights the tumour region. In figure 4 segmented tumour e W

region is presented for input 3D MRI brain image. In figure
5 detected tumour region of the proposed dense AlexNet is

Figure 6: 3 Dimensional image.
presented.

X R View

Figure 3: Bounding image. Figure 7: 3 Dimensional rotate the view.
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DISCUSSION

The developed 3D AlexNet model involved in the segmenta-
tion of 3D MRI brain images for segmentation. The devel-
oped 3D AlexNet model utilizes a backpropagation approach
for segmentation of 3D MRI. Based on identified region pro-
posed Dense AlexNet estimate the location of the tumour in
the input MRI image and segment tumour part. The proposed
Dense AlexNet significantly estimate the 3D view of the in-
put image based on consideration of the input 3D MRI image
of the brain for segmentation of tumour in input 3D MRI im-
age. The comparative analysis of results expressed that the
proposed 3D AlexNet model exhibits higher accuracy rather
than other existing technique. In table 1, time and accuracy
of proposed 3D AlexNet with existing Convolutional Neural
Network (CNN) and Deep Convolutional Neural Network
(DCNN). Table 1 shows the overall comparison.

Table 1: Overall Comparison

Technique Segmentation Time  Accuracy (%)
(sec)

CNN 126 84

DCNN 80 87

3D AlexNet 47 93

In figure 8 comparative plot for segmentation time and ac-
curacy is presented.
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Figure 8: Comparison of segmentation time and Accuracy.

The simulation analysis expressed that the proposed 3D
AlexNet model exhibits a higher accuracy value than the ex-
isting CNN and DCNN. Also, the proposed 3D AlexNet sig-
nificantly reduces segmentation time compared with CNN
and DCNN.

CONCLUSION

A brain tumour is caused due to the anomalous growth of tis-
sues within the human brain, this leads to increase mortality.
The proper diagnosis is required for reducing mortality rate,

hence image processing techniques are evolved for effective
diagnosis of brain tumours. Usually, the processing of MRI
brain images is a complex task due to the complexity of the
human brain structure. To improve the diagnosis process in
MRI brain images, this paper proposed a Dense AlexNet for
the segmentation of tumours. The proposed Dense AlexNet
uses a Backpropagation classifier for tumour detection in the
region. The comparative analysis of proposed 3D AlexNet
architecture with conventional CNN and DCNN exhibited
that improved accuracy with reduced segmentation time.
The accuracy of the proposed 3D AlexNet is ~3% improved.
Similarly, segmentation time is reduced on average by ~30
sec. In the future, the proposed segmentation scheme is pro-
cessed with a sophisticated algorithm for detection, segmen-
tation, and classification of brain tumour for medical appli-
cations.
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