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Abstract---Glioblastoma Multiforme, which accounts for 80% of
malignant primary brain tumors in adults, is divided into two types:
High Grade Glioma (HGG) and Low Grade Glioma (LGG). LGG tumors
are less aggressive than HGG tumors, growing at a slower rate and
responding to treatment. Because tumor biopsy is difficult for people
with brain tumors, non-invasive imaging methods such as Magnetic
Resonance Imaging (MRI) have been widely used to diagnose brain
cancers. We examine Deep Convolutional Neural Networks (ConvNets)
for brain tumor classification utilising multisequence MR data in this
paper. Early detection of the tumor is possible with artificial
intelligence-based solutions. This manner, a tumor might be detected
early and a condition that could risk human life could be resolved. The
architecture was used to detect probable brain cancers early, which
constitute a serious threat to human life.
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Introduction

The brain tumor is a fatal disease that kills thousands of individuals each
year. A tumor is an abnormal growth of tissues inside the human skull that
can damage the nervous system's and body's functionality [3]. According to
research conducted by the National Brain Tumor (NBT) Foundation, over
29,000 cases of brain tumors are detected each year in the United States,
with roughly 13,000 patients dying each year [4]. Every year, more than
42,000 people in the United Kingdom are diagnosed with a brain tumor.
Furthermore, statistics show that these patients range in age, gender, and
health, with the tumor occurring anywhere in the brain. Because of its
increased soft tissue contrast, magnetic resonance imaging (MRI) has
become the primary non-invasive technology for brain tumor diagnosis over
the previous few decades. Gliomas account for 80 percent of all malignant
brain tumors that originate in the central nervous system's glial cells. The
World Health Organization (WHO) divided gliomas into two categories based
on their aggressiveness and infiltrative character. Low-grade gliomas (LGG)
are a type of glioma that includes both low-grade and intermediate-grade
gliomas (WHO). In the United States, in addition to the 700,000 main brain
tumor patients, roughly 80, 000 additional cases are diagnosed each year,
with nearly 70% of benign tumors and 30% of malignant tumors.

Tumors that have spread to other parts of the body are known as metastatic
brain tumors. It was often delivered to the brain via the bloodstream. Cancer
is recognised in metastatic tumors. The development of a brain metastatic
tumor has impacted around 25% of cancer patients. For example, lung
cancer tissue has been shown to influence the growth of a metastatic brain
tumor in 40% of individuals with lung cancer. In the past, people diagnosed
with such malignancies were only expected to live for a few weeks. Patients'
long-term survival rates have improved thanks to more sophisticated
diagnostic techniques, novel surgical, and radiation-based therapies. The
grades of gliomas can be used to further categorise them. Grade II cancers are
similar to grade I tumors in that they grow slowly but can invade
surrounding tissues and develop into faster-growing tumors over time. Under
the microscope, grade III brain tumors have an odd look. They require
medical treatment in addition to surgery since they have a significant
proclivity for invading other brain tissues. Finally, Grade IV tumors are the
fastest-growing tumors and require the most rigorous treatment (National
Cancer Institute 2020). Our model shows how to create an automated
approach that can distinguish between normal and abnormal MRI pictures
and classify tumors as meningioma tumors, glioma tumors, or pituitary
tumors. Brain image segmentation from MRI images is difficult and time-
consuming, but it is required for tumor detection and classification,
oedema, haemorrhage detection, and necrotic tissue detection. MRI imaging
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is the most effective imaging tool for early detection of anomalies in brain
areas, and it is poised to become a hot topic in medical imaging research in
the near future (AlZubi et al., 2011). The following is a breakdown of how this
article is structured. The work and development that had been done re cently
are discussed in section. The major goal of this research is to use MRI
symmetry information to automatically determine the location, boundaries,
and kind of tumor. Clinical diagnostics can be used to aid in the detection of
brain tumors. The goal is to create a tumor-proof algorithm that combines
several techniques to provide a solution for tumor detection in MRI brain
imaging. Because it operates over patches using kernels, a CNN has the
advantage of taking context into consideration and being used with raw data.
The usage of CNNs has also been proposed in the field of brain tumor
segmentation. Zikic et al. used a shallow CNN with two convolutional layers
separated by stride 3 max-pooling, one FC layer, and a softmax layer,
followed by one FC layer. Urban et al. evaluated the use of 3D filters, despite
the fact that the majority of authors preferred 2D filters. The 3D character of
the photos can be exploited with 3D filters, however this increases the
computing effort. We use data augmentation to investigate the significant
geographic and anatomical heterogeneity in brain tumors, which is an
important problem.

Literature Review and Survey

Convolutional Neural Networks (ConvNets) provide a cutting-edge framework
for image recognition and classification [21-23]. The ConvNet architecture is
meant to resemble the core workings of the mammalian visual cortex system
as closely as possible. The visual cortex has been found to have numerous
layers of abstractions that search for specific patterns in the input vision. A
ConvNet is constructed on the same principle of stacking numerous layers to
learn multiple abstractions of the input data. In 2020, Grovik et al.

[14] used the CNN method to show that multisequence MRI may be used to
detect brain metastases automatically. The study included 156 patients with
brain metastases who had an MRI. As a consequence, the applied method's
area under the curve (AUC) was found to be 0.98. In 2020, Sharif et al.
employed CNN- based Inception-v3 architecture to segment brain tumors. In
2020, Hollon et al. used stimulated Raman histology and deep CNN to
investigate brain tumor diagnosis. The proposed model had an overall
accuracy rate of 94.6 percent. To detect brain cancers, Rehman et al.
employed CNN-AlexNet, GoogLeNet, and VGGNet designs in 2020.

The Figshare brain tumor MRI dataset was used to achieve this purpose. The
best accuracy rate in the investigation was achieved using the VGG16
architecture, which was 98.69 percent. Khan et al. used CNN architectures to
predict brain tumors from MRI in the year 2020. The VGG-16 model had the
highest accuracy, with a score of 96 percent. In 2020, Mehrotra et al. used
five different CNN architectures to detect brain cancers, including AlexNet,
GooglLeNet, ResNet50, ResNet101, and Squeeze Net. The proposed model was
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found to be the most accurate, with a score of 99.04 percent. TC Hollon, B
Pandian, AR Adapa, E Urias, AV Save, and others Intraoperative diagnosis of
brain tumors in near real time utilising stimulated raman histology and deep
neural networks (Nature Medicine, vol. 26, 2020). The SVM family of
algorithms, which includes Linear, Cubic, and Gaussian kernel functions,
was employed for classification. This approach works on the notion of
drawing a hyper plane by employing support to maximise the margin between
the classes. Three types of kernel functions are utilised to improve the
accuracy of the results, and he has identified the damaged area and trained
his model to predict the tumor grade using SVM classifier. The taxonomy of
tumors was expanded to include two types: primary and secondary tumors.
The term "primary tumor" refers to tumors that begin in the brain. Secondary
tumors are those that begin in another region of the body and later move to
the brain. They are categorised in to two subtypes: malignant and benign.
She employed an Artificial Neural Network to classify the main tumor (ANN).
The ANN is made up of numerous nodes. Each node accepts a single input,
conducts an operation on it, and then sends it to another layer of nodes,
with each node having a node value at the output layer. It essentially learns
by receiving feedback. It starts with K cluster centres and reassigns
observations to clusters based on how similar the observations are to the
cluster centres. Because of the high degree of graylevel similarity in MRI
images, automating the detection and segmentation of brain tumors is a
difficult challenge. Brain MRI pictures go through a completely automated
two-step segmentation process. This study proposes a method for
automatically classifying medical images into two categories: normal and
abnormal, based on visual attributes and automatic identification of
anomalies [13]. Normal and aberrant images are used to determine statistical
texture functionality. The image was classified using the KNN classifier [19].
The performance of the KNN classifier versus the kernel-based SVM classifier
(Linear and RBF). According to the estimated confusion matrix and outcome,
the KNN classification rate is 80% higher than the SVM classification rate.

Methodology for detecting brain tumors based on the Corner Net model
proposed (RCNN)

This section shows how the proposed framework for detecting brain cancers
is put into action. The goal is to automatically recognise and diagnose the
brain tumor for a given input sample without requiring any operator
involvement. There are two primary steps to our work: To begin, we prepped
the dataset by adding annotations to the input photos to pinpoint the
precise position of tumors. The model was then trained using the newly
created annotations for tumor classification and localisation. The suggested
method is based on a modified CornerNet model that has delivered cutting-
edge object localization results. For feature calculation, we used CornerNet
with DenseNet-41 as the basis network. During training, the enhanced
CornerNet framework receives an input sample as well as the bounding box
annotation. DenseNet generates the feature maps that the CornerNet model
uses to determine the tumor's class and position. Atlast, accuracies for all
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units are computed using measures used in image processing methods. The
suggested mechanism for tumor detection is shown in Figure 1.

Prediction Module Heatmaps
Top-Left Corner

Embeddings

Prediction Module | ' ' Coner Offsets
Bottom-Right Comer | " Pooling

Input Feature Extraction Prediction Module Output
Figure 1. Input, Feature Extraction

Prediction module that generates a bounding box, a confidence score, final
Output to locate and classify a brain tumor.

Pre-processing module - Annotations

It is critical to define the exact location of tumors in input photos while
training the DL model. We created the annotations with the Labellmg tool for
this reason. Figure 2 depicts a selection of the annotated photographs. An
XML file comprising details about the tumor and their placement coordinates
in the photos is acquired after the annotation process is completed. The XML
file is then converted into a training file, which is used to train the model.

Figure 2. Sample annotated images



7350
Conversion Deep learning & Faster R-CNN

Artificial neural networks are a type of artificial intelligence that tries to learn
and adapt in the same way that the human brain does. Deep learning is a
multi-layered artificial neural network design with multiple layers in each
layer. Because of its numerous processing units, deep learning differs from
other artificial intelligence and machine learning methodologies in the
literature in that it can respond to data and complex scenarios. Attribute
information is provided to the system ahead of time in o ther machine
learning methods, but in deep learning, the traits are discovered by the
method's skills. Ren et al. presented the Faster R-CNN object identification
architecture in 2015. Convolutional neural networks, such as YOLO, are used
in the architecture (You Look Only Once). Three neural network layers make
up the faster R-CNN. The feature network, region proposal network, and
detection network are the three layers (Figure 2). This highlighted network's
job is to extract the most important characteristics from images. The output
of the feature network preserves the geometry and structure of the original
image.

Skull stripping

The first step is to create a skull mask from the MRI image, and the second
step is to segment the image into grey matter, white matter, and tumor region
using an advanced K-means algorithm improvised by a two-level granularity-
oriented grid-based localization process based on standard local deviation,
and then to assess the tumor's length and breadth. This study proposes a
method for automatically classifying medical images into two categories:
normal and abnormal, based on visual attributes and automatic identification
of anomalies [13]. Normal and aberrant images are used to determine
statistical texture functionality. The image was classified using the KNN
classifier [19]. The performance of the KNN classifier versus the kernel-based
SVM classifier (Linear and RBF).

Input image . | Preprocessing | Denoising

Gray Scale " Edge Adaptive

PSGIMS&R Conversion Total Vanation
Dataset and Wemner denoising
filtering technigue

r

Classifier | Feature Exiraction | Segmentation
SVM, decp GLOM Texture Mean Shift
|carning with Features Clustering
CNN =

Fig.3. Overview of the CNN system

The MRI picture is used as the input at first, and it is preprocessed using the
wiener filter. The wiener filter would blur the image and remove any noise that
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was present in it. Denoising is performed after the pre- processing stage,
using the Edge Adaptive Total Variation approach. The primary goal of
denoising is to remove any undesirable signals from the input image. The
denoised image is then passed via the Segmentation process, which employs
Mean Shift Clustering to group pixels with comparable features. Finally, the
clustered output is used to extract features during the feature extraction step,
and the extracted features are then used to classify tumors. Deep learning
with CNN is utilised in the classification stage of the Support Vector Machine.
These are utilised to differentiate between tumorous and non-tumorous MRI
pictures. Figure 3 depicts a high- level overview of the proposed system.

Diagnosis histopathological

Despite contemporary medical technological developments, histological
evaluation of biopsy specimens is still used to diagnose, classify, and grade
brain cancers. Pathological testing is commonly performed after a clinical
examination and interpretation of imaging modalities like magnetic resonance
imaging (MRI) or computed tomography (CT) to arrive at a conclusive
diagnosis. The most well-known drawbacks of this procedure are that it is
invasive, consumes more time, and prone to sampling errors. It is possible to
improve physicians' and radiologists' diagnostic abilities and reduce the time
required for a right diagnosis with the use of computer-aided completely
automated identification and diagnosis methods that aim to create fast and
precise judgements by specialists.

Segmentation

For brain tumor detection, a segmentation model based on the CNN method
was proposed. A preprocessing method was utilised to reduce noises in the
proposed model, and two sub -networks were utilized for stepwise modeling.
The first network was used to pinpoint the location of the tumor. Following
that, the second network categorize the tumor. The researchers used the
BRATS 2015 dataset, which contained 220 instances of high-grade glioma
and 54 cases of low-grade glioma. A U-Net CNN-based model for detecting
brain tumors without the use of radiation was published by Dong et al. in
2017. The study employed the BRATS 2015 dataset, which contained 220
high-grade glioma tumors and 54 low-grade glioma tumors. The investigation
proved that the recommended technique was viable. The Bhattacharya
coefficient approach for tumor diagnosis on brain MR images was proposed
by Chinmayi et al. in 2017. The greatest accuracy rate in the study was 99.1
percent. In 2016, Isin et al. employed the CNN approach to segment brain
tumors. The CNN-based technique, which was trained on multimodal MRI
brain pictures, produced good outcomes, according to the study. Gliomas,
one of the most aggressive kinds of brain tumors, were investigated by
Pereira et al. in 2016. The BRATS 2013 dataset was used in the study, and a
CNN-based segmentation method was used. Furthermore, combining density
normalisation with CNN resulted in more effective segmentation.
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In 2017, Konstantinos et al. used the 3-dimensional CNN approach to study
the segmentation of a brain injury. In multi-channel MR imaging, it was used
to detect lesions that could be traumatic brain injury or a brain tumor. It was
stressed in the study that the employed procedure in Fig. 4 produced
successful segmentation results.
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Figure 4 Block diagram of the RCNN Module
FFT in Convolutional Neural Network

The Convolutional Neural Network (CNN) was created in order to accomplish
certain ground -breaking achievements and to win well-known competitions.
Convolutional layers are used to generate feature maps by convolving a signal
or an image with kernels. As a result, the weights of the kernels connect a
unit in a feature map to the preceding layer. Back propagation is used to
adjust the weights of the kernels during the training phase in order to
improve certain properties of the input. CNN‘s are less prone to overfitting and
are easier to train. We employ a patch-based segmentation approach, as
indicated earlier in the study. CAFFE is used to build the convolutional
network architecture and implement it. CNN‘s are the next step in the multi-
layer Perceptron's evolution. A unit in the MLP conducts a basic calculation
by adding the weighted sum of all other units it receives as input. In the
preceding layer, the network is arranged into layers of units. Convolutions are
the heart of CNN'‘s. Sparse connections are the fundamental approach with
Convolutional networks for avoiding the problem of too many parameters. In
contrast to standard neural networks, each unit is not connected to every
other unit in the previous layer.
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These photos' parameters are put into a matrix and supplied to a
convolutional neural network. We want to find a reliable segmentation
approach, yet brain tumors have a lot of heterogeneity in intra-tumoral
features, making segmentation difficult. We created a CNN and fine-tuned the
intensity normalisation transformation for each tumor to reduce this
complexity.

Testing phase

The segmented results are used to extract GLCM properties such as contrast,
correlation, energy, homogeneity, mean, standard deviation, entropy, RMS,
variance, smoothness, kurtosis, and skewness. The tumor's boundaries can
be determined using the features extracted. The retrieved features are saved
in a database that is used to train and test the network. Table 1 lists some of
PSGIMSR's sample features.
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Table 1
Feature extraction for various image sets for PSGIMSR dataset

Features | e 1|sampe 2 |sample
Mean 0.005273 | 0.005671 |0.003869
Standard Deviation |0.089659|0.089635 (0.08973
Entropy 1.89451 | 2.16453 | 2.46141
RM3 (0.089802 | 0089802 | 0.089802
Variance 0.008059 | 0.008066 |0.008065
Smoothness 0.951501 |0.954745 [0.935042
Kurtosis 345611 | 36.8149 | 20,4204
Skewness 312135 [ 328541 | 1.B1771
IDM 1.84505 | 2.95678 | 1.50355
Contrast 0.42436 (0.432425]0.331479
Correlation 0.135197 | 0.099307 0.093482
Energy O.B50171 |0.852803 [0.TEO3ES
Homogeneity 0.955292 |0.955248 (0.939014

Results and Discussions

For brain tumor identification and classification, the proposed Faster R-CNN
technique leverages VGG-16 as a base network. Glioma, meningioma, and
pituitary tumors are represented in the chosen MR image dataset. In terms
of intensity and texture, the tumor photos in a single class are not identical.
Despite the fact that photos in the same class have varied appearances, the
suggested faster R-CNN method can detect and categorise tumor kinds
efficiently.
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Fig. 7. The ground-truth information describing the tumor location in glioma,
meningioma, and pituitary types is represented by (a), (b), and (c) in the
proposed technique. For all of the aforementioned kinds, (d), (e), and (f) are
the results of the suggested Faster R-CNN algorithm. The IoU calculation
based on Faster R-CNN results is shown in (g), (h), and I Faster R-CNN-based
multi-channel architecture was used to segment MRI images in order to
determine tumor prediction. As a result, six separate deep learning network
models were trained for each dataset using three different open-access MRI
datasets. Performance metrics like accuracy rate, F1 score, and ROC analysis
yielded more dependable and efficient outcomes when compared to previous
relevant studies. In comparison to the Faster R-CNN, various architectures,
the proposed model produced more effective and successful results in the
study in terms of all performance assessment measures.
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The trained CNN's performance in predicting samples; otherwise, the high
accuracy could be attributable to a skewed dataset assignment. Because the
study comprises 2990 samples, there are enough photos to be randomly
divided into training, validation, and test sets with a 60:20:20 ratio, as shown
in Table 8. Two hundred and nineteen photographs are randomly selected
from each class's dataset and utilised for testing purposes. The activations
of the CNN's convolution layers are an excellent method to view the features
learned by the CNN after training. This representation is extremely useful for
pixels on the input image that exhibit weakly activated channels. In the first
convolutional layer, the activations of a particular channel and the strongest
activation channel are shown. The channel in Fig. 6¢c has white pixels,
indicating that it is substantially activated at tumor site. CNN has learnt that
tumors are distinguishing traits that can be used to differentiate across
image classes, despite never being directed to learn about tumors. These
convolutional neural networks may learn relevant characteristics on their
own, unlike previous artificial neural ne twork methods, which are generally
manually developed particular to the application. In this work, learning to
recognise tumors aids in the differentiation of a tumorous image from a non-
tumorous image. Figures 9 a, b, and ¢ show this.
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Fig. 9 a, For the Classification-1 challenge, the input picture, b activations in
a particular channel, and c the strongest activation channel . Strong
activations may be seen in white pixels in c, indicating that this channel is
very active at tumor sites.

Conclusion

This paper proposes a unique CNN-based approach for brain tumor division
in MRI images. Preparation comes first, followed by feature extraction, image
segmentation, and post -processing. Various existing brain MR image
segmentation algorithms were also discussed. The input MRI picture is taken,
a speckle noise is applied, and then the image is pre-processed with a wiener
filter. n. Mean Shift is a non- parametric clustering technique that ignores the
distribution form and cluster count. As a result, when utilised to separate
historical images, Mean Shift can produce superior segmentation results than
model-based clustering algorithms. The retrieved attributes are utilised to
categorise the input image. The image's numerous features, as well as the
selection of relevant classification algorithms, are effectively utilised to
improve classification accuracy. CNNs are designed to work with image data,
although SVM is becoming more widely used. The creation of such a system is
critical since such systems are essential for the accurate and efficient
diagnosis of diseases and health conditions that are life-threatening. The
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accuracy of the model developed in the study was 91.3 percent, with overall
precision and recall of 91 percent and 88 percent, respectively. The efficiency
of the CNN models developed with the proposed optimization framework is
demonstrated by the results acquired utilising the suggested CNN models and
compared with state-of-the-art approaches. By selecting the best bounding
box created by RPN, the proposed technique efficiently identifies brain tumor
areas. Using the test dataset, a higher mAP was reached for detecting brain
tumors. This technique can also be used to calculate the tumor's percentage
area in relation to the brain region. This strategy can be applied to a variety of
medical situations.

Data Availability
Data are available on request due to privacy or other restrictions

Reference

A. Davy et al.,, -Brain tumor segmentation with deep neural networks,l
MICCAI Multimodal Brain Tumor Segmentation Challenge (BraTS), pp. 31—
35, 2014.

Akil, M.; Saouli, R.; Kachouri, R. Fully automatic brain tumor segmentation
with deep learning-based selective attention using overlapping patches
and multi-class weighted cross-entropy. Med Image Anal. 2020, 63,
101692.

AlZubi, S., Islam, N. and Abbod, M. (2011) _Multiresolution analysis using
wavelet, ridgelet, and curvelet transforms for medical image segmentation,
International = Journal of Biomedical Imaging, ppl-18, doi:
10.1155/2011/136034.

Amin, J., Sharif, M., Yasmin, M. and Fernandes, S.L., 2017. A distinctive
approach in brain tumor detection and classification using MRI. Pattern
Recognition Letters.

A. Rabinovich, -Going deeper with convolutions,| in Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2015, pp. 1-9.

Banan R, Hartmann C (2017) The new WHO 2016 classification of brain
tumors —what neurosurgeons need to know. Acta Neurochir 159(3):403-
418. https://doi.org/10.1007/s00701-016- 30.

C, inar A, Yildirim M (2020) Detection of tumors on brain MRI images using
the hybrid convolutional neural network architecture. Med Hypotheses
139:109684. https://doi.org/10.1016/j.mehy.2020. 109684.

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. Reed, D. Anguelov, D. Erhan, V.
Vanhoucke, and

Celik A, Arica N. Enhancing face pose normalization with deep learning.
Turkish Journal of Electrical Engineering & Computer Sciences 2019; 27:
3699-3712. doi: 10.3906/elk-1810-192

Chinmayi P, Agilandeeswari L, Prabu KM, Muralibabu K. An efficient deep
learning neural network based brain tumor detection system. International
Journal of Pure and Applied Mathematics 2017; 117: 151-160.



https://doi.org/10.1016/j.mehy.2020.%20109684

7359

Dong H, Yang G, Liu F, Mo Y, Guo Y. Automatic brain tumor detection and
segmentation using U-Net based fully convolutional networks. In: Valdez H
(editor). Medical Image Understanding and Analysis. Edinburgh, UK:
Springer International Publishing, 2017, pp. 506-517.

D. Ciresan et al., -Deep neural networks segment neuronal membranes in
electron microscopy images,| in Advances in neural information processing
systems, 2012, pp. 2843-2851.

D. Zikic et al., -Segmentation of brain tumor tissues with convolutional neural
networks,| MICCAI Multimodal Brain Tumor Segmentation Challenge (BraTs),
pp. 36-39, 2014.

Deepak S, Ameer P (2019) Brain tumor classification using deep CNN features
via transfer learning. Comput Biol Med 111:103345.
https://doi.org/10.1016/j.compbiomed.2019.103345.

Fan J, Ma C, Zhong Y. A selective overview of deep learning. Statistical
Science 2021; 36 (2): 264-290. doi: 10.1214/20-STS783

G. Urban et al.,, -Multi-modal brain tumor segmentation using deep
convolutional mneural networks,| MICCAI Multimodal Brain Tumor
Segmentation Challenge (BraTs), pp. 1-5, 2014.

Grovik E, Yi D, Iv M, Tong E, Rubin D, Zaharchuk G. Deep learning enables
automatic detection and segmentation of brain metastases on
multisequence MRI. Journal Of Magnetic Resonance Imaging 2020; 51 (1):
175-182. doi: 10.1002/jmri.26766.

Handore, S.S.V., Deshpande, A. and Patil, P.M., 2018, February. An Efficient
Algorithm for Segmentation and Classification of Brain Tumor. In 2018
International Conference On Advances in Communication and Computing
Technology (ICACCT) (pp. 83-88). IEEE.

Hollon TC, Pandian B, Adapa AR, Urias E, Save AV et al. Near real-time
intraoperative brain tumor diagnosis using stimulated raman histology and
deep neural networks. Nature Medicine 2020; 26 (1): 52. doi:
10.1038/s41591- 019-0715-9.

Isin A, Direkoglu C, Sah M. Review Of MRI Review of MRI based brain tumor
image segmentation using deep learning methods. Procedia Computer
Science 2016; 102: 317 — 324.

Jiang Z, Shi X. Application research of key frames extraction technology
combined with optimized faster R- CNN algorithm in traffic video analysis.
Complexity 2021; 2021. doi:1 0.1155/2021/ 6620425

K. He, X. Zhang, S. Ren, and J. Sun, -Deep residual learning for image
recognition,l in Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, 2016, pp. 770-778.

Ketan Machhale and Hari Babu Nandpuru, -MRI Brain Cancer
Classification using Hybrid Classifier (SVMKNN)I, Proceedings of
International Conference on Industrial Instrumentation and Control, pp. 1-7,
2015



7360

Khan, M.A.; Lali, I.U.; Rehman, A.; Ishaq, M.; Sharif, M.; Saba, T.; Zahoor, S.;
Akram, T. rain tumor detection and classification: A framework of marker-
based watershed lgorithm and multilevel priority features
selection.Microsc. Res. Tech. 2019, 82, 909922 [CrossRef]

Khawaldeh S, Pervaiz U, Rafiq A, Alkhawaldeh RS (2017) Noninvasive grading
of glioma tumor using magnetic resonance imaging with convolutional
neural networks. Appl Sci 8(1):1-17.
https://doi.org/10.3390/app8010027.

Khan HA, Jue W, Mushtaq M, Mushtaq MU. Brain tumor classification in MRI
image using convolutional neural network. Mathematical Biosciences and
Engineering 2020;17 (5):6203-16.

Khan, M.A.; Ashraf, I.; Alhaisoni, M.; Damasevi cius, R.; Scherer, R.; Rehman,
A.; Bukhari, S.A. Multimodal brain tumor classification using deep
learning and robust feature selection: A machine learning application for
radiologists. Diagnostics 2020, 10, 565. [CrossRef] [PubMed]

Kleihues P, Burger PC, Scheithauer BW (2012) Histological typing of tumors of
the central nervous system, 2nd edn. Springer, Berlin.

L. M. DeAngelis, -Brain tumors,| New England Journal of Medicine, vol. 344,
no. 2, pp. 114-123, 2001.

Law, H.; Deng, J. CornerNet: Detecting Objects as Paired Keypoints. Int. J.
Comput. Vis. 2019, 128, 642-656. [CrossRef]

Lin, T. Labelimg. 2020. Available online:
https://github.com/tzutalin/labellmg/blob/master/README (accessed on
8 April 2021).

National Cancer Institute. (2020). cancer.org

Mehrotra R, Ansari MA, Agrawal R, Anand RS. A transfer learning approach
for Al-based classification of brain tumors. Machine Learning with
Applications 2020; 2:100003.

Mehrotra R, Ansari MA, Agrawal R, Anand RS (2020) A Transfer learning
approach for Al-based classification of brain tumors. Mach Learn Appl
2(9):1-12. https://doi.org/10.1016/j.mlwa. 2020.100003.

M. Havaei et al, -Brain tumor segmentation with deep neural networks,l
arXiv:1505.03540v1, 2015. [Online]. Available:
http://arxiv.org/abs/1505.03540

M. Lyksborg et al., -An ensemble of 2d convolutional neural networks for
tumor segmentation,l in Image Analysis. Springer, 2015, pp. 201- 211.

M.F.B. Othman, N.B. Abdullah and N.F.B. Kamal, -MRI Brain Classification
using Support Vector Machinel, Proceedings of 4th International Conference
on Modelling, Simulation and Applied Optimization, pp. 1-4, 2011.

Nazar, U.; Khan, M.A.; Lali, I.U.; Lin, H.; Ali, H.; Ashraf, I.; Tariq, J. Review of
automated computerized methods for brain tumor segmentation and
classification. Curr. Med. Imaging 2020, 16, 823-834. [CrossRef] [PubMed].

Parvataneni R, Polley M, Freeman T, Lamborn K, Prados M et al. Identifying
the needs of brain tumor patients and their caregivers. Journal of Neuro-
Onchology 2011; 104 (3): 737-74.



https://doi.org/10.3390/app8010027
http://arxiv.org/abs/1505.03540

7361

Pereira S, Pinto A, Alves V, Carlos AS. Brain tumor segmentation using
convolutional neural networks in MRI images. IEEE Transactions on
Medical Imaging 2016; 35: 1240-1251.

Ren S, He K, Girshick R, Sun J. Faster R-CNN: Towards real-time object
detection with region proposal networks. IEEE Transactions on Pattern
Analysis and Machine Intelligence 2015; 39 (6).
doi:10.1109/TPAMI1.2016.2577031.

Rehman A, Naz S, Razzak MI, Akram F, Imran M (2020) A Deep Learning-
based framework for automatic brain tumors classification using transfer
learning. Circuits, Syst, Signal Process 39(2):757-775.
https://doi.org/10.1007/s00034-019-01246-3.

Rehman A, Naz S, Razzak MI, Akram F, Imran M. A deep learning-based
framework for automatic brain tumors classification using transfer
learning. Circuits Systems And Signal Processing 2020; 39 (2): 757-775.

RJ. Ramteke and Y. Khachane Monali, -Automatic Medical Image
Classification and Abnormality Detection Using KNearest Neighborl,
International Journal of Advanced Computer Research, Vol. 2, No. 4, pp. 190-
196, 2012.

S. Cha, -Update on brain tumor imaging: From anatomy to physiology,|
American Journal of Neuroradiology, vol. 27, no. 3, pp. 475-487, 2006.

Sharif, M.L.; Li, J.P.; Khan, M.A.; Saleem, M.A. Active deep neural network
features selection for segmentation and recognition of brain tumors using
MRI images. Pattern Recognit. Lett. 2020, 129, 181-189. [CrossRef]

Sharif MI, Li JP, Khan MA, Saleem MA. Active deep neural network features
selection for segmentation and recognition of brain tumors using MRI
images. Pattern Recognation Letters 2020; 129: 181-189. doi:
10.1016/j.patrec.2019.11.019.

Talo M, Baloglu UB, Yildirim O” , Rajendra Acharya U (2019) Application of
deep transfer learning for automated brain abnormality classification using
MR images. Cogn Syst Res 54(12):176-188.
https://doi.org/10.1016/j.cogsys.2018.12.007.

Thakkar P, Greenwald BD, Patel P. Rehabilitation of adult patients with
primary brain tumors: a narrative review. Brain Sciences 2020; 10: 492.
doi: 10.3390/brainsci10080492.

Yang Y, Yan LF, Zhang X, Han Y, Nan HY, Hu YC, Hu B, Yan SL, Zhang J,
Cheng DL, Ge XW (2018) Glioma grading on conventional MR images: a
deep learning study with transfer learning. Front Neurosci 12:804.
https://doi.org/10.3389/fnins. 2018.00804.

Y. LeCun, Y. Bengio, and G. Hinton, -Deep learning,| Nature, vol. 521, no.
7553, pp.436-444, 2015.



https://doi.org/10.1007/s00034-019-01246-3

