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specific type and rank of the tumour in its early stages is required to select a specific
treatment plan. A major concern is the elimination, segmentation and detection of
tumour areas infected by magnetic resonance imaging (MRI). Despite the fact that it is
a laborious and tedious task done by clinical experts or radiologists whose precision
depends entirely on their experience. Computer-aided technology is becoming more
and more important for circumventing these limitations. This study investigates a
multi-layer Deep Belief Network (DBN) technique for MRI tumour detection. The

Keywords: proposed model is named as Brain Tumour Deep Belief Network (BT-DBN). The BT-DBN
was tested with two datasets. The results demonstrate the importance of accuracy
Brain tumour detection; Deep belief parameters relative to the most recent approaches. The results exhibit that the BT-DBN
network; MR images; Machine learning;  was effective in identifying different types of tumour tissue in MR images of the brain.
Medical imaging The precision is 99.51%, the specificity is 94.28%, and the sensitivity is 98.72%.

1. Introduction

The integral part of the body is brain which controls all the activities of body and takes decision
for action of human. The brain does not work properly if any infection of disease occurs in brain. In
view of this brain tumour is one of it. Brain tumours are defined as the proliferation of tumour cells
in the brain. Brain tumours are the most commonly occurring type of brain disease [1,2]. This is one
of several cancers which can cause death. Brain tumours can be harmless or malignant.

As reported by the WHO and the ABTA [3], the most used classification system which scale from
Class | to Il as light and Class Il to IV as malignant. The development of abnormal cells within the
brain is known as brain tumour [4]. The status of brain tumours is being monitored and analysed by
the National Brain Tumour Society. In the USA, approximate more than 29000 humans were suffering
from brain tumour (primary) in 2015 [5]. In 2019, approximate more than 23,820 new cases of brain
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tumour cases were reported and approximate more than 1760 death cases were observed in US [6].
In US, approximately 24,530 incidences of brain tumour were predicted in 2021 [7]. Brain tumours
can occur in primary as well as secondary [8]. The first category (primary) brain tumour is limited to
the area in which it is occurred and grows slowly [9]. As per the statistics of Asia in 2020 of global
cancer report, approximate 308,102 patients of brain cancer were observed and approximate death
251,329 patients observed [10]. Among various medical techniques, MRl is the best one [11].

Medical imaging technologies use segmentation to locate contaminated tumour tissue.
Segmentation is the process of splitting an image into more than one section or block. It's possible
that it has the same colour, roughness, contrast, intensity, borders, and grey level. Utilizing MRI
imaging or other imaging modalities, brain tumour segmentation is the process by which cancer cells
are separated from normal cells, like edema and dead cells, cancer cells like WM, GM and CSF [12-
15].

An effective CAD system requires a method for extracting functions [16]. Since the accuracy of
the classification depends on the important duties acquired, the difficulty of the task requires prior
knowledge of the subject matter

wavelets and frequency characteristics, contextual and hybrid characteristics, etc. Where deep
learning is used, CAD modelling methods give better results. A computer vision subset called Deep
Learning (DL) does not need to manually create functionality [17,18].

It has been shown to work better than previous methods and to close the gap between computer
vision and optical acuity in categorizing models [19]. In a number of areas, including text creation
[20], facial identification [21], image characterization [22], Go [23] and great difficulties [24], it
worked better than other methods. The use of DL in image classification and segmentation has been
motivated by performance improvements in many areas [25-31]. It is expected that the number of
studies using deep learning for diagnostic imaging will continue to increase in future years, as
indicated in [32]. About 220 studies were published during 2016. Approximately 190 of the
respondents used CNN.

DL, particularly AlexNet [33], GooglLeNet [12] and ResNet-34 [13], can be used to categorize brain
tumours in medical images using a pre-formed CNN model. Over the large datasets (millions of
images) of ImageNet [24], CNNs have significantly improved their performance. However, it is
difficult to use CNs of the same high standard in the medical field. Because it takes time, effort and
money to physically assess and classify images, health datasets are often small, requiring first access
to experienced radiologists. Secondly, it is difficult to train CNN on a limited data set due to
differences and adjustment issues. Third, rewriting the model and changing its parameters to
enhance performance requires expertise in this area. Therefore, acquiring CNN training early on is a
difficult and time-consuming process that requires considerable diligence and perseverance.

The contributions are:

i. A single, robust model to detect automated brain tumour is presented to identify key
features from the MRI dataset.

ii. The BT-DBN model suggested to use 3 x 3 nuclei for all completely connected. It contrasts
with earlier models that use 11 x 11 or 9 x 9 cores with longer strides.

iii.  Compared to other strategies that require tumour segmentation prior to classification,
the innovative model surpasses the high precision of brain tumour classification with little
pre-treatment.

iv. In comparison to new baseline dataset techniques, our model provides adequate
classification accuracy.
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The following is how the paper is organised: The sections below provide information on related
works: Section 2, materials and methods showing the stages of the suggested method, Section 3,
experimental findings and discussions, Section 5's comparison of the various models, and Section 6's
conclusion and recommendations for further research.

2. Existing Research

To detect brain tumours, it is crucial to segment medical images. Many approaches developed
using MR images for brain tumours classification. The various literatures are summarized in this
section.

The study [34] of Thaha et al., Designed an algorithm named as Bat using CNN model. To enhance
image quality and eliminate image noise, the dataset was pre-processed. The proposed algorithm
showed the performance about 92% accuracy and quoted good as compared to the existing model.

The study [35] of Talo et al., designed a procedure for classification brain tumour using MRI
images and models for various model such as VGG-16, ResNet-34 and ResNet-50. The proposed
procedure automatically detected the various features of the brain tumour. Using the ResNet-50
model, the proposed method achieved 95% accuracy.

The study [36] of Sharif et al., developed a procedure that utilizes CNN architecture to detect
brain tumours. Segmentation and particle swarm optimization algorithms were used in the proposed
procedure. Two different datasets (BRATS2013 and BRATS2018) were used to train and test the
procedure. Authors quoted about 92% accuracy for brain tumour detection of proposed approach.

The study [37] of Naser and Jamal designed a CNN model using DL based strategy to classify brain
tumour. Authors used dataset of cancer imaging of MRI. Authors quoted about the result of proposed
model that was 92% accuracy for classification of brain tumour. The authors stated that the proposed
model had a validity of 89%.

The study of [38] Huang et al.,, proposed an approach named as differential feature neural
network for classification of brain tumour. Author involved two different dataset of MRI images.
Authors quoted the result of proposed framework that was 99.2 % accuracy using Dataset-l and
accuracy 98% using dataset-Il.

The study [39] of Khalil et al., designed an algorithm to handle the issue of varying size and
structure of tumour. Three steps were involved in the proposed algorithm. The first step handled
pre-processing of MRI images and found the boundary of tumour. The next two levels found the
tumour of varying size using approach of clustering. This study involved dataset (BRATS017) for
training and testing the suggested algorithm. This study quoted that proposed algorithm achieved
accuracy with approximate 98%.

The study [40] of Khairandish et al., designed a model by integrating support vector machine and
CNN for detection brain tumour for MRI images. In this model, three stages of pre-processing method
were applied to increase the quality for detecting the brain tumour.

The study of [41] of Azhari et al., designed a technique for identification of malignant cell. The
proposed technique used five levels of operations. These levels included various operation such
capturing of image, detection of edges, clustering and pre-processing. Author used public dataset of
MRI.

A modified neural network was utilized by Hemanth and colleagues [42]. The proposed method
was tested with 540 MR brain images. Four types of tumours are present in the 256 by 256 pixels
sample: meningioma, glioma, astrocytoma, and metastases. A component of the preprocessing
procedure is normalization. On the basis of the first-order histogram and GLCM, eight features are
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derived. The proposed method yields promising results with 95% sensitivity, 98% specificity, and 98%
accuracy.

A neural network-based method presented by Damodharan and Raghavan [43] for identifying
and classifying brain tumours. This method asserts a precision rate of 83% to segment the tumour
region with a neuronal network classifier. Each segment's quality rate is provided separately.

The MR images of the brain must be divided into two distinct areas in order to remove the brain
tumour [44]. One section contains cells from brain tumours, while the other section contains normal
brain cells [45]. Zanaty [46] suggested a hybrid strategy for brain tumour segmentation that combines
growth of seed regions, FCM and Jaccard's coefficient of similarity algorithm. It assesses segmented
white matter and grey matter tissue based on MRI images. With noise levels of 3% and 9%, this
approach led to an average S segmentation score of 90%.

Yao et al., Torheim and others [47], Guo and others [48], By combining texture characteristics,
the wavelet transform, and the SVM algorithm, developed a method that effectively categorized
textural features, controlled nonlinearity in actual data, and addressed various image protocols.

Kumar and Vijayakumar [49] describe the classification and segmentation of brain tumours using
PCA and SVM. They claim a 96.20 per cent likeness index, a 95 per cent overlap fraction, and an
additional 0.025 per cent. This method for identifying the kind of tumour has a classification accuracy
of 94%, and 7.5 percent of all errors are found.

To extract statistical characteristics for classification, Ismael et al., [50] used the discrete wavelet
transform (DWT) and the Gabor filter. In this strategy, the input and classifier are a segmented
tumour as well as a multi- layer perceptron (MLP). About 91.9 percent accuracy was achieved.

A method for diagnosing brain tumours was proposed by Chaddad [51] that utilizes the Gaussian
mixture model (GMM) to automatically extract features from MR images. This strategy, which utilizes
principal component analysis (PCA) and wavelet-based features, enhances the performance of GMM
feature extraction. The accuracy of T1-weighted and T2-weighted MR images is 97.05%, while FLAIR-
weighted MR images have an accuracy of 94.11%. Demonstrate the detection, segmentation and
extraction of multi-class brain tumour features, Sachdeva and others, [52] used 428 MR images.
When the authors employed ANN followed by PCA-ANN in this strategy, the accuracy rate increased
from 77 percent to 91 percent.

Another piece of work for the classification of AD is provided by Guo and others [53]. Using GCNN,
the author divides AD into two and three categories. The proposed GCNN scores 93 percent for two-
class classification, while the established ResNet architecture scores 95 percent and the SVM
classifier scores 69 percent, respectively. In the three-class detection scenario, the suggested GCNN
achieves 77%, while ResNet and SVM achieve 65% and 57%, respectively.

Ghassemi and others [54] also proposed a new CNN model for the classification of multiple
categories of brain tumours. Three cancers were then distinguished using a SoftMax classifier in place
of the final fully linked layer. There are six levels in the proposed model. It was used in conjunction
with other means of improving the data. It was accurate for introduced splits at 93.11 percent and
random splits at 95.6%, respectively.

Similar to that, Pashaei et al., [55,58] created a novel architecture for classifying brain cancers.
There are five layers for feature extraction in the proposed model. The collection of features is used
to identify images using a kernel of Extreme Learning Machines (KELM). It achieved accuracy around
93.68 percent.

Padole et al., uses a GCNN architecture that has been modified [56,59] to detect Alzheimer's
disease early. 160 patient images from the ADNI dataset were tested using the proposed method.
The five-fold CV is used for performance calculation of the model. The accuracy rate is greater than
90%
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3. Materials and Methods

Recently, deep learning has been widely used in a variety of medical imaging applications.
Particularly when it comes to classifying and segmenting MR brain tumours. This article proposes a
novel Deep Belief Network (DBN) model to detect multi-class brain tumour.

3.1 Datasets

Figshare [57,60] is publicly accessible dataset. Between 2005 and 2010, it was gathered at Tianjin
Medical University's General Hospital and Nanfang Hospital in Guangzhou, China.

Table 1
Figshare image dataset
Types of Tumours No. of Samples  No. of slices

Meningioma 85 758
Pituitary 64 937
Glioma 93 1429

3.2 Radiopaedia Dataset

The second sample used in this article is Radiopaedia [61]. According to Table 2, it has 148 MR
images that correspond to four distinct grades. This dataset only contains a few photos for each grade.
On the other hand, having a lot of data and a variety of examples is necessary for the successful
implementation of multiple deep learning models [62].

Table 2
Radiopaedia dataset
Grades of Tumour Tumour type No. of images

Without Alteration Alteration

| Menigiomas 39 647
Il Glioblastmoas 42 579
1] Gliomas 29 454
vV Gliomas 38 524

3.3 Proposed Model (BT-DBN)

Two MR brain images with 512 by 512-pixel resolution were used by the BT-DBN (Figure 1) with
two readily available data sets. These images where grayscale before any further processing could
take place. The implementation of the algorithm is the subject of the following sections.
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Preparation: Pre-processing enhances the MR image's visual appearance, eliminating

irrelevant noise and undesirable origin parts, smoothing the internal portion of the region,

and maintaining its edges. The signal-to-noise ratio was improved by using a modified

sigmoid function for progressive image enhancement. This resulted in a better resolution

for the raw MR images.

Decapitating the head: Cranial stripping is the process of removing all brain tissue in

imaging. Using skull stripping, fats, skin, and other brain tissues can be removed from

brain imaging. Using image contour, segmentation, and features extraction, skull stripping

can be automated in a number of ways.

To segment the contaminated brain MR regions, the following procedures are utilized:

e Converting the brain MR image that has been pre-processed into a binary image

e Selecting a cut-off threshold of 128.

e Map the pixel values to white for value greater than the threshold

e Map the pixel values to black for value less than the threshold

e Asaresult, distinct zones develop around the infected tumour tissues that have been
clipped off.

The process of extracting more specific information about a picture, such as its shape,

texture, colour, and contrast, is known as feature extraction [63,64, 65].

The Deep Belief Network (Figure 2), or DBN: Deep belief networks (DBNs) are generative auto-
encoder neural networks that use layered Recurrent Boltzmann Machines (RBMs). DBN might have
several layers that are trained layer-by-layer to deal with picture classification issues. DBN is made up
of two kinds of neural networks: belief networks and RBMs in a recurrent neural network known as
RBM, undirected edges connect binary units. Learning is also more efficient thanks to RBM's single
layer of hidden units with few connections between them.
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Fig. 2. Working Architecture of DBN

A(n, p) = 1 exp(-E(n, p)) - (1)
Where
z = Ynpexp(-E(n, p)) (2)

The function is an energy-based paradigm this can be learned through practice, and the partition
function is represented by z. v and h represent the both open and closed units, respectively. If there
are unidentified pictures set in the training set, DBN undertakes unsupervised training to identify the
unlabelled images for model training. The approach could also be applied to a set of image data using
deep neural networks.

3.4 Performance Indicators
The effectiveness of image classification into three classes is evaluated using Accuracy, Specificity,

Sensitivity, Precision, and F1 Score. In Eq. (3) to Eq. (7), the formula for computing these performance
measures is as follows:

_ T(+) +T(-)
Accuracy = T(+)+T(-)+F(+) +F(-) )
e (-
Specificity = ﬁ (4)
e _ T(+)
Sensitivity (Recall) = T (5)
Precision = % (6)
Precision*Recall
F1Score = Precision+Recall *2 (7)

T(+) signifies True Positive, T(-) signifies True Negative, F(+) signifies False Positive, and F(-)
signifies False Negative. These characteristics are computed using the confusion matrix, which
contains information on the incorrect and correct detection of images from all classes.
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4. Result and Discussion

The BT-DBN is run on the RAM-64GB system configuration and an Intel Xeon E5-2620 v4
processor. Python 2.7 was used to write it, along with the Keras framework and Tensor Flow. A novel
DBN model to classify brain tumours is presented in this paper. It is tested on two typical datasets.
Figure 3 shows brain tumours in three instances.

Fig. 3. Brain tumours: Gliomas (a, b), meningioma (c) and pituitary (d)

Figure 4 depicts the tumour position with area mark, the improved image.

I;L\
. n

Fig. 4. Results of a sample image

4.1 Figshare Dataset Experimental Result

As presented in Table 3 and Figure 5, the suggested technique has accuracy for glioma, pituitary
tumour and meningioma. Ratings of 90.68 per cent, 95.46 per cent, and 98.53 per cent were given
for sensitivity, which is another aspect of classification performance. The model properly identifies
samples without specific disease because all classes are highly specific.

Table 3
Results of Experiment
Class Precision Specificity Sensitivity Accuracy Fl-score
Glioma 97.43 98.67 95.56 97.58 96.45
Meningioma 96.23 97.9 90.78 90.88 90.78
Pituitary tumour 99.43 98.17 98.53 96.99 98.45
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Fig. 5. Experimental results of BT-DBN model on Figshare Dataset

4.1.1 Radiopaedia dataset experimental result

Table 4 and Figure 6 presents the results on Radiopedia dataset.

Table 4
Experimental results on Radiopaedia Dataset
Grades Accuracy Specificity Sensitivity Precision Fl-score

| 97.52 97.74 91.76 97.95 96.66
Il 96.51 96.58 94.69 88.88 92.69
1] 94.48 98.67 91.88 92.45 92.15
\Y) 98.91 98.85 99.27 98.68 99.18
Grade |
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Grade |l
120 Grade IV
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Fig. 6. Experimental results of BT-DBN model on Radiopedia Dataset

162



Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 41, Issue 1 (2024) 154-167

4.2 Comparison

Table 5 compares the accuracy of results without and with extracting features and demonstrates
that feature extraction improves classifier performance on tumour diagnosis from brain MR images.

Table 5
Comparison of the accuracy with and without extracting features
Models  Accuracy (%) Without extracting features Accuracy (%) after extracting features

KNN 84.29 87.57
MLR 86.55 86.06
SVM 88.14 93.04
BT-DBN 92.54 98.51

The calculation of statistical properties like sensitivity, specificity, and accuracy is used to
compare the DBN classifier's test performance to that of other classifier algorithms in Table 6 and
Figure 7. Better performance is also suggested by higher accuracy and sensitivity scores in
conjunction with lower specificity values.

Table 6

Result Comparison

Parameter KNN MLR SVM BT-DBN
Specificity(%) 86.54 87.77 89.74 94.28
Sensitivity(%) 98.53  95.33  96.63 98.72
Accuracy(%) 95.57 92.06 98.53 99.51
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Fig. 7. Accuracy Comparison
As shown in Table 6, our segmentation method performs better than existing methods. For a
radiologist or clinical doctor, even a small increase in the sensitivity parameter is very important
when planning surgery.
5. Limitation
i. The dataset and models used for classifying brain tumours may affect the experimental

findings.
ii. The classifiers used default values. The tuning parameters can be changed to increase
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efficacy.
6. Conclusion and Future Work

The brain was divided into normal grey matter, cerebrospinal fluid (the background) and tumour-
infected tissue using MRI images in this paper. Two datasets with brain tumours served as the basis
for testing the model. A number of performance indicators were examined to ascertain the system's
robustness and the model's accuracy. In terms of classification accuracy, the proposed DBN model
outperformed previous comparable efforts on the same dataset. In the future, we intend to use
images from T1, T2, and Flair, among other modalities, to strengthen our scheme and expand the
dataset.

Acknowledgement
Integral University, Lucknow's support for research (MCN: IU/R&D/2023-MCN0001827) is greatly
appreciated by the authors. There was no grant funding for this research.

References

[1]  Guo, Lei, Lei Zhao, Youxi Wu, Ying Li, Guizhi Xu, and Qingxin Yan. "Tumor detection in MR images using one-class
immune feature weighted SVMs." IEEE Transactions on Magnetics 47, no. 10 (2011): 3849-3852.
https://doi.org/10.1109/TMAG.2011.2158520

[2]  Vani, T. "Impetus to machine learning in cardiac disease diagnosis." In Image

[3] American Brain Tumour Association. http://www.abta.org

[4]  Young, Robert J., and Edmond A. Knopp. "Brain MRI: tumor evaluation." Journal of Magnetic Resonance Imaging:
An Official Journal of the International Society for Magnetic Resonance in Medicine 24, no. 4 (2006): 709-724.
https://doi.org/10.1002/jmri.20704

[5] Siegel, Rebecca L., Kimberly D. Miller, and Ahmedin Jemal. "Cancer statistics, 2015." CA: a cancer journal for
clinicians 65, no. 1 (2015): 5-29. https://doi.org/10.3322/caac.21254

[6] Siegel, Rebecca L., Kimberly D. Miller, and Ahmedin Jemal. "Cancer statistics, 2019." CA: a cancer journal for
clinicians 69, no. 1 (2019): 7-34. https://doi.org/10.3322/caac.21551

[7]1 Siegel, Rebecca L., Kimberly D. Miller, Hannah E. Fuchs, and Ahmedin Jemal. "Cancer statistics, 2021." Ca Cancer J
Clin 71, no. 1 (2021): 7-33. https://doi.org/10.3322/caac.21654

[8] Walbert, Tobias, and Natalie E. Stec. "Palliative care in brain tumors." Handbook of Clinical Neurology 191 (2023):
69-80. https://doi.org/10.1016/B978-0-12-824535-4.00011-2

[9] Seetha, J., and S. Selvakumar Raja. "Brain tumor classification using convolutional neural networks." Biomedical &
Pharmacology Journal 11, no. 3 (2018): 1457. https://doi.org/10.13005/bpj/1511

[10] Sung, Hyuna, Jacques Ferlay, Rebecca L. Siegel, Mathieu Laversanne, Isabelle Soerjomataram, Ahmedin Jemal, and
Freddie Bray. "Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36
cancers in 185 countries." CA: a cancer journal for clinicians 71, no. 3 (2021): 209-249.
https://doi.org/10.3322/caac.21660

[11] Kapoor, Luxit, and Sanjeev Thakur. "A survey on brain tumor detection using image processing techniques." In 2017
7th international conference on cloud computing, data science & engineering-confluence, pp. 582-585. IEEE, 2017.
https://doi.org/10.1109/CONFLUENCE.2017.7943218

[12] Gordillo, Nelly, Eduard Montseny, and Pilar Sobrevilla. "State of the art survey on MRI brain tumor
segmentation." Magnetic resonance imaging 31, no. 8 (2013): 1426-1438.
https://doi.org/10.1016/j.mri.2013.05.002

[13] Demirhan, Ayse, Mustafa Tord, and Inan Giler. "Segmentation of tumor and edema along with healthy tissues of
brain using wavelets and neural networks." IEEE journal of biomedical and health informatics 19, no. 4 (2014): 1451-
1458. https://doi.org/10.1109/JBHI.2014.2360515

[14] Madhukumar, S., and N. Santhiyakumari. "Evaluation of k-Means and fuzzy C-means segmentation on MR images
of brain." The Egyptian Journal of Radiology and Nuclear Medicine 46, no. 2 (2015): 475-479.
https://doi.org/10.1016/j.ejrnm.2015.02.008

164


https://doi.org/10.1109/TMAG.2011.2158520
http://www.abta.org/
https://doi.org/10.1002/jmri.20704
https://doi.org/10.3322/caac.21254
https://doi.org/10.3322/caac.21551
https://doi.org/10.3322/caac.21654
https://doi.org/10.1016/B978-0-12-824535-4.00011-2
https://doi.org/10.13005/bpj/1511
https://doi.org/10.3322/caac.21660
https://doi.org/10.1109/CONFLUENCE.2017.7943218
https://doi.org/10.1016/j.mri.2013.05.002
https://doi.org/10.1109/JBHI.2014.2360515
https://doi.org/10.1016/j.ejrnm.2015.02.008

Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 41, Issue 1 (2024) 154-167

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

(28]

(29]

(30]

(31]

(32]

(33]

Kong, Youyong, Yue Deng, and Qionghai Dai. "Discriminative clustering and feature selection for brain MRI
segmentation." IEEE Signal Processing Letters 22, no. 5 (2014): 573-577.
https://doi.org/10.1109/LSP.2014.2364612

Isin, Ali, Cem Direkoglu, and Melike Sah. "Review of MRI-based brain tumor image segmentation using deep
learning methods." Procedia Computer Science 102 (2016): 317-324. https://doi.org/10.1016/j.procs.2016.09.407
El-Dahshan, El-Sayed A., Heba M. Mohsen, Kenneth Revett, and Abdel-Badeeh M. Salem. "Computer-aided
diagnosis of human brain tumor through MRI: A survey and a new algorithm." Expert systems with Applications 41,
no. 11 (2014): 5526-5545. https://doi.org/10.1016/j.eswa.2014.01.021

Hemanth, D. Jude, J. Anitha, Antoanela Naaji, Oana Geman, and Daniela Elena Popescu. "A modified deep
convolutional neural network for abnormal brain image classification." [EEE Access 7 (2018): 4275-4283.
https://doi.org/10.1109/ACCESS.2018.2885639

Liu, Yan, Strahinja Stojadinovic, Brian Hrycushko, Zabi Wardak, Steven Lau, Weiguo Lu, Yulong Yan et al., "A deep
convolutional neural network-based automatic delineation strategy for multiple brain metastases stereotactic
radiosurgery." PloS one 12, no. 10 (2017): e0185844. https://doi.org/10.1371/journal.pone.0185844

Qiu, Yuchen, Shiju Yan, Rohith Reddy Gundreddy, Yunzhi Wang, Samuel Cheng, Hong Liu, and Bin Zheng. "A new
approach to develop computer-aided diagnosis scheme of breast mass classification using deep learning
technology." Journal of X-ray Science and Technology 25, no. 5 (2017): 751-763. https://doi.org/10.3233/XST-
16226

Sutskever, llya, James Martens, and Geoffrey E. Hinton. "Generating text with recurrent neural networks."
In Proceedings of the 28th international conference on machine learning (ICML-11), pp. 1017-1024. 2011.
Taigman, Yaniv, Ming Yang, Marc'Aurelio Ranzato, and Lior Wolf. "Deepface: Closing the gap to human-level
performance in face verification." In Proceedings of the IEEE conference on computer vision and pattern recognition,
pp. 1701-1708. 2014. https://doi.org/10.1109/CVPR.2014.220

Karpathy, Andrej, and Li Fei-Fei. "Deep visual-semantic alignments for generating image descriptions."
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 3128-3137. 2015.
https://doi.org/10.1109/CVPR.2015.7298932

Silver, David, Aja Huang, Chris J. Maddison, Arthur Guez, Laurent Sifre, George Van Den Driessche, Julian
Schrittwieser et al., "Mastering the game of Go with deep neural networks and tree search." nature 529, no. 7587
(2016): 484-489. https://doi.org/10.1038/nature16961

Russakovsky, Olga, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang et al., "Imagenet
large scale visual recognition challenge." International journal of computer vision 115 (2015): 211-252.
https://doi.org/10.1007/s11263-015-0816-y

Yousefi, Mina, Adam Krzyzak, and Ching Y. Suen. "Mass detection in digital breast tomosynthesis data using
convolutional neural networks and multiple instance learning." Computers in biology and medicine 96 (2018): 283-
293. https://doi.org/10.1016/j.compbiomed.2018.04.004

Gu, Yu, Xiaoqi Lu, Lidong Yang, Baohua Zhang, Dahua Yu, Ying Zhao, Lixin Gao, Liang Wu, and Tao Zhou. "Automatic
lung nodule detection using a 3D deep convolutional neural network combined with a multi-scale prediction
strategy in chest CTs." Computers in biology and medicine 103 (2018): 220-231.
https://doi.org/10.1016/j.compbiomed.2018.10.011

Charron, Odelin, Alex Lallement, Delphine Jarnet, Vincent Noblet, Jean-Baptiste Clavier, and Philippe Meyer.
"Automatic detection and segmentation of brain metastases on multimodal MR images with a deep convolutional
neural network." Computers in biology and medicine 95 (2018): 43-54,
https://doi.org/10.1016/j.compbiomed.2018.02.004

Shao, Ling, Fan Zhu, and Xuelong Li. "Transfer learning for visual categorization: A survey." IEEE transactions on
neural networks and learning systems 26, no. 5 (2014): 1019-1034. https://doi.org/10.1109/TNNLS.2014.2330900
Kleesiek, Jens, Gregor Urban, Alexander Hubert, Daniel Schwarz, Klaus Maier-Hein, Martin Bendszus, and Armin
Biller. "Deep MRI brain extraction: A 3D convolutional neural network for skull stripping." Neurolmage 129 (2016):
460-469. https://doi.org/10.1016/j.neuroimage.2016.01.024

Tajbakhsh, Nima, Jae Y. Shin, Suryakanth R. Gurudu, R. Todd Hurst, Christopher B. Kendall, Michael B. Gotway, and
Jianming Liang. "Convolutional neural networks for medical image analysis: Full training or fine tuning?." IEEE
transactions on medical imaging 35, no. 5 (2016): 1299-1312. https://doi.org/10.1109/TMI.2016.2535302

Chen, Hao, Xiao Qj, Jie Cheng, and Pheng Heng. "Deep contextual networks for neuronal structure segmentation."
In Proceedings of the AAAlI Conference on Artificial Intelligence, vol. 30, no. 1. 2016.
https://doi.org/10.1609/aaai.v30i1.10141

Litiens, Geert, Thijs Kooi, Babak Ehteshami Bejnordi, Arnaud Arindra Adiyoso Setio, Francesco Ciompi, Mohsen
Ghafoorian, Jeroen Awm Van Der Laak, Bram Van Ginneken, and Clara I. Sdnchez. "A survey on deep learning in
medical image analysis." Medical image analysis 42 (2017): 60-88. https://doi.org/10.1016/j.media.2017.07.005

165


https://doi.org/10.1109/LSP.2014.2364612
https://doi.org/10.1016/j.procs.2016.09.407
https://doi.org/10.1016/j.eswa.2014.01.021
https://doi.org/10.1109/ACCESS.2018.2885639
https://doi.org/10.1371/journal.pone.0185844
https://doi.org/10.3233/XST-16226
https://doi.org/10.3233/XST-16226
https://doi.org/10.1109/CVPR.2014.220
https://doi.org/10.1109/CVPR.2015.7298932
https://doi.org/10.1038/nature16961
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1016/j.compbiomed.2018.04.004
https://doi.org/10.1016/j.compbiomed.2018.10.011
https://doi.org/10.1016/j.compbiomed.2018.02.004
https://doi.org/10.1109/TNNLS.2014.2330900
https://doi.org/10.1016/j.neuroimage.2016.01.024
https://doi.org/10.1109/TMI.2016.2535302
https://doi.org/10.1609/aaai.v30i1.10141
https://doi.org/10.1016/j.media.2017.07.005

Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 41, Issue 1 (2024) 154-167

(34]

(35]

(36]

(37]

(38]

(39]

(40]

(41]

(42]

(43]

(44]

(45]

(46]

(47]

(48]

(49]

(50]

(51]

Thaha, M. Mohammed, K. Pradeep Mohan Kumar, B. S. Murugan, S. Dhanasekeran, P. Vijayakarthick, and A. Senthil
Selvi. "Brain tumor segmentation using convolutional neural networks in MRI images." Journal of medical
systems 43 (2019): 1-10. https://doi.org/10.1007/s10916-019-1416-0

Talo, Muhammed, Ozal Yildirim, Ulas Baran Baloglu, Galip Aydin, and U. Rajendra Acharya. "Convolutional neural
networks for multi-class brain disease detection using MRI images." Computerized Medical Imaging and
Graphics 78 (2019): 101673. https://doi.org/10.1016/j.compmedimag.2019.101673

Sharif, Muhammad Irfan, Jian Ping Li, Muhammad Attique Khan, and Muhammad Asim Saleem. "Active deep neural
network features selection for segmentation and recognition of brain tumors using MRI images." Pattern
Recognition Letters 129 (2020): 181-189. https://doi.org/10.1016/j.patrec.2019.11.019

Naser, Mohamed A., and M. Jamal Deen. "Brain tumor segmentation and grading of lower-grade glioma using deep
learning in MRI images." Computers in biology and medicine 121 (2020): 103758.
https://doi.org/10.1016/j.compbiomed.2020.103758

Huang, Zheng, Han Xu, Shun Su, Tianyu Wang, Yang Luo, Xingang Zhao, Yunhui Liu, Guoli Song, and Yiwen Zhao. "A
computer-aided diagnosis system for brain magnetic resonance imaging images using a novel differential feature
neural network." Computers in biology and medicine 121 (2020): 103818.
https://doi.org/10.1016/j.compbiomed.2020.103818

Khalil, Hassan A., Saad Darwish, Yasmine M. Ibrahim, and Osama F. Hassan. "3D-MRI brain tumor detection model
using modified version of level set segmentation based on dragonfly algorithm." Symmetry 12, no. 8 (2020): 1256.
https://doi.org/10.3390/sym12081256

Khairandish, Mohammad Omid, Meenakshi Sharma, Vishal Jain, Jyotir Moy Chatterjee, and N. Z. Jhanjhi. "A hybrid
CNN-SVM threshold segmentation approach for tumor detection and classification of MRI brain images." Irbm 43,
no. 4 (2022): 290-299. https://doi.org/10.1016/j.irbm.2021.06.003

Azhari, Ed-Edily Mohd, Muhd Mudzakkir Mohd Hatta, Zaw Zaw Htike, and Shoon Lei Win. "Brain tumor detection
and localization in magnetic resonance imaging." International Journal of Information Technology Convergence and
services 4, no. 1 (2014): 1. https://doi.org/10.5121/ijitcs.2014.4101

Hemanth, D. Jude, C. Kezi Selva Vijila, A. Immanuel Selvakumar, and J. Anitha. "Performance improved iteration-
free artificial neural networks for abnormal magnetic resonance brain image classification." Neurocomputing 130
(2014): 98-107. https://doi.org/10.1016/j.neucom.2011.12.066

Ranjbarzadeh, Ramin, Abbas Bagherian Kasgari, Saeid Jafarzadeh Ghoushchi, Shokofeh Anari, Maryam Naseri, and
Malika Bendechache. "Brain tumor segmentation based on deep learning and an attention mechanism using MRI
multi-modalities brain images." Scientific Reports 11, no. 1 (2021): 10930. https://doi.org/10.1038/s41598-021-
90428-8

Ain, Quratul, M. Arfan Jaffar, and Tae-Sun Choi. "Fuzzy anisotropic diffusion based segmentation and texture based
ensemble classification of brain tumor." applied soft computing 21 (2014): 330-340.
https://doi.org/10.1016/j.as0c.2014.03.019

Abdel-Maksoud, Eman, Mohammed Elmogy, and Rashid Al-Awadi. "Brain tumor segmentation based on a hybrid
clustering technique." Egyptian Informatics Journal 16, no. 1 (2015): 71-81.
https://doi.org/10.1016/].€ij.2015.01.003

Farokhian, Farnaz, Chunlan Yang, Iman Beheshti, Hiroshi Matsuda, and Shuicai Wu. "Age-related gray and white
matter changes in  normal adult brains." Aging and disease8, no. 6 (2017):  899.
https://doi.org/10.14336/AD.2017.0502

Torheim, Turid, Eirik Malinen, Knut Kvaal, Heidi Lyng, UIf G. Indahl, Erlend KF Andersen, and Cecilia M. Futsaether.
"Classification of dynamic contrast enhanced MR images of cervical cancers using texture analysis and support
vector  machines." [EEE  transactions on  medical imaging33, no. 8 (2014): 1648-1656.
https://doi.org/10.1109/TMI.2014.2321024

Yao, Jianhua, Jeremy Chen, and Catherine Chow. "Breast tumor analysis in dynamic contrast enhanced MRI using
texture features and wavelet transform." IEEE Journal of selected topics in signal processing 3, no. 1 (2009): 94-100.
https://doi.org/10.1109/JSTSP.2008.2011110

P. Kumar and B. Vijayakumar, “Brain tumour Mr image segmentation and classification using by PCA and RBF kernel
based support vector machine,” Middle-East Journal of Scientific Research, vol. 23, no. 9, pp. 2106-2116, (2015).
Ismael, Mustafa R., and Ikhlas Abdel-Qader. "Brain tumor classification via statistical features and back-propagation
neural network." In 2018 IEEE international conference on electro/information technology (EIT), pp. 0252-0257.
IEEE, 2018. https://doi.org/10.1109/EIT.2018.8500308

Chaddad, Ahmad. "Automated feature extraction in brain tumor by magnetic resonance imaging using gaussian
mixture models." Journal of Biomedical Imaging 2015 (2015): 8-8. https://doi.org/10.1155/2015/868031

166


https://doi.org/10.1007/s10916-019-1416-0
https://doi.org/10.1016/j.compmedimag.2019.101673
https://doi.org/10.1016/j.patrec.2019.11.019
https://doi.org/10.1016/j.compbiomed.2020.103758
https://doi.org/10.1016/j.compbiomed.2020.103818
https://doi.org/10.3390/sym12081256
https://doi.org/10.1016/j.irbm.2021.06.003
https://doi.org/10.5121/ijitcs.2014.4101
https://doi.org/10.1016/j.neucom.2011.12.066
https://doi.org/10.1038/s41598-021-90428-8
https://doi.org/10.1038/s41598-021-90428-8
https://doi.org/10.1016/j.asoc.2014.03.019
https://doi.org/10.1016/j.eij.2015.01.003
https://doi.org/10.14336/AD.2017.0502
https://doi.org/10.1109/TMI.2014.2321024
https://doi.org/10.1109/JSTSP.2008.2011110
https://doi.org/10.1109/EIT.2018.8500308
https://doi.org/10.1155/2015/868031

Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 41, Issue 1 (2024) 154-167

(52]

(53]

(54]

(55]

(56]

(57]

(58]

(59]

(60]

(61]
(62]
(63]

(64]

(65]

Sachdeva, Jainy, Vinod Kumar, Indra Gupta, Niranjan Khandelwal, and Chirag Kamal Ahuja. "Segmentation, feature
extraction, and multiclass brain tumor classification." Journal of digital imaging 26 (2013): 1141-1150.
https://doi.org/10.1007/s10278-013-9600-0

Guo, Jiaming, Wei Qiu, Xiang Li, Xuandong Zhao, Ning Guo, and Quanzheng Li. "Predicting Alzheimer’s disease by
hierarchical graph convolution from positron emission tomography imaging." In 2019 IEEE international conference
on big data (big data), pp. 5359-5363. IEEE, 2019. https://doi.org/10.1109/BigData47090.2019.9005971
Ghassemi, Navid, Afshin Shoeibi, and Modjtaba Rouhani. "Deep neural network with generative adversarial
networks pre-training for brain tumor classification based on MR images." Biomedical Signal Processing and
Control 57 (2020): 101678. https://doi.org/10.1016/j.bspc.2019.101678

Pashaei, Ali, Hedieh Sajedi, and Niloofar Jazayeri. "Brain tumor classification via convolutional neural network and
extreme learning machines." In 2018 8th International conference on computer and knowledge engineering (ICCKE),
pp. 314-319. IEEE, 2018. https://doi.org/10.1109/ICCKE.2018.8566571

Padole, Himanshu, Shiv Dutt Joshi, and Tapan K. Gandhi. "Graph wavelet-based multilevel graph coarsening and its
application in graph-CNN for alzheimer’s disease detection." IEEE Access 8 (2020): 60906-60917.
https://doi.org/10.1109/ACCESS.2020.2983590

Khan, Asif, Jian Ping Li, and Mohammed Aslam Husain. "Power grid stability analysis using pipeline
machine." Multimedia Tools and Applications (2023): 1-25.

Khan, Asif, Jian Ping Li, Mohammad Kamrul Hasan, Naushad Varish, Zulkefli Mansor, Shayla Islam, Rashid A. Saeed,
Majid Alshammari, and Hesham Alhumyani. "PackerRobo: Model-based robot vision self supervised learning in
CART." Alexandria Engineering Journal 61, no. 12 (2022): 12549-12566. https://doi.org/10.1016/j.aej.2022.05.043
Yanglu, Asif Khan, Amit Yadav, Qinchao, and Digita Shrestha. "Image Processing and ArcSoft Based Data Acquisition
and Extraction System." In Intelligent and Cloud Computing: Proceedings of ICICC 2021, pp. 501-514. Singapore:
Springer Nature Singapore, 2022. https://doi.org/10.1007/978-981-16-9873-6 46

Khan, Asif, Jian-Ping Li, and Mohd Yusuf Khann. "Vision Based Information Retrieval." In 2016 13th International
Computer Conference on Wavelet Active Media Technology and Information Processing (ICCWAMTIP), pp. 265-268.
IEEE, 2016. https://doi.org/10.1109/ICCWAMTIP.2016.8079852

Jun Cheng. “Brain Tumour Dataset (Version 5).” (2017).

Radiopaedia. https://radiopaedia.org

Zhang, Yu-Dong, Zhengchao Dong, Xianging Chen, Wenjuan lJia, Sidan Du, Khan Muhammad, and Shui-Hua Wang.
"Image based fruit category classification by 13-layer deep convolutional neural network and data
augmentation." Multimedia Tools and Applications 78 (2019): 3613-3632. https://doi.org/10.1007/s11042-017-
5243-3

Siti Nur Shakinah As Saad. “Experimental Study on the Thermophysical Properties of Hybrid Nanofluid for
Application in Radiator System.” Journal of Advanced Research Design, 69(1), 12-24. (2023).

Esa, Syamsul Azry Md, and Nor Azwadi Che Sidik. "Design and Analysis of Vortex Induced Vibration Suppression
Device." Journal of Advanced Research Design 70, no. 1 (2021): 12-31.

167


https://doi.org/10.1007/s10278-013-9600-0
https://doi.org/10.1109/BigData47090.2019.9005971
https://doi.org/10.1016/j.bspc.2019.101678
https://doi.org/10.1109/ICCKE.2018.8566571
https://doi.org/10.1109/ACCESS.2020.2983590
https://doi.org/10.1016/j.aej.2022.05.043
https://doi.org/10.1007/978-981-16-9873-6_46
https://doi.org/10.1109/ICCWAMTIP.2016.8079852
https://radiopaedia.org/
https://doi.org/10.1007/s11042-017-5243-3
https://doi.org/10.1007/s11042-017-5243-3

