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Abstract:

Brain tumor diseases have had a considerable impact worldwide, affecting millions of
individuals of different age groups, including both children and adults above 20 years old.
Because they are more needed in people’s lives, using the method-based classifying of brain
tumors by machine learning schemes has become necessary. However, healthcare applications
face challenges in identifying the most suitable classification-based metric, such as accuracy,
due to the utilization of recent datasets. This study omits the aim to provide a thorough
evaluation of computational intelligence strategies used in tumor diagnosis. Several successful
data mining techniques have been implemented, including wavelet analysis and spatial pixel
modulation techniques. Furthermore, feature extraction and reduction techniques, such as the
Grey Level Co-occurrence Matrix (GLCM), have been used to prepare the features for
classification. Magnetic resonance imaging scan (MRI) is frequently utilized for the diagnosis
of brain tumor diseases which is highly applied for classification-based machine learning. The
review paper was focused on gliomas, meningiomas, and pituitary adenoma diseases.
Technically, the usage of kernel principal component KPCA analysis with the proposed
adaptive back propagation neural network scheme produced better performance-based

P,
Web Site: https:/isnra.net/index.php/kjps E. mail: kjps@uoalkitab.edu.iq

e —
94

Keywords: Tumor Diseases, Feature Extraction,


https://doi.org/10.32441/kjps.08.02.p8
https://isnra.net/index.php/kjps
mailto:kjps@uoalkitab.edu.iq
https://isnra.net/index.php/kjps
mailto:p104581@siswa.ukm.edu.my
mailto:ahmedsabeeh123@ntu.edu.iq
mailto:afzan@ukm.edu.my
mailto:ahmedsabeeh123@ntu.edu.iq
https://doi.org/10.32441/kjps.08.02.p8
http://creativecommons.org/licenses/by/4.0/

Mahmood OA, Yousif AS, Adam A. / Al-Kitab Journal for Pure Sciences (2024); 8(2):94-108.
e —
classification metrics, (i.e:99.84%) for the accuracy metric. The aforementioned review articles

have demonstrated that usage of the machine learning-based health care applications (brain
diseases) classification widely assists the patient’s outcome and operations inside the hospitals.
In summary, the paper has highlighted the importance of machine learning schemes for brain
tumor detection and classification, and it also provided a comprehensive analysis and
comparison of the state-of-the-art to show the methods such as ;(feature extraction, feature
reduction), pros, cons, and the contributions for each of them. The paper's results are considered

an advantageous starting point for future works.
Keywords: Tumor Diseases, Feature Extraction, Machine Learning.
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1. Introduction:

Imaging technology is used by the medical specialty of radiology for both diagnostic and
interventional procedures [1]. Glial cells, which surround and support the brain's neurons, are
the source of gliomas, a particular kind of tumor. The meninges, which are the membranes that
wrap the outer regions of the brain and spinal cord, are the source of meningioma, a tumor that
arises from them [2]. Tumors can differ in kind and size, and their location frequently reveals
information about their form and rate of growth. Visual diagnosis of brain tumors and
associated disorders such as blood channel abnormalities, stroke, brain traumas, aberrant brain
development, and brain hemorrhage is greatly aided by medical imaging techniques. Common
types of brain scans include computed tomography (CT), magnetic resonance imaging (MRI),
positron emission tomography (PET),
[3,4,5,6,7,8,9,10].

and single-photon emission (SPECT) scans

Figure 1: Examples of MRI human brain diseases [40].

MRI scan images have been used for the classification of different human brain diseases
such as stroke, tumors, and precision. The paper has used the tumor classification based on
different tumor types such as benign, malignant, and grade. Different methods have been
introduced earlier such as in [12]. The segmentation-based spatial domain was used before to
segment the MRI scan and identify the types of diseases. For the process of classification-based

brain disease schemes, segmentation is not usually mandatory.

Table 1: Comparison of imaging techniques CT, MRI, PET, and SPECT in the human brain diseases

Spatial .
Modalities Mechanism Resolution Function Ir_naglng_ Diseases
(mm) period (min)
Anatomical details: Stroke. tumor
MRI Magnetism 0.1 Tlsi;l:figlstg;l:&e?ad 60 depression, and AD
. . Stroke, depression,
cT Radiation dose 0.05 Aér:)ajﬂgf;' ggﬁ;’j 10-15 and schizophrenia
Nuclear medicine Show physiological Transition from MCI
PET tools: Radioisotopes: 12 processes.: Glucose 20-60 to AD, depression, and
Using the positrons metabolism and schizophrenia
Injected blood-flow
Nuclear medicine Show physiological Transition from MCI
SPECT toqls_: Rad|_0|so_topes 0.5-2 processes.: Blood 30-90 0 AD, erressw_n, and
injected: Using flow schizophrenia
gamma-ray
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So, segmentation is considered today as a pre-processing stage before going to the current

technology of artificial intelligence methods such as machine learning, transfer learning, and
deep learning schemes. Figures 1 and 2 explore the brain tumor classification which is divided

into three stages.

MRI pre- Feature extraction: For Classification: For examples

processing e Instances é deep learning, and (K-NN, SVM,

(PCA, GLCM, and and ANN) based machine learning
wavelet based)

Figure 2. Overall block diagram of brain tumor classification [14].

Before the feature extraction phase, image preprocessing is conducted to enhance the quality
of the image through techniques like filtration and resolution enhancement [13]. In the context
of brain MR image classification, the preprocessing step may or may not include a segmentation
phase [14]. Feature extraction included stages of reducing the size of the dimensionality of the
data by using the extraction of important features such as shape, texture, intensity, and statistics.
However, processing the entire image data for classification can be computationally intensive

and time-consuming [14].

Therefore, feature selection, also known as dimension reduction, is employed to further
reduce the dimensionality of the feature vector. PCA and LDA have been used to reduce the
dimension in the classification of brain tumors [23,24]. To highly provide the minimizing of
the feature vectors with improved classification accuracy, a proposed SVM-based recursive
feature extraction of important, modified genetic scheme (GA), and the simulated annealing
scheme (SA) are also proposed in [17,22,27,28]. According to the science of image processing
and computer vision based using machine learning, the usage of MRI scan has been used to
better decide the typical diseases in the brain MRI from the normal to fatal cases [24,28], which
the most common machine learning schemes such as SVM, Random forest RF, neural network
NN, and K-nearest neighbor KNN [31].

The self-organizing map neural network, or SOM-NN, is a clustering-based unsupervised
classification method. [11, 16, 17, 21, 23, 23]. Add to that, artificial neural networks ANN and
KNN schemes have been proposed using the MRI scan which used the supervised techniques
to classify the MRI into various classes that used the modified hyperplanes and binary
classification while the kernel-based Gaussian has been used for complex datasets for more
than one class [11,12,30,31]. For the classification of brain tumors, ensemble classifiers built
on SVM can also be used [34].
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1.1 Research Limitations: Different scholars have tried to provide the optimal approaches

for image classification of brain tumors. Based on current papers, it is evident that machine

learning-based feature extraction and reduction models exhibit acceptable outcomes. However,

it should be recorded that there are different issues to perform better results in both Al-based-

research and clinical issues such as:

1- The visual quality of medical imaging: for instance, the low contrast of MRI images may
lead to a struggle classification of the tumor location and the normal brain tissue [23].

2- Boundary location of tumor diseases [3].

3- Imbalance problem: for instance; The big region of interest (ROI) of a large tumor may
have a full impact on the retrieved characteristics, and that affects data-driven-based ML
methods [9].

1.2 Research Questions: The best way to the most essential parts of a review paper is to
propose various research questions. This is due to the questions can assist and estimate the
accurate scope of the literature review. We can summarize various research questions as
follows:

RQL1: Currently, which schemes are currently thought to be the most effective for classifying
brain tumors?

RQ2: What is the relation between feature extraction, and reduction methods and performance-
based classification metrics such as accuracy?

RQ3: How can the machine learning model improve diagnostic processes, which leads to more
preserving imaging details?

RQ4: Does the number of samples affect the classification outcome?

The objective of the paper is to provide a comprehensive comparison to review various
classification methods for multi-class tumor brain disease-based machine learning schemes.
The comparison involves different feature extraction and selection techniques along with
classifier tools such as SVM, Import Vector Machine, KNN, and Random Forest. The main
metrics for comparison among recent papers are classification accuracy, f1- score, true positive,
and true negative. The paper is organized as follows: Section 2 discusses related works, Section
3 explains the proposed methodology, and Section 4 provides a detailed analysis and discussion.

The conclusion and future works of the paper are presented in the final section.

2. Literature Review
2.1. Scope of this Review: In this paper, the review's findings from various scholarly articles

have been summarized from good scientific databases like Springer, IEEE Digital Library,
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Elsevier, and Wiley. To ensure the preservation of good research results in human brain-based

medical imaging, the paper reviewed the proceedings as well of best reputation conferences
from different raspatories.

2.2 Review the Recent Studies: Recent studies have focused on tumor classification in
image and computer vision applications. Several methodologies have been proposed for brain
tumor detection and classification using various techniques [9].

In one study [36], a multi-stage approach was introduced for tumor detection. The method
involved glioma and meningioma classification, followed by segmentation. The brain MRI
classification process uses KNN, a straightforward supervised learning algorithm, which
operates on the tenet that related objects are closer to one another [30] [33]. For binary
classification, supervised SVM is frequently utilized by creating hyperplanes; for more
complicated datasets, kernel approaches such as the Gaussian kernel are used [11] [12]. SVM-
based ensemble classifiers can also be used to classify brain tumors [34].

An automated technique for identifying brain tumors in MRI images was published in a
different study [37]. The technique used a gray-level co-occurrence matrix (GLCM) for feature
extraction and mean filtering for image improvement. Referring to the process of selection of
the important features, probabilistic NN (PNN), and KNN schemes have been suggested while
the classification-based modified GA is used. In [38], the article has produced a novel scheme
that uses the spatial fuzzy c-mean FCM and the modified morphological operation for furthered
noise reduction, while the PCA for feature extraction and reduction is applied. For

classification, a non-linear kernel support vector machine (SVM) was used.

In [39], an ensemble learning technique for classifying brain tumors was presented. Pre-
processing, feature extraction, feature selection, and classification were all part of the
procedure. During the pre-processing stage, methods for normalization and quantization were
applied, as well as the region of interest (ROI) of the lesion and tumor. The majority voting
method was used for prediction, and the basis learner was a support vector machine (SVM)

classifier.

For the classification of stroke diseases, a unique plan known as the Pathological Stroke
Classification System (PSCS) was presented in [40]. Weighted local energy-based principal
component analysis (WLEPCA) was utilized for feature reduction and selection, while non-
subsampled shear let transform (NSST) was utilized for feature extraction. KNN, RF, and SVM
classifiers were used for the classification; RF achieved the highest accuracy of 96.10%. Several

local binary patterns (LBP) techniques were applied in [41] to classify typical forms of brain
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tumors. Three types of local binary patterns were used: classical LBP, local binary patterns

between relations between neighbors (n LBP), and local binary patterns based on angles (o
LBP). KNN, ANN, RF, A1DE, and LDA methods were used to do the classification; the n LBP
d=1 feature extraction approach and KNN model achieved the greatest success rate of 95.56%.
According to the article proposed in [42], the ant colony and thresholding for feature extraction
and modified SVM performed higher accuracy compared to the state of arts (i.e.
accuracy=97.7%) for brain tumor classification. Also, in [43], the modified SVM for brain
tumor classification is introduced. The contribution of the paper is to reduce the number of
feature vectors used to feed to the classifier, the role given to the GA for the feature selection

process, and the number of vectors used.

In [44], the dataset with MRI-T1 has been used, and the GLCM, intensity histogram (IH),
and a bag of word schemes are introduced for feature extraction. The feature selection-based
linear discriminant analysis LDA. The method outperforms the previous works with (accuracy
=91.14%) by SVM classification of brain tumors. While in [45], the author has recorded good
classification-based metric (i.e; accuracy=85.70%) using the SVM scheme, the proposed
method segmented the MRI images to level 3 wavelet (using DWT) for feature extraction, while

localized region-active contour LRBAC for feature selection.

In [46], the article has shown better performance-based accuracy metric (i.e., accuracy
=95.65%), the method used the GLCM feature extraction using MRI-T2 dataset, the SVM and

RF-based kernel are used as classifiers to classify the brain tumors.

A method to detect brain tumors and extract features from MRI pictures was introduced in
[47]. Anisotropic diffusion filtering and greyscale conversion were two pre-processing
procedures. The Chan-Vese algorithm and multi-level thresholding were used for tumor
segmentation. A genetic algorithm (GA) was used to pick characteristics after a variety of
texture, statistical, and wavelet features were measured. The classification accuracy of an
artificial neural network (ANN) was 98.3%.

Differentiating benign and malignant brain tumors was addressed in [48]. DWT was used
for the process of the extraction of important features, a genetic algorithm for the process of the
reduction of unnecessary features, and SVM for classification. The method achieved high

accuracy, although the root mean square error (RMS) was noted as a limitation.

e —
Web Site: https://isnra.net/index.php/kjps E. mail: kjps@uoalkitab.edu.iq

100



https://isnra.net/index.php/kjps
mailto:kjps@uoalkitab.edu.iq
mailto:kjps@uoalkitab.edu.iq

Mahmood OA, Yousif AS, Adam A. / Al-Kitab Journal for Pure Sciences (2024); 8(2):94-108.

Table 2: The recent works of multi-class brain diseases

Feature selection&

Classification

i 1 i i = 0,
Author Modality Brian disease Feature extraction reduction Based Accuracy (%)
methods
G.B.etal. . - 0
36] MRI Normal , glioma, meningioma GLCM, GLRLM NA RF 87.62%
0,
Normal, Lymphoma, Cystic 100 ﬁs\évhen
. oligodendro glioma, o
AZ&E’;’;? il MRI Glioblastoma multiform, GLCM K-NN, GA PNNA 97'1‘;{;’0"""6“
Meningioma, Ependymoma, and
Anaplastic astrocytoma 98.57% when
135°,0°
Normal ,glioma, metastatic
Devkota et al. MRI adenocarcinoma, meningioma GLCM PCA SVM 92%
[38] and Sarcoma
Relevance
measures based on
Shafi et al. Normal, glioma, meningioma, information gain.
[39] MRI pituitary adenoma GLCM, GLIRM, GLSZM The concept of SVM 97.95%
- - and NGTDM. - -
multiple sclerosis entropy is used in
information gain to
rank the feature.
(1) Acute stroke (speech arrest),
(2) acute stroke (writes, but
Fused cannot read, alexia without
Yousif et al. images agraphia), (3) acute stroke KNN, SVM, 96.10%
[40] (CT/MRI)| (trouble speaking), (4) fatal NSST WLEPCA and RF.
stroke, (5) hypertensive
encephalopathy, and (6)
multiple embolic infarctions.
Kaplan et al. MRI Normal, gllom_a, meningioma, nLBP, oLBP, LBP correlation-based KNN 95.56%.
[41] and pituitary method
HUSS[EE;]“ all MRI | Normal, malignant, and benign | ~ LBP, HOG,SFTA PCA SVM 94.7-%
Tajik et al. MRI Normal, glioma, visual agnosia GLCM+DWT GA SVM. K-NN 96.67%
[43] and meningioma ' R
Chang et al Tl meningioma, glioma, and
detal. | \eighted gloma, glioma, GLCM, and BOW LDA SVM 91.28%
[44] MRI pituitary
. Normal, SVM
Al Grade Il glioma
[45] MRI gl DWT PCA 88.26%
Grade II1 glioma
Grade IV glioma
Kharrat et al. T2- Z;ﬂg\gf::lt ;;?IS;SLT
i i i - 0,
[46] wm'v?gtled Normal, malignant, and benign dependence matrix SA GA-SVM 95.65%
(DWT-SGLDM)
Kabir et al. .
MRI . . Texture, statical, and 98.3%
[47] TLT2 Normal, malignant, and benign wavelet Feature. GA ANN
Kumar et al. . . DWT+GA Varies from
48] MRI | Normal, malignant, and benign PCA Kernel SVM 80% to 90%
Sha[fgﬁt el Normal, malignant, and benign GLCM GA SVM 99.69%
Gudigar et al. DWT for image PSO
MRI | Normal, malignant, and benign decomposition. SVM 97.38%
[50]
Dl el MRI Normal, malignant and benign Gabor wavelet KPCA AFBPNN 99.84%
[51] T1,T2
Normal, Lymphoma,
Hasan et al Glioblastoma multiform, first-order statics (FOS)
152] ’ MRI Cystic oligodendroglioma, | and second-order statics DMWT PNN 97%

Ependymoma, Meningioma and

(SOS)

Anaplastic astrocytoma
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3. Research Methodology

Anrtificial intelligence (Al) has provided a good analysis of medical imaging which caused
more computational, complexity and medical data availability in the last decades. Although
many applications for using Al classification in the imaging of brain tumors have been
presented before, their clinical impact is still to be studied. A systematic review was performed
to study the multi-class brain tumor in the analysis of classification brain tumor imaging in
various diseases. We performed a brief review and meta-data analysis was achieved by the good
reporting for systematic reviews and meta-analyses for better guidelines for future studies in
the field of using the various machine learning schemes to classify human brain tumor diseases.
This brief literature review (BLR) shows the proposed review steps used to explore the

classified approaches of the tumor as outlined in Figure 3.

Reviewing the previous works and find the
limitations.

v

Design a table for review strategy and
comparison.

4

Paper selection, screening, and recording
the main issues such as gaps, dataset.

Analysis, evaluation, and research finding.

v

Conclusion, and future works.

Figure 3: Proposed steps for a brief review of our paper.

4. Result and Discussion

This section provides a deep concise summary of each paper and analysis of its pros and
cons. A review of each paper is also provided to help the reader quickly understand the most
essential parts of each paper. The analysis of different schemes for brain tumor classification is
as follows :For example, in the studies [36,37,38], the accuracy achieved for tumor brain
classification was moderate, not exceeding 90%. This accuracy is lower compared to other
existing works such as [45]. However, when [45] was used with different schemes of gray-level

co-occurrence matrix (GLCM), it failed to achieve high accuracy. On the other hand, in [51],
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the use of Gabor wavelet for feature extraction resulted in an accuracy of 99.87%. In

[42,45,48,50], the classification of brain diseases using local binary patterns (LBP) with
different approaches aimed to increase accuracy. The K-nearest neighbors (KNN) algorithm
showed better performance when 4 or 7 features were selected, but it failed to maintain high
accuracy when 256 features were used. In [40], a novel stroke classification system was
developed, achieving a 96.10% accuracy by capturing 15 features from the proposed feature

reduction stage.

Overall, various methods for feature extraction and reduction were explored, and the best
methods were evaluated based on accuracy. The approach in [51], which combined the
AFBPNN decision with kernel-based principal component analysis (PCA) for feature
extraction and selection, achieved the greatest accuracy of 99.84%. The second-highest
accuracy of 97.9% was achieved in [39] when feature extraction was carried out using GLCM-
based entropy. When using PCA and GLCM for feature extraction, other techniques like [42,
45, 36] also produced acceptable classification results with accuracies of 94.7%, 85.7%, and
87.62%, respectively. As a result, this study assesses a suggested model's classification
performance using a variety of feature extraction and reduction techniques in conjunction with
machine learning. Using an adaptive firefly backpropagation neural network (AFBPNN) and
cross-validation with a 10-fold increase, the classification accuracy was 99.84%. The need for
brain tumor classification tools in clinical practice must contain accurate validation, ongoing
development, and use the ethical policies. As a result, there are many exciting schemes,
involving medical imaging data integration, using Al with personalized medicine, and data

extraction for the imaging diagnostic.

2015 [52] k& d 97

2000 [ O L] ——— 99 .84
-

2019 [50] d 97.38

2018 [0 i ——————— 99.69

2017 [48] | d %0

2020 [47] |Ie———————————————— 98 .3

2015 [46] & d 95.65

2018 [45] ——————————— 88.26

2015 (44] & d 91.28

2016 [43] . 96.67

2020 [42] M d 947

2020 [4]] e ———————) 95 .56

2021 [40] K d 96.1

2021 [39] i ——————————d 97 .95

2018 [38] K d 52
2018 [37] | —— 100
2016 [36] |s———— 87 .62

50 60 70 80 90 100 110

Author

W Accuracy

Figure 4: The comparison of various proposed methods using classification-based accuracy metric.
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5. Conclusion :

This paper focuses on the review of the current development of intelligent multi-class multi-
level (MCML) classification schemes for brain tumor disease classification. This research aims
to provide an early assessment of tumors to aid users and clinicians. The proposed algorithms
utilize traditional machine learning approaches, involving pre-processing, segmentation,
feature extraction, and classification steps. In the pre-processing step, noise and contrast
illumination are eliminated, while a hybrid technique is employed for region of interest
extraction during segmentation. Color and texture features based on gray-level co-occurrence
matrix (GLCM) are extracted and selected in the feature extraction and selection steps, followed

by classification.

The study presented that the paper [51] has achieved a high accuracy of 99.84% by applying
kernel-based principal component analysis (KPCA) with a firefly backpropagation neural
network (FBPNN). Lastly, the scheme outperforms better compared to other methods in the
classification of MRI scan images to different stages such as Normal case, abnormal, malignant
or benign, and low grade or high grade. The future trend for this field still opens problems,
especially in terms of the increased number of datasets, and for designing FPGA-based

classification hardware more memory occupancy is still needed.

6. References:

[1] Yousif AS, Omar Z, Sheikh UU. An improved approach for medical image fusion using
sparse representation and Siamese convolutional neural network. Biomed Signal Process
Control. 2022; 72:103357.

[2] Adult Central Nervous System Tumors Treatment (PDQ®)—Patient Version. National
Cancer Institute; 2019.

[3] Zaidi H. Quantitative analysis in nuclear medicine imaging. University of Geneva; 2000.
Available from:
http://www.unige.ch/cyberdocuments/theses2000/ZaidiH/these_body.html. [Accessed
2015 Jun 9].

[4] American College of Radiology (ACR). T images and videos, ultrasound — general image.
Available from: http://www.radiologyinfo.org/en/photocat/gallery3.cfm?image=brain-
ped-normus.jpg&pg=genus. [Accessed 2015 Jun 9].

[5] Studwell AK, Kotton DN. A shift from cell cultures to creatures: in vivo imaging of small
animals in experimental regenerative medicine. Mol Ther. 2011;19(11):1933-41.

[6] Beckmann N. In vivo magnetic resonance techniques and drug discovery. Braz J Phys.
2006;36(1).

e —
Web Site: https://isnra.net/index.php/kjps E. mail: kjps@uoalkitab.edu.iq

104



https://isnra.net/index.php/kjps
mailto:kjps@uoalkitab.edu.iq
mailto:kjps@uoalkitab.edu.iq

Mahmood OA, Yousif AS, Adam A. / Al-Kitab Journal for Pure Sciences (2024); 8(2):94-108.

P,

[7] Turner R, Lucke-Wold B, Robson M, Omalu B, Petraglia A, Bailes J. Repetitive traumatic
brain injury and development of chronic traumatic encephalopathy: a potential role for
biomarkers in diagnosis, prognosis, and treatment? Front Neurol. 2013.

[8] Mody V, Siwale R, Singh A, Mody H. Introduction to metallic nanoparticles. J Pharm
Bioallied Sci. 2010;2(4):282.

[9] Modalities C. Comparison between medical imaging modalities. Academia.edu. Available
from:
https://www.academia.edu/4752851/Comparison_between_Medical_Imaging_Modalitie.
[Accessed 2014 Oct 4].

[10] Acharya R, Wasserman R, Stevens J, Hinojosa C. Biomedical imaging modalities: a
tutorial. Comput Med Imaging Graph. 1995;19(1):3-25.

[11]Chaplot S], Patnaik LM, Jagannathan NR. Classification of magnetic resonance brain
Images using wavelets as input to support vector machine and neural network. Biomed
Signal Process Control. 2006;1(1):86-92.

[12] Ayachi R, Ben Amor N. Brain tumor segmentation using SVM. In: Sossai C, Chemello G,
editors. ECSQARU 2009. Lecture Notes in Artificial Intelligence 5590. Berlin Heidelberg:
Springer; 2009. p. 736-47.

[13] Rajeshwari S, Sharmila TS. Quality measurements of MRI using Preprocessing techniques.
In: Proceedings of the 2013 IEEE Conference on Information and Communication
Technologies; 2013. p. 978-1-4673-5758-6/13/ IEEE.

[14] Kumar G, Bhatia PK. A detailed review of feature extraction in image processing systems.
In: 2014 Fourth International Conference on Advanced Computing & Communication
Technologies. IEEE; 2014. p. 978-1-4799-4910-6/14.

[15] Materka A, Strzelecki M. Texture Analysis Methods — A Review. Technical University of
Lodz, Institute of Electronics, COST B11 report, Brussels; 1998.

[16] Zulpe N, Pawar V. GLCM Textural Features for Brain Tumor Classification. IJCSI Int J
Comput Sci Issues. 2012;9(3):164-84.

[17]Zacharaki El, Wang S, Chawla S, Yoo DS, Wolf R, Melhem ER, Davatzikos C. MRI-based
classification of brain tumor type and grade using SVM-RFE. 2009 IEEE International
Symposium on Biomedical Imaging: From Nano to Macro; 2009. p. 736-47.
doi:10.1109/1SB1.2009.5193232.

[18]John P. Brain tumor classification using wavelet and texture-based neural network. Int J
Sci Eng Res. 2012;3(10).

[19] Loncaric S. A survey of shape analysis techniques. Pattern Recognit. 1998;31(8):983-1001.
doi:10.1016/s0031-3203(97)00122-2.

e —
Web Site: https://isnra.net/index.php/kjps E. mail: kjps@uoalkitab.edu.iq

105



https://isnra.net/index.php/kjps
mailto:kjps@uoalkitab.edu.iq
mailto:kjps@uoalkitab.edu.iq

Mahmood OA, Yousif AS, Adam A. / Al-Kitab Journal for Pure Sciences (2024); 8(2):94-108.

P,

[20] EI-Dahshan ESA, Hosny T, Salem A-BM. Hybrid intelligent techniques for MRI brain
image classification. Digit Signal Process. 2010;20(2):433-41.
doi:10.1016/j.dsp.2009.07.002.

[21]Zhang Y, Wang S, Wu L. A novel method for magnetic resonance brain image
classification based on adaptive chaotic PSO. Prog Electromagn Res. 2010;109:325-43.
d0i:10.2528/pier10090105.

[22] Kharrat A, Gasmi K, Abid M. Automated classification of magnetic resonance brain
images using Wavelet Genetic Algorithm and SVM. In: Proceedings of the 9th IEEE
International Conference on Cognitive Informatics; 2010. p. 978-1-4244-8040-1/10 IEEE.

[23]Chaplot S, Patnaik LM, Jagannathan NR. Classification of magnetic resonance brain
images using wavelets as input to support vector machine and neural network. Biomed
Signal Process Control. 2006;1(1):86-92. doi:10.1016/j.bspc.2006.05.002.

[24]Othman MF, Abdullah N, K BT. Brain tumor Classification using Support Vector
Machine. In: 2011 IEEE. p. 978-1-4577-0005-7/11 IEEE.

[25] Rathi VPG, Palani S. A novel approach for feature extraction and selection on MRI images
for brain tumor classification. In: Wyld DC, et al., editors. CCSEA, SEA, CLOUD, DKMP,
CS & IT 05. 2012. p. 225-34. DOI: 10.5121/csit.2012.2224.

[26] Zhang Y, Wu L. An MR brain images classifier via principal component analysis and
kernel support vector machine. Prog Electromagn Res. 2012;130:369-88.
doi:10.2528/pier12061410.

[27] Kharrat A, Halima MB, Ben Ayed M. MRI brain tumor classification using Support Vector
Machines and meta-heuristic method. In: Proceedings of the 15th International Conference
on Intelligent ~ Systems  Design  and  Applications  (ISDA); 2015.
doi:10.1109/1SDA.2015.7489271.

[28] Kharrat A, Karim G, Messaoud MB, Nacéra B, Mohamed A. A hybrid approach for
automatic classification of brain MRI using genetic algorithm and support vector machine.
Leonardo J Sci. 2010;(17).

[29] Sridhar D, Murali Krishna IV. Brain Tumor Classification using Discrete Cosine
Transform and Probabilistic Neural Network. In: 2013 International Conference on Signal
Processing, Image Processing & Pattern Recognition. 2013.
d0i:10.1109/ICSIPR.2013.6497966.

[30] Zacharaki EI, Wang S, Sanjeev. Classification of Brain Tumor Type and Grade Using MRI
Texture and Shape in a Machine Learning Scheme. Magn Reson Med. 2009;
doi:10.1002/mrm.22147.

[31] Peyre G. Sparse modeling of textures. J Math Imaging Vis. 2009;34:17-31.

e —
Web Site: https://isnra.net/index.php/kjps E. mail: kjps@uoalkitab.edu.iq

106



https://isnra.net/index.php/kjps
mailto:kjps@uoalkitab.edu.iq
mailto:kjps@uoalkitab.edu.iq

Mahmood OA, Yousif AS, Adam A. / Al-Kitab Journal for Pure Sciences (2024); 8(2):94-108.

e —

[32]Wasule V, Sonar P. Classification of brain MRI using SVM and KNN classifier. In: 2017
Third International Conference on Sensing, Signal Processing and Security (ICSSS). 2017.
doi:10.1109/SSPS.2017.8071594.

[33] Herrera LJ, Rojas I, Pomares H, Guillen A, Valenzuela A, Banos O. Classification of MRI
Images for Alzheimer’s Disease Detection. In: 2013 International Conference on Social
Computing. 2013. doi:10.1109/SocialCom.2013.127.

[34] Minz A, Mahobiya C. MR Image Classification Using Adaboost for Brain Tumor Type.
In: 2017 IEEE 7th International Advance Computing Conference (IACC). 2017.
doi:10.1109/1ACC.2017.0146.

[35] Zontak M, Irani M. Internal statistics of a single natural image. In: IEEE Conference on
Computer Vision and Pattern Recognition; 2011. pp. 977-984.

[36] Praveen GB, Agrawal A. Multi-stage classification and segmentation of brain tumor. In:
2016 3rd International Conference on Computing for Sustainable Global Development
(INDIACom); 2016. pp. 1628-1632.

[37] Azawi RM, Abdulah DA, Abbas JM, Ibrahim IT. Brain Tumors Classification by Using
Gray Level Co-occurrence Matrix, Genetic Algorithm, and Probabilistic Neural Network.
Diyala J Med. 2018;14(2):138-151.

[38] Devkota B, Alsadoon A, Prasad PWC, Singh AK, Elchouemi A. Image segmentation for
early stage brain tumor detection using mathematical morphological reconstruction.
Procedia Comput Sci. 2018;125:115-23.

[39] Shafi ASM, Rahman MB, Anwar T, Halder RS, Kays HE. Classification of brain tumors
and auto-immune disease using ensemble learning. Inform Med Unlocked. 2021;100608.

[40] Yousif AS, Omar Z, Sheikh UU, Khalid SA. A Novel Pathological Stroke Classification
System using NSST and WLEPCA. In: 2020 IEEE-EMBS Conference on Biomedical
Engineering and Sciences (IECBES). 2021;565-69.

[41] Kaplan K, Kaya Y, Kuncan M, Ertun¢ HM. Brain tumor classification using modified local
binary patterns (LBP) feature extraction methods. Med Hypotheses. 2020;139:109696.

[42]Hussain UN, Khan MA, Lali 1U, Javed K, Ashraf I, Tariq J, et al. A unified design of ACO
and skewness based brain tumor segmentation and classification from MRI scans. J Control
Eng Appl Inform. 2020;22(2):43-55.

[43] Tajik MN, ur Rehman A, Khan W, Khan B. Texture feature selection using GA for
classification of human brain MRI scans. In: International Conference on Swarm
Intelligence; 2016. pp. 233-44. Springer, Cham.

[44]Cheng J, Huang W, Cao S, Yang R, Yang W, Yun Z, et al. Enhanced performance of brain
tumor classification via tumor region augmentation and partition. PLoS One. 2015;10(10):
e0140381.

e —
Web Site: https://isnra.net/index.php/kjps E. mail: kjps@uoalkitab.edu.iq

107



https://isnra.net/index.php/kjps
mailto:kjps@uoalkitab.edu.iq
mailto:kjps@uoalkitab.edu.iq

Mahmood OA, Yousif AS, Adam A. / Al-Kitab Journal for Pure Sciences (2024); 8(2):94-108.

e —

[45]Zia R, Akhtar P, Aziz A. A new rectangular window-based image cropping method for
generalization of brain neoplasm classification systems. Int J Imaging Syst Technol.
2018;28(3):153-62.

[46] Kharrat A, Halima MB, Ayed MB. MRI brain tumor classification using support vector
machines and meta-heuristic method. In: 2015 15th International Conference on Intelligent
Systems Design and Applications (ISDA); 2015. pp. 446-51.

[47]Kabir MA. AUTOMATIC BRAIN TUMOR DETECTION AND FEATURE
EXTRACTION FROM MRIIMAGE. GSJ. 2020;8(4).

[48] Kumar S, Dabas C, Godara S. Classification of brain MRI tumor images: a hybrid
approach. Procedia Comput Sci. 2017;122:510-7.

[49] Sharif M, Tanvir U, Munir EU, Khan MA, Yasmin M. Brain tumor segmentation and
classification by improved binomial thresholding and multi-features selection. J Ambient
Intell Humaniz Comput. 2018:1-20.

[50] Gudigar A, Raghavendra U, San TR, Ciaccio EJ, Acharya UR. Application of
multiresolution analysis for automated detection of brain abnormality using MR images: A
comparative study. Future Gener Comput Syst. 2019;90:359-67.

[51] Deepa AR, Emmanuel WS. An efficient detection of brain tumor using fused feature
adaptive firefly back propagation neural network. Multimed Tools Appl.
2019;78(9):11799-11814.

[52] Ata'a AH, Dhia A. Classification Human Brain Images and Detection Suspicious Abnormal
Area. IOSR J Comput Eng. 2016;18.

e —
Web Site: https://isnra.net/index.php/kjps E. mail: kjps@uoalkitab.edu.iq

108



https://isnra.net/index.php/kjps
mailto:kjps@uoalkitab.edu.iq
mailto:kjps@uoalkitab.edu.iq

