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ABSTRACT

The successful early diagnosis of brain tumors plays a major role in improving the treatment outcomes and thus
improving patient survival. Manually evaluating the numerous magnetic resonance imaging (MRI) images
produced routinely in the clinic is a difficult process. Thus, there is a crucial need for computer-aided methods
with better accuracy for early tumor diagnosis. Computer-aided brain tumor diagnosis from MRI images consists
of tumor detection, segmentation, and classification processes. Over the past few years, many studies have
focused on traditional or classical machine learning techniques for brain tumor diagnosis. Recently, interest has
developed in using deep learning techniques for diagnosing brain tumors with better accuracy and robustness.
This study presents a comprehensive review of traditional machine learning techniques and evolving deep
learning techniques for brain tumor diagnosis. This review paper identifies the key achievements reflected in the
performance measurement metrics of the applied algorithms in the three diagnosis processes. In addition, this
study discusses the key findings and draws attention to the lessons learned as a roadmap for future research.

1. Introduction

Brain tumors consist of abnormally growing tissue resulting from
the uncontrolled multiplication of cells, and this tissue has no physio-
logical function inside the brain. Tumors not only increase the size of
and pressure in the brain but also cause swelling, all of which cause
abnormal neurological symptoms. According to the National Brain
Tumor Foundation (NBTF), the number of people in developed coun-
tries who die as a result of brain tumors has increased by 300% [1, 2].
Brain tumors are classified as either metastatic or primary brain tumors.
In primary tumors, the cells are originally brain cells, but in metastatic
tumors, the cancer cells have spread into the brain from another in-
fected area of the body. Gliomas are the main type of tumor currently
attracting the interest of brain tumor researchers. The term glioma
describes different types of gliomas, ranging from high-grade (HG) tu-
mors, called glioblastoma multiforme (GBM), to low-grade (LG) tumors,
such as oligodendrogliomas or astrocytomas. Chemotherapy, radio-
therapy, and surgery may be applied to treat gliomas [3].

The main goal of computerized brain tumor diagnosis is to obtain
important clinical information regarding the tumor presence, location,
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and type. The information obtained through clinical imaging can guide
and control any future interventions and thus leads to the correct di-
agnosis and treatment of the tumor. These automatic brain tumor di-
agnosis methods include different techniques that can be organized in a
pyramid. At each stage of the pyramid, distinct techniques are needed
to prepare, select, label, and describe the data, as indicated in [4].

Early tumor diagnosis plays a significant role in enhancing treat-
ment possibilities. Brain imaging techniques, such as positron emission
tomography (PET), single-photon emission computed tomography
(SPECT), computed tomography (CT), magnetic resonance imaging
(MRI), and magnetic resonance spectroscopy (MRS), are used to pro-
vide information about the location, size, shape, and type of brain
tumor to assist in the diagnosis. MRI provides rich information about
the anatomy of human tissues, and due to its widespread availability
and soft tissue contrast, it is considered to be a standard technique. MRI
uses radio frequency signals with a powerful magnetic field to produce
images of human tissues [5, 6].

Brain tumor diagnosis consists of tumor detection, segmentation,
and classification processes. Brain tumor detection techniques are
mainly used to identify MRI images of tumors from a database, which is
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considered a basic and obvious process. However, brain tumor seg-
mentation techniques are used for localizing and isolating different
tumor tissues inside MRI images. Furthermore, brain tumor classifica-
tion techniques are used to classify abnormal images as malignant or
benign tumors. These three hybrid methods and techniques present
useful information to radiologists and aid in the understanding of MRI
information required for diagnosis.

Significant work in the field of brain tumor diagnosis has been
conducted by many researchers over the past several decades. Both
tumor segmentation and classification methods have been proposed.
The clinical acceptance of diagnosis methods has depended on the de-
gree of user supervision and the simplicity of computation [4]. How-
ever, the clinical applications are still limited, and although an ex-
tensive amount of work has been performed, clinicians still depend on
the manual projection of the tumor, probably because of the lack of a
connection between clinicians and researchers.

This study presents a review of the most important existing brain
tumor diagnosis methods. The survey focuses on MRI brain tumor di-
agnosis with traditional machine learning and deep learning techni-
ques. Although several reviews are available in the literature, a specific
focus is typically placed on one particular process, such as segmentation
in [4-9], classification in [10], or diagnosis in [3, 11-13]. This article
offers a comprehensive overview of the whole brain tumor diagnosis
system in terms of tumor detection, segmentation, and classification. In
addition, the study covers the applications of traditional machine
learning and deep learning approaches in each phase or process of the
system.

The contributions of this study span multiple dimensions. First, the
study takes the entire brain tumor diagnosis system using MRI images
into account and considers the current conventional machine learning
and deep learning approaches for brain tumor diagnosis. Second, a
complete picture of the differences between and similarities of several
techniques is provided in terms of their performance in three brain
tumor diagnosis processes. Furthermore, the study introduces the
available MRI image databases that are used in evaluating the perfor-
mance of the reported techniques. Third, an extended discussion of the
current research findings and possible future improvements and trends
is provided. Fourth, a potential trial of integrating the three diagnosis
processes is outlined for future research using a single automated
system or model.

The remainder of this review is structured as follows. Section 2
presents necessary information on the brain tumor diagnosis frame-
work, the benefits of machine learning and deep learning techniques for
radiologists and clinicians, brain MRI images and available databases,
and the deep learning paradigm. Section 3 is dedicated to an in-depth
discussion of brain tumor diagnosis, which consists of tumor detection,
segmentation, and classification. This section introduces the key
achievements that have emerged from using classical machine learning
and trending deep learning techniques and related comparisons.
Section 4 is dedicated to discussing the research findings, the limita-
tions, and the lessons learned. Finally, conclusions are provided in
Section 5. A concise representation of the flow of this survey is shown in
Fig. 1.

2. Preliminaries

The general framework of a computer-aided diagnosis (CAD) system
for brain tumor diagnosis using MRI images, as summarized in Fig. 2,
consists of data collection, preprocessing, segmentation, feature ex-
traction, feature selection, feature reduction, classification, perfor-
mance evaluation and diagnosis. Data collection is the process of ob-
taining the brain images required for diagnosis that will be fed through
the diagnosis techniques. Brief explanations of the image types and the
databases are provided in Sections 2.2 and 2.3, respectively. The pre-
processing stage is a simple but necessary stage of brain image analysis.
Preprocessing is commonly used to improve the resolution and contrast
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and to reduce the noise in the images. Several preprocessing approaches
can be used, such as unsharp masking, median filters and Wiener filters.
Median filters are most commonly used in the preprocessing stage to
preserve image edges [3].

Several segmentation methods are used to perform the segmenta-
tion task. One of these methodologies is the multilayer artificial neural
network (MANN). Many researchers have used the MANN and maintain
a similar structure and learning algorithm but mention it in different
ways, such as the feedforward backpropagation neural network
(FFBPNN), the backpropagation neural network (BPNN), and the mul-
tilayer perceptron (MLP). Other segmentation methodologies and
techniques include edge-based algorithms, region-based techniques,
and clustering algorithms (e.g., k-means, mean shift, fuzzy c-means
(FCM), and expectation maximization), and high performance can be
achieved by deep learning algorithms. There are different methods for
feature extraction, e.g., wavelet transform, texture features, Gabor
features, principal component analysis (PCA), decision boundary fea-
ture extraction, and spectral mixture analysis. Many different ap-
proaches have been developed for medical image segmentation and
analysis, as described in [14].

An increase in the feature vector dimension considerably decreases
the accuracy of the system. Hence, feature selection techniques are
applied to select the most important features. The popular feature se-
lection algorithms used in the literature are sequential backward se-
lection (SBS), genetic algorithm (GA), particle swarm optimization
(PSO), and sequential forward selection (SFS), while independent
component analysis (ICA), PCA, and kernel PCA are used for feature
dimensionality reduction [10].

Several classifiers are used in the detection and classification stages,
and they are reported here as they are mentioned in the published
papers, such as support vector machine (SVM), kernel SVM (KSVM),
feedforward backpropagation neural network (FFBPNN), self-orga-
nizing mapping neural network (SOMNN), backpropagation neural
network (BPNN), probabilistic neural network (PNN), artificial neural
network (ANN), probabilistic neural network-radial basis function
(PNN-RBF), normalized cross-correlation (NCC), PSO, sequential
minimal optimization (SMO), learning vector quantization (LVQ),
multilayer perceptron (MLP), k-nearest neighbor (KNN), hybrid of ge-
netic algorithm and support vector machine (GA-SVM), spectral clus-
tering independent component analysis (SC-ICA), least-squares feature
transformation (LSFT), fuzzy Hopfield neural network algorithm
(FHNN), sparse representation classification (SRC), unsupervised linear
discriminant analysis (ULDA), FCM and convolutional neural network
(CNN). Most of these tools are used efficiently; however, the highest
performances are achieved by deep learning algorithms.

2.1. Machine learning: a clinical perspective

From a clinical perspective, the goal of brain tumor diagnosis is to
accurately detect and localize tumor tissues from MRI images using
well-established clinical information and diagnostic features. The cor-
rect clinical diagnosis should lead to timely and appropriate disease
treatment. To achieve this goal, it is important to obtain clinical
knowledge and a database representing the information at a high level
from which a decision and diagnosis can be made [4]. Manual brain
tumor diagnosis is time consuming and less accurate due to the variety
of tumor shapes and types, as there are more than 120 known types of
brain tumors.

Machine learning has received considerable interest in modern
computing, and the medical field is one of the areas of interest. The
brain tumor diagnosis field has adopted different modern machine
learning techniques. For instance, advanced algorithms such as image
denoising [15, 16], image reconstruction [17-19], skull stripping, and
registration [20] have been applied to simplify the use of brain images
and to enhance the obtained information. Therefore, machine learning
has created opportunities for collaboration among clinicians, engineers



M.K. Abd-Ellah, et al.

Magnetic Resonance Imaging 61 (2019) 300-318

Brain Tumor Diagnosis

Flow of the review

w
<
& A 4 v 4
g
8 g ~
5 E Tumor Detection Tumor Segmentation Tumor Classification
&
&
Y A 4 A A A 4 A 4 A 4 A y y A 4 A y A 4 A 4 A
> es!
= Q n) ! e
LSS 20120121 2) (B8 S| 8 2]|8l|2)712] |¢
HHIHIEE HE IR ERE
«w

L Traditional Machine Learningr J LDeep Leaming , LTraditjonal Machine Learning , LDeep Learning ] LTraditional Machine Learning l ' Deep Leaming,

Fig. 1. The flow of the article with respect to the tumor detection, segmentation, and classification processes, with two levels of information. Level 1 is used for
representing the main brain tumor diagnosis operations, while level 2 shows the identified traditional machine and deep learning techniques.

and computer scientists to develop semiautomatic, and later, fully au-
tomatic, tumor diagnosis tools with enhanced accuracy and reduced
processing time.

In a semiautomatic brain tumor diagnosis, intervention from radi-
ologists and clinicians is often required to initialize the technique, to
review the result, or to manually correct errors in the process outcomes.
However, in a fully automatic brain tumor diagnosis, computerized
tools, which incorporate prior knowledge and human intelligence, are
used for conducting the tumor diagnosis processes without a need for
human interaction.

To investigate the accuracy and the required processing time that

Preprocessing

1 1
! Unsharp masking, |
| Median, and Wiener i
1
1
1

filter.

Performance
Evaluation

Diagnosis

Sensitivity, Specificity,
Accuracy, and DICE.

Sequential Backward Selection (SBS), Genetic Algorithm (GA), Particle
Swarm Optimization (PSO), and Sequential Forward Selection (SFS).

SVM, ANN, SOM, fuzzy,
PNN, MRF, RF, and CNN,

Histogram, ANN, edge-base,

K-means, Mean Shift, and

machine learning can achieve in tumor diagnosis, a brain tumor diag-
nosis competition was conducted on 225 cases to determine the ac-
curacies of manual diagnosis and machine diagnosis by the Artificial
Intelligence Research Centre for Neurological Disorders and a research
team from the Capital Medical University. On the one hand, it was
found that machine diagnosis (Biomind system) provided 195 correct
diagnoses with a ratio of 87% in 15 min. On the other hand, the manual
diagnosis provided 148 correctly diagnosed cases with a ratio of 66% in
30 min by a team of 15 radiologists [21]. These results demonstrate the
superiority of machine learning diagnosis over manual diagnosis in
terms of accuracy, processing time and the efforts of radiologists. To
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Fig. 2. A flowchart of a generic computer-aided diagnosis (CAD) system for diagnosing brain tumors. This flowchart shows all stages of a complete CAD system; it is
necessary to have all the stages combined in one system. The tumor detection stage does not appear because the CAD system assumes that the tumor is present in the

collected data.
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Fig. 3. Examples of the manual segmentation of glioma on the same MRI by four different experts.

further illustrate this superiority, Fig. 3 shows an example of the
manual segmentation of a brain tumor on the same MRI and same
patient by four different experts.

Although semiautomatic and fully automatic diagnosis techniques
present superior results over manual diagnosis, manual diagnosis is still
used in clinical trials, especially to distinguish tumor tissues. This re-
view study is considered to be a further step to support the collabora-
tion among radiologists, engineers and computer scientists to develop
accurate and efficient brain tumor diagnosis tools based on machine or
deep learning techniques.

2.2. Brain magnetic resonance imaging

The brain can be imaged using different modalities. These mod-
alities are MRI, CT, SPECT and PET. At present, MRI, which was in-
vented in 1970, is the most important imaging modality for medical
brain imaging in use; it has several advantages over other imaging
modalities, including being safer and providing rich information, as
indicated in [22] and [2]. Fig. 4 shows examples of the four MRI
modalities extracted from the BRATS 2013 database.

MRI is well known for its many advantages, which enable doctors to
detect physical abnormalities in the brain. However, it is expensive and
not suitable for individuals with claustrophobia [23]. During MRI
image acquisition, a group of 2D images can represent a 3D brain vo-
lume. Each MRI modality plays a different role in diagnosis. Edematous
regions are delineated in T2 images. Healthy tissues can be dis-
tinguished in T1 images. T1-Gd images are used for distinguishing the
tumor border. Edematous regions can be distinguished from cere-
brospinal fluid (CSF) in fluid-attenuated inversion recovery (FLAIR)
images. The differences among the images produced by these MRI
modalities can be used to create various types of contrast images. Four
standard MRI modalities are applied for diagnosis: FLAIR, T2-weighted
MRI (T2), T1-weighted MRI (T1), and T1-weighted MRI with gadoli-
nium contrast enhancement (T1-Gd), as shown in Fig. 4.

2.3. Available MRI databases

Every technique needs to be validated by comparing a quantitative

index with a truth model to measure the efficiency. Typically, a truth
model is created by experts. New methods can also be evaluated by
expert radiologists and physicians or using synthetic images [22]. A
comparison of different databases is shown in Table 1.

BrainWeb was developed by the McConnell Brain Imaging Centre;
an MRI simulator provides anatomical models of normal and abnormal
brains. BrainWeb has an assortment of intensity nonuniformity (“RF”)
levels (0, 20 and 40), and for each level, the slice thicknesses are 1 mm,
3mm, 5mm, 7 mm, and 9 mm with different noise levels (0%, 1%, 3%,
5%, 7%, and 9%). The Internet Brain Segmentation Repository (IBSR)
was developed by The Center for Morphometric Analysis (CMA). The
brain MRI database contains files formatted as 256 x 256 images with
16-bit integers.

The AANLIB database available from Harvard Medical School con-
tains six main sections: a neuroimaging primer and sections on normal
anatomy, cerebrovascular disease, neoplastic disease, degenerative
disease, and inflammatory disease. The Section for Biomedical Image
Analysis (SBIA) of the Center of Biomedical Image Computing and
Analytics (CBICA) at the University of Pennsylvania is used for devel-
oping computer-based image analysis methods for diagnosing brain
diseases, such as Alzheimer's disease, schizophrenia, autism, and trau-
matic brain injury (TBI). These databases were used for the Medical
Image Computing and Computer Assisted Intervention (MICCAI) chal-
lenges. The Reference Image Database to Evaluate Therapy Response
(RIDER) was developed by The Cancer Imaging Archive (TCIA) and
contains imaging data obtained from 19 patients. Alzheimer's disease
neuroimaging initiative (ADNI1) contains two types of Alzheimer's
disease and contains imaging data obtained from 400 patients. Allen
brain atlas provides a normal images dataset that contains imaging data
obtained from 20 patients. Moreover, “ Brain-development.org” pro-
vides a dataset for normal patients collected from 3 hospitals.

2.4. Deep learning paradigm

Deep learning is the learning performed by a convolutional multi-
layer neural network, which has many hidden layers and free para-
meters. Unlike the commonly used multilayer neural network, each
MRI input image passes through a series of convolution layers with

Fig. 4. Examples of different MRI modalities applied to HG glioma. The examples were extracted from the BRATS 2013 database. From left to right: T1 MRI image,

T1-Gd MRI image, T2 MRI image, and FLAIR MRI image.
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Fig. 5. A chart illustrating some common neural network types. The figure is used with copyright permission from The Asimov Institute [26].

filters (kernels), pooling layers, fully connected (FC) layers and finally,
a softmax function is applied for the final decision-making task. Both
classical machine learning and deep learning are artificial intelligence
tools; however, deep learning has many characteristics that make it
more powerful than traditional machine learning techniques. Such
characteristics include a large number of free parameters, which en-
sures a solution for any relation; functions used in hidden layers; and
complex connections between layers. Additionally, each layer can
perform different tasks based on its structure and type. Despite the
advantages of deep learning, common disadvantages such as the need
for building a complex architecture using hidden layers, the high
computational cost during training, and the large amount of data re-
quired for the training process to achieve a desired performance still
remain [24]. Furthermore, these disadvantages contribute towards in-
creasing the training time.

There are many types of and names for deep learning network
structures, such as convolutional neural network (CNN), deep residual
network (DRN), deep feedforward network (DFF), deep convolutional
inverse graphics network (DCIGN), deep belief network (DBN), and
deconvolutional network (DN), as shown in Fig. 5. The CNN archi-
tecture is the most common in the field of image processing. Its struc-
ture mainly consists of an input layer; feature extraction layers, which
use convolutional layers; a rectified linear unit (ReLU) layer as an ac-
tivation function; pooling layers; and classification layers [25].

The performance of deep learning methods, specifically CNN, in
brain image diagnosis has increased their popularity among re-
searchers, leading to a preference for using deep learning over tradi-
tional machine learning techniques. A CNN directly learns the re-
presentative complex features from the brain MRI images themselves,
which allows the research focus to be on designing the architecture of
the network rather than the extraction and reduction of the features.
Patches extracted from brain MRI images are provided as inputs to the
CNN, and local subsampling and trainable convolutional filters are used
to extract the representative complex features [7, 10].

3. Brain tumor diagnosis

In recent years, numerous specialists in the field of medical tomo-
graphy and delicate processing have made noteworthy advances in
brain tumor diagnosis. Both fully automatic and semiautomatic strate-
gies have been proposed. Clinical acknowledgment of diagnosis stra-
tegies has relied upon the simplicity of calculation and the level of
supervision. As shown in Fig. 2, brain tumor diagnosis is divided into

tumor detection, segmentation, and classification processes, which are
discussed in-depth in this section. Performance comparisons of the re-
ported techniques are also presented.

3.1. Tumor detection

Detection is the process of detecting the presence or absence of a
tumor using MRI image databases. Detection is one of the most common
problems in the medical field. The output of the tumor detection pro-
cess is an MRI image labeled as normal or abnormal. Brain tumor de-
tection through MRI can be performed using different techniques, such
as SVM, ANN, KNN, and FFBPNN. The most commonly used techniques
are summarized in Fig. 2, and different detection techniques are com-
pared in Table 2 based on the feature type, detection methodology, and
performance. Achieving the best detection method requires a large
standard database as a benchmark to train the classifier and find the
optimal method for feature extraction and detection.

3.1.1. Traditional machine learning in tumor detection

Several machine learning methods and different techniques are
available for brain tumor detection through MRI. The method described
by El-Dahshan et al. [27] uses DWT to obtain 1024 features and PCA to
reduce them to 7. Then, the 7 features are provided to the detection
stage, which uses an ANN consisting of three layers, with 7 nodes in the
input layer, 4 neurons in the hidden layer, and a single neuron in the
output layer. In the detection stage, two classifiers are used for the
feedforward backpropagation artificial neural network (FP-ANN) and
KNN. The database consists of 60 abnormal and 10 normal MRI images.

Zhang et al. [28] presented a BPNN method for identifying brain
tumors in MRI images and separating normal from abnormal images.
The wavelet transform is used to extract features from the images, and
then PCA is applied to reduce the dimensions of the features. A 3-level
decomposition with Haar wavelets has also been used to reduce the
extracted features from 65,536 to 1024 and to approximate the coef-
ficients of level 3. In total, 19 principal components are used to train the
BPNN. The neural network structure is as follows: 19 nodes in the input
layer, 10 neurons in the hidden layer, and one neuron in the output
layer. The dataset consists of 66 images, with 48 abnormal and 18
normal images. The reduced features are sent to the BPNN classifier.

Saritha et al. [29] proposed a new method for classifying brain MRI
images as normal or abnormal (pathological). Wavelet entropy-based
spider web plots are applied to extract three features. A PNN is used for
the detection process. The PNN has two layers: the competitive layer
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and radial basis layer. The dataset consists of 75 MRI images: 15 normal
and 60 abnormal images. A total of 52 images are used for training, and
23 images are used for testing.

In [30], Yang et al. proposed a new algorithm for early brain tumor
detection by MRI. A 3-level 2D-DWT with Haar wavelets is used to
extract features. Biogeography-based optimization (BBO) is utilized for
optimization. A kernel-type SVM is used as a classifier with an RBF
function. The dataset consists of 90 T2 MRI images with 256 x 256
pixels, including 5 normal and 85 abnormal images. A 3-level wavelet-
energy process is used to reduce the features from 65,536 to only 10.

H. Kalbkhani et al. in [31] used 2D DWT and modeled the subband
of the detail coefficients using generalized autoregressive conditional
heteroskedasticity (GARCH), reducing 61,440 wavelet features to 24
features. Linear discriminant analysis (LDA) is used to extract the fea-
tures, and PCA is used to reduce the feature vectors. Seven features are
selected from the feature vectors with the eight-class scenario, and one
feature is selected with the two-class scenario. Finally, a KNN and SVM
identifier are applied for the detection process. The database contains
70 abnormal and 10 normal MRI images. The training set contains 21
abnormal and 3 normal images, while the testing set consists of 49
abnormal and 7 normal images.

Xuan and Liao [32] proposed a method for tumor detection. Three
types of features are extracted from the input image, including in-
tensity-based, symmetry-based, and texture-based features. Then, 40
features are selected, including 1 symmetry-based feature, 13 intensity-
based features, and 26 texture-based features. The features are ex-
tracted from different image types, with 9 features extracted from T1
images, 12 features extracted from T2 images, and 19 features extracted
from FLAIR images. An AdaBoost algorithm is then used in the detec-
tion process. The dataset contains data from 10 patients with 3 volumes
of MRI images. Each volume consists of 24 slices. The dataset is divided
equally into training and testing sets.

Othman et al. [33] used DWT with Daubechies wavelets to extract
features from MRI images, producing 17,689 feature vectors for each
image. An SVM is then applied for tumor detection with a kernel-type
RBF. Sindhumol S. et al. [34] presented a technique for brain tumor
detection by MRI based on spectral clustering independent component
analysis (SC-ICA). Spectral distance is used to divide MRI images into
different clusters, followed by the use of ICA along with an SVM. The
database contains 20 abnormal and 40 normal MRI images. Later, Ab-
dullah et al. [35] used DWT to preprocess images and extract features,
producing 17,689 feature vectors for each image. An SVM is then used
to identify the extracted features as normal or abnormal.

Nandpuru et al. [36] proposed a new detection technique. A median
filter is used to remove noise in the preprocessing stage. Then, dilation
and erosion techniques are applied to the MRI image for skull masking,
and features are extracted using grayscale, symmetry and texture. PCA
is used to reduce the number of features from 28 to 24 features, which
are then used by an SVM in the detection stage. In total, 46 brain MRI
images are used to train the SVM, and 50 MRI images are used in the
testing stage.

Chandra et al. [37] proposed a new algorithm for brain tumor de-
tection through MRI images using a clustering algorithm based on PSO.
The algorithm finds the centroids of a number of clusters, finds the
global best, and updates the cluster centroids based on the maximum
average Euclidean distance. The database contains 110 abnormal and
62 normal MRI images.

Machhale et al. [38] designed and presented a new system for brain
cancer detection. The system consists of image preprocessing, feature
extraction and detection. A median filter and skull masking are applied
during preprocessing. Symmetry, grayscale and texture features are
extracted in the feature extraction stage, and 28 features are extracted
from each MRI image. A KNN, SVM, and a hybrid (SVM-KNN) identifier
are used in the detection stage. The dataset contains 96 brain MRI
images, with 46 images for training and 50 for testing.

Another study by Najadat et al. [39] introduced a method for brain

Magnetic Resonance Imaging 61 (2019) 300-318

tumor detection. The method extracts features from brain MRI images.
The ANN and KNN approaches are applied to label the brain MRI image
as normal or abnormal. The database contains 615 abnormal and 95
normal MRI images. The number of features extracted from the MRI
image by texture is 278.

A study by Kharrat et al. [40] also presented a new methodology,
which consists of the following five stages: features are extracted by
DWT and spatial gray level dependence matrix (SGLDM). Then, simu-
lated annealing (SA) is applied for feature vector reduction, whereby 13
extracted features are reduced to 7 selected features. Stratified k-fold
cross validation and the GA-SVM model are applied to optimize the
parameters, which are then provided to the SVM identifier. The dataset
contains 83 brain MRI images: 22 images for training (10 abnormal and
12 normal) and 61 for testing (44 abnormal and 17 normal).

Xiao et al. [41] proposed a method for estimating features from the
correlation between the tumor and the lateral ventricles (LaVs) of the
brain, which are then used to segment the tumor from MRI images. The
approach consists of four stages: preprocessing, feature extraction,
segmentation, and detection. The authors use KNN and conventional
FCM (CFCM) clustering to detect abnormal images.

Ibrahim et al. [42] proposed a new technique for brain tumor de-
tection by MRI. PCA is used for dimensionality reduction to reduce the
image features to 64 features, which are provided to the detection
stage. Subjects are detected as having normal or abnormal images by a
BPNN with the following structure: an input layer with 64 nodes, a
hidden layer with 10 neurons, and an output layer with 64 neurons.

Deepa and Devi [43] proposed a system consisting of feature ex-
traction, detection and segmentation. Optimal texture features are ex-
tracted from the tested image using a statistical method. A BPNN and
radial basis function (RBF) neural network are used in the detection and
segmentation stages. The dataset contains 42 brain MRI images (25
abnormal and 17 normal), with 30 images used for training and 12 used
for testing.

Mohsen et al. [44] presented a hybrid method for brain tumor de-
tection by MRI. The image is preprocessed using a feedback pulse-
coupled neural network (FPCNN). Discrete wavelet transform (DWT)
and PCA are used for feature extraction and reduction. A two-level DWT
decomposition is used to provide the LL subband data to the PCA as
feature vectors. Then, PCA is used to select a vector of 7 features to
provide to the detection stage. The FFBPNN is then used to classify the
MRI image as normal or abnormal. The FFBPNN consists of 3 layers
with the following structure: 7 nodes in the input layer, 5 neurons in the
hidden layer, and one neuron in the output layer.

Goswami and Bhaiya [45] combined a neural network with fuzzy
logic in one system, called a hybrid neuro-fuzzy system, for detecting
the presence of brain tumors. The proposed system consists of image
preprocessing and feature extraction using a gray-level co-occurrence
matrix (GLCM). The dataset contains 100 brain MRI images (60 ab-
normal and 40 normal).

In [2], Abd-Ellah et al. proposed a new method for brain tumor
detection by MRI. MRI images are preprocessed using a median filter,
and then features are extracted by DWT. PCA is applied for feature
reduction, and the detection process was accomplished using an RBF
and kernel-type SVM. The dataset consists of 80 MRI images, including
10 normal and 70 abnormal images. In total, 5 normal images and 43
abnormal images are used for training the SVM, and 5 normal images
and 27 abnormal images are used for testing.

Abdullah et al. [46] used Daubechies wavelets to extract features,
which are then processed by PCA to reduce the feature vectors from
17,689 to 200. An SVM and kernel-type RBF are then used to detect
normal and abnormal MRI images. In total, 20 normal T2 FLAIR images
and 11 abnormal T2 FLAIR images with 256 x 256 pixels are used for
training the SVM; these images were selected from a database con-
taining images from 32 patients (22 abnormal and 10 normal images).
The number of tested images and the number of images for each patient
are not mentioned.
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Fig. 6. Examples of different segmentation techniques applied to MRI modalities. The examples were extracted from the BRATS 2013 database.

In [58], the authors presented an automated technique for brain
tumor segmentation from FLAIR MRI images. The technique uses super-
pixel-based extremely randomized trees, detection by SVM and an ex-
tremely randomized trees (ERTs) classifier to detect abnormal MRI
images.

Parveen and Singh [47] proposed a new method for brain tumor
detection by MRI. The study starts with input image enhancement and
skull stripping. FCM is applied for image segmentation, and then the
gray-level run-length matrix (GLRLM) is used for feature extraction. An
SVM classifier is applied to identify abnormal images. The dataset
contains 120 brain MRI images, with 96 images for training and 24 for
testing.

Bhanumurthy and Anne [48] proposed a method that consists of
three stages: feature extraction, detection, and segmentation. The ex-
tracted features, entropy, contrast, energy, homogeneity, and correla-
tion, are provided to the detection stage, in which a neuro-fuzzy ap-
proach is used.

Deepa and Devi [49] presented an automated detection metho-
dology. After the MRI image is preprocessed, features are extracted by
applying the texture feature and GLCM. SMO is used in the detection
stage. The input dataset contains 42 images: 17 normal and 25 ab-
normal images.

In [50], a hybrid approach for brain tumor detection by MRI is
presented. The proposed method consists of three stages: preprocessing,
feature extraction and detection, which use noise filtering, GLCM, and
least squares support vector machine (LS-SVM), respectively. Four
features are extracted: energy, correlation, homogeneity, and contrast.
The dataset contains 100 brain MRI images, with 31 images for training
(23 abnormal and 8 normal) and 69 for testing (52 abnormal and 17
normal).

In [51], LVQ, MLP, SOM and RBF classifiers are used in the detec-
tion stage to investigate the brain MRI dataset. Gaussian and kernel
median filters are used in the preprocessing stage. Gaussian thresh-
olding is used to extract the boundaries. Feature extraction is performed
by GLCM, which provides 21 features and reduces them to 8 features
via PCA. The 8 features used in the detection stage are contrast, en-
tropy, homogeneity, correlation, moment, inverse moment, energy, and
maximum probability.

Goswami and Bhaiya [52] presented a new method for identifying
brain tumors by MRI based on a neural network technique. Histogram
equalization, noise filtering, and edge detection are applied in the
preprocessing stage. Then, features such as contrast, correlation, en-
ergy, and homogeneity are extracted by ICA and provided to the de-
tection stage, which uses a self-organizing map (SOM) neural network.

Najafi et al. [53] proposed an automated method for brain tumor
detection by MRI. The presented method consists of four processing
stages: preprocessing using histogram equalization, feature extraction
using DWT, dimensionality reduction using PCA, and detection. In the
detection stage, three techniques are used: KNN, Parzen window and
ANN. The feature vector dimension provided by DWT is 1024. Then,
PCA is used to reduce the number of features to 5 for the Parzen, 6 for
KNN, and 7 for ANN processes. The ANN consists of three layers, with 7
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nodes in the input layer, 5 neurons in the hidden layer, and 2 neurons in
the output layer. The database consists of 41 abnormal and 125 normal
MRI images.

Amsaveni et al. [54] computed the features of regions of interest
(ROIs) using Gabor texture features. A cascaded correlation artificial
neural network (CCANN) is then used to detect the presence of a tumor.
The CCANN consists of two inputs, two hidden layers, and the output
layer. The dataset contains 50 brain MRI images collected from diag-
nostic centers. Subashini and Sahoo [55] presented a method for brain
tumor detection using a BPNN and a pulse-coupled neural network
(PCNN). The dataset contains 16 brain MRI images, including 8 ab-
normal and 8 normal images; 14 images are used for training, and 2
images are used for testing.

3.1.2. Deep learning in tumor detection

Brain tumor detection using deep learning techniques is a very re-
cent field of research, and research papers on this subject are rare. Abd-
Ellah et al. [56] used the convolutional neural network (CNN) of
AlexNet as a feature extractor. Furthermore, the error-correcting output
codes support vector machine (ECOC-SVM) is used in the classification
stage, achieving an accuracy of 99.55%. In [57], DWT was combined
with PCA for feature extraction and selection, respectively. The ex-
tracted features are classified by a seven-layer deep neural network
(DNN).

3.2. Tumor segmentation

Segmentation is the process of dividing an image into ROIs to fa-
cilitate the characterization, delineation, and visualization of the data.
The goal of segmentation is to change the representation of the MRI
images to be more significant and easier to analyze in terms of the lo-
cation and boundaries of tumors. Segmentation separates the tumor
tissues, such as necrotic and edema, from normal tissues, such as white
matter (WM) and gray matter (GM), as shown in Fig. 6. Additionally,
tumor segmentation methods are based on similarities and dis-
continuities in image intensity. The intensity segmentation technique is
based on dividing the MRI image using changes in the intensity, such as
that at corners and edges, or similarities in the intensity by partitioning
the regions based on a set of predefined criteria. The most commonly
used segmentation methodologies are summarized in Fig. 2. Several
methods and techniques are available for the segmentation of brain
tumor MRI images, including histograms, ANN segmentation techni-
ques, edge-based algorithms, physical model-based approaches, region-
based techniques, and clustering algorithms, such as k-means, mean
shift, FCM, and expectation maximization algorithms.

Different segmentation techniques and methodologies are compared
in Table 3 based on the performance and limitations of the segmenta-
tion system. Mainly, prior knowledge and artificial intelligence are
combined to enhance the segmentation performance. The highest per-
formances are provided by deep learning techniques [10].



Magnetic Resonance Imaging 61 (2019) 300-318

"sadewl ANl LL YIM YI0M J0U $30Q L8 G566 08'I8 P¥'S6 €10T SLVdd NNO-¥  [95]
‘Joselep SATSI Suisn usaym dueuriofrad pasnpay L'v8 - S8 9'L8 S10C s1Lvdd 49D perosuu0d Ang dg  [H0T]
"PIASIYIE SOUBISIP JyIopsneH Surdysnesur) 8'68 - T16  L68 S10C S1vud NND @g  [€01]
'SUOISaI PAdURYUD PUE 310D 10J ddURULIONIAd 19U-) 1004 /8 - - - S10T SLVYd NNa [zot]
“Josejep [rewrs A1\ - 96 - - HOM NND [10T1]
‘ejep Sururexn oy} JJISAO0 SYIOMISU pIuTeI], STL - - - 210T IVDDIN NND ag pue dz  [00T1]
"BWON[3 DT 10§ 21038 DI MOT €8 - 88 68 ST0T S1vdd NNd [66]
“Arxo1dwod wIRISAS SsERIdUT YIIYM ‘SIoAR] AUBI S8 - 08 <6 €10T SLVdd NDOd  [86]
*sadewt TYIN 1L YIIM }Iom jou saop ouiry [euoneinduwod Suof s1oke] Aueiy L8 - 6 €8 €10T S1vdd 44D pue NNDA [46]
‘UOTIN[0SaI J[3Uls $IT PIM uoI3ar Jowm) 3y 121paid 0) aam[rey {s1oke] AURIN 8 66 098 80°€8 G10T S1Lvdd S9IMIdAIYAIR NND A€ [96]
‘s1ohe] Auepy 68 - - - 9102 S1vyd NN¥aod  [s6]
-owm reuoneinduwod Suoj ‘sadueyd aseqelep YIM d3UeYD SINSIY 88 - 68 /8 €102 S1vVdd NNa [¥6]
-owmn TeuoneIndwod 3y} SISEIIDUT YITYM ‘UOTIEIYISSED 9JBINIOE JOJ PIPIU dIe SUONB[NUWIS AUBIy - Sz - - sapdures JuaIayIqQ NNdg  [¢6]
-ouir reuopenduwod Suog 8°06 - - - - oS [z6]
‘s1own)
SIYISSE[D A[1021100U] INq S12919P poyawr a3 Jeyl Sunesrpur ‘9dA) joum) yoes I0j PaAdIYde AoBINdde JUSIRYIQ - 16 - - DI NNV pue WOSH [16]
-own) Teuoneindwod Y3y pue soueurioynd mog - - - - qopurerg JI0MIaU [eIndu NOS [06]
*A5eIndoe 1) 9SBAIDUT 0] UOHBIYIPOUI dWOS Spaau anbruysa) Surssadordaid - /S06 - - £1oy1s0daz auruQ DA pue ‘sueauwr-y ‘uipjoysary) ‘nsl0  [68]
SI9JUDD
*S)[NSAI 9)JBINIE P[IIA JOU S0P YITYM ‘S93BWIT G YIIM PIJBN[BAD ST UOTIEIYISSE[D - 7v6 - - SISOUSeIp [edIPW SNOLIBA NNg4d  [88]
'sodewr ureiq ¢ ATUO YIIM PaIsa) POYISIA - €6 - - - JIOMIBU [eINdU IeMm[RD  [/8]
‘pasn sadew (O A[Uo aselep [[ewis Ao\ - 668 - - - NNdd  [98]
awn [euoneInduwod 3} SISLIIdUT Pue AIBINIIE ) SISEIIIIP
yomym ‘Arxerdwod wayshs Y31y A1aa o8e3s uonejuawdas ur A[I091100 WISAS MOYS J0U S0P JIBYIMO[] POYIDA - €6 08 00T  989[[0d [EIIPaU JUSUILIDAOD INASY PRYIPOIN [s8]
*Arxardwod wasAs saseardur yorym ‘wrerSord puodss ayl 01 paj pue paiols aq 0} Padu S[OY paIudwas OSdINAS pue
‘uonedyIsse[d 10y 1210 3y} pue ‘uonejuswdas pue Surssadordaid 105 suo ‘surerdoxd om) Ul papIAIp ST POYISW YT, - 001 - - AIINVV ‘NN ‘NNV ‘IAS ‘soeq aATeu ‘913 uoiswaq  [#8]
own [euoneIndwod Y} saseadUl W)SAS 3y jJo Ayxerdwo)n - 96 S6  8TY6 (4SL) oyda urds oqang, sueaw-d dnsifiqissod pue WO4  [€8]
‘paanseas A[9A1II9[qO 10U SeM JUIWIRIURYUD 9} JO IUBULIOJIDJ - - - - DI INOSH [z8]
awn [euoneindwod oy saseardur poyrowr pasodoid ay) Jo Arxaduwon 16 8,98 1'66 8'v6 gsdl pue Dad NNHd  [18]
*SI9YI0 YIIM pareduwrod Jou SI poyIAwW Y}
PUE ‘PaIBMOed 10U ST ADBINDDIE ) L9OUISE JOWN) AJISSE[D JOU S0P PUBR UONBIUSWSIS JOUm) I0J Pasn ST POYISIA 26 08 - - $921n0s d[qereae APIAnd uo1nI2IAP 98pa elRWOINE IBMPD  [6/]
*SNOIAQO JOU I YDIYM ‘Seare
Jourmn) 2102 Juawidas 0] urdusyreyd ‘s1aserep 1s9) pue Jururer) Y] USIMIS] AJIqRLIBAUT AJISUSIULIDIUT pUR -BIIU] G8 - 98 98 €10T S1vad TIN [84]
*19sN B SoIMbal pue d[RWOINBIWSS ST POYIAW Y} UONIBIIXD
2IMmesj TeuolsuawWIp-ySIy pue dsn sepe urelq ‘uonernsidar ureiq s[dnnuI YIIM SISEIIIDP DUBULIOJID G8 - - - €10T S1vdd TID-NNM  [24]
o) TeuoneINdwod 9y} SISBIIDUI YIIYM ‘PaUuTer) 3q ISNUW SHIOMISU [BINSU JO SI3S OM], - 06 - - - NNV  [9/]
+98pa ue 0] JuddE(pR ST JOUIM] USYM SINID0 UOHRIUSWSSS Is[e] - 16 - - - 3urpjoysa1y} 1eqo[o [sz]
*Ky1renb amsus o) pappe aq Isnur dals UONEIYLIDA Y - 596 - - qaMmurerg vaim  [vz]
‘JUSIOLYNSUT I PISN SIINJLIJ SPOYIAW J9YI0 (1M parediiod mof ST 2103 I [[BISAQ 19 - £'56 S'€S readsoH SIAeIAl 62 NOS pasiazadnsun  [£/]
owm) TeuoneIndwod YY) SISEIIDUT puE AOBINIIE YY) SISLIIIIP W)ISAS ) Jo Arxorduwon - 16 - - YHNIDd NNV [14]
*AJUO UONDBIXD 2INJBIJ UTRIq JUSPOI I0J PAYINS [[9M ST POYIRIA - 1'86 - - urdgorg Ioynig NNDd [891]
"POYIOW DJBWOINBIWDS ‘BUNUNSU0d-SWIL], Sv8 - €8 T'L8 ¢102 S1Vdd uonejuwawsas paseq-yders pue 1soogepy  [£9]
‘ure1q 9y} jo sonsuLldeIeyd xo[duwod Jussaidal 0] JUSILINSUT dI8 SAINJEJJ paseq-ysled 98 Pue 6 - - - €102 S1vdd odIT  [99]
00T 00T 00T BARAES
001 00T 001 qaMurerg
*saueyd aseqelep YIm sadueyd Aoemooy - 506 001 506 NODIa 198 [oA9] pue SurpjoysaIyl,  [£9]
‘BUISPA SB SI[OLIIUSA ) PUNOIR WILI [[EWS ) SIYISSe]d ] 06 - - - saseqeiep JUIPIP § sepe NS WIM SN [29]
$9INJL9J UOISUSWIP
*MO[ ST 9102S 921(] [[BISAO 3], '8y - - - SWRISAS [EIIPIAl SUSWIDIS [eloehynnu pue VSdLd Yim 3soogepy [19]
*MO] AI9A ST 21008
921( 9Y, "MOJ sI ddueurio}iad a3eIaAe o) INq ‘SISED WIS J0J JNSII A} SISLAIIUT [9POW SURISSNELD IIIY) AT, 09 - - - - sepie onsifiqeqoxd 3uidiea Ajreneds [09]
'S)[NSAI 9)BINJOLUL SISNED YIIYM ‘PI[PUBRY 3] JOUULRD UO[RULIOJOp 818 %08 - - - saseqelep [eal ¢ S$9JBWITIS? ISNQOI PUB UONDIALP WIPNO  [65]
(%) Pa (WY (%) ds (%) 3s
suone)Tury SOINSBIW SDUBULIONIDJ 31:1g spoyow uonejuowdag  radeq

309

M.K. Abd-Ellah, et al.

TIIN ySnoayy uonejuawdas Jowmn) ureiq I0j sanbruida) Jo MIIAIOAO0 UY
€ dIqelL



M.K. Abd-Ellah, et al.

3.2.1. Traditional machine learning in tumor segmentation

Several machine learning methods and techniques are available for
brain tumor segmentation through MRI images. Prastawa et al. [59]
described an automatic brain tumor segmentation technique using
outlier detection. In this technique, a registered brain atlas is used to
detect abnormal regions; then, the robust estimates are used. Geometric
and spatial constraints are applied to the detected tumor. The method is
applied to 3 different databases. In [60], Menze et al. proposed a
probabilistic model for brain tumor segmentation using a spatially
varying probabilistic atlas. The employed dataset contains brain MRI
data from 25 subjects for four modalities: T1, T2, FLAIR, and post-
Gadolinium T1. An explicit statistical model is built for all images. The
model parameters are estimated by the maximum likelihood parameter
estimation (MLPE) approach. Then, a Markov random field (MRF) is
used for a spatial regularization.

Islam et al. [61] combined piecewise triangular prism surface area
(PTPSA) and multifractal dimension features for brain tumor segmen-
tation. A standard preprocessing method is applied to the MRI image;
then, fractal, texton, and intensity features are extracted in the feature
extraction stage. The extracted features are directly fed to an AdaBoost
classifier. The employed dataset contains 309 brain MRI images: 99
astrocytoma images and 210 medulloblastoma images. The volumes are
unwrapped into slices and realigned for every patient. Then, the slices
are co-registered using the SPM8 toolbox to correct the bias field. The
image is divided into 8 X 8 nonoverlapping subimages using Daubechies
wavelet. The number of extracted features is 48. The performance is
measured on BRATS 2012, obtaining a Dice score of 48.4%.

Nathan et al. [62] combined a probabilistic geometric model with
statistical classification to segment brain tissue and tumors in MRI
images. The expectation maximization (EM) is improved by using a
statistical parametric mapping (SPM) atlas that provides spatial prob-
ability information. A soft threshold, a mixture model, and two Gaus-
sian distributions are also used. Five different datasets are used to
evaluate the algorithm performance.

Maksoud et al. [63] presented a segmentation method using k-
means clustering combined with FCM clustering. Then, level set seg-
mentation and thresholding stages are applied to improve the seg-
mentation process. The technique is tested with three different data-
bases, providing an accuracy of 90.5% for the first dataset, consisting of
22 images; 100% for the second dataset, consisting of 152 images; and
100% for the last dataset, consisting of 81 images. The images are
preprocessed by a median filter for noise removal, and the brain surface
extractor (BSE) algorithm is used for skull stripping.

In [64], the authors presented a method for brain tumor segmen-
tation by MRI based on random-forest-derived probabilities and the
generation of probability maps for refining MRFs. Gaussian mixture
modeling (GMM) is used to model different tumor tissues. The em-
ployed dataset contains 520 brain MRI data from 30 subjects for four
modalities: T1, T2, FLAIR, and T1C. The database includes 20 HG
gliomas and 10 LG gliomas.

Nabizadeh and Kubat [65] presented a fully automatic technique for
brain tumor segmentation based on Gabor wavelet features and statis-
tical features with multiple classifiers. In total, 20 GLRLM features, 80
histogram of oriented gradient (HOG) features, 112 GLCM features, and
256 linear binary pattern (LBP) features yield a 475-dimension statis-
tical feature vector. Statistical features are extracted, and PCA is used to
reduce and select the important features. In total, 20 features are se-
lected by PCA in the feature dimensionality reduction stage. The dataset
contains T1 and FLAIR brain MRI data from 25 subjects.

Huang et al. [66] proposed an automatic brain tumor segmentation
method for MRI images using the local independent projection-based
classification (LIPC) technique. The employed dataset contains data
from 120 brain MRI tumors, including 76 HG tumors and 44 LG tumors.
The training database consists of 45 HG tumors and 35 LG tumors,
while the testing database consists of 31 HG tumors and 9 LG tumors.
Mathematical morphology and the connected component algorithm are
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applied in the postprocessing stage.

Jiang et al. [67] introduced a method for brain tumor segmentation
that uses population- and patient-specific feature sets to construct a
graph through a learning process. Then, a graph cut is used to achieve
the final segmentation. The employed dataset contains 80 brain MRI
images: 45 of HG tumors and 35 of LG tumors. Image modality features
and Gabor features are used in the feature extraction stage. The dis-
advantages of this method are that the method is semiautomatic and the
training is time consuming. Chou et al. [68] used 3D PCNNs to auto-
matically extract features of rodent brain images. Morphological ero-
sion is applied as a morphological operation after the PCNN. A spherical
shape is selected to provide the smoothest mask. To restore the brain
mask, a morphological dilation is applied at a later stage.

Van Leemput et al. [69] proposed a fully automated method for
multiple sclerosis (MS) lesion segmentation by MRI based on MRFs that
adds contextual information to the last segmentation stage. Manually
labeled images are used to estimate MRF parameters. The dataset
consists of 20 MS patients, and it contains T1-, T2- and PD-weighted
images with 24 axial 256 x 256 slices. Khayati et al. [70] proposed an
automatic method for detecting MS lesions in brain FLAIR MRI images
based on an MRF model and adaptive mixture method (AMM) by ap-
plying an optimal threshold.

In [71], Sachdeva et al. developed a system for segmenting and
classifying brain tumors through MRI images. A content-based active
contour model (CBAC) is used to segment tumor regions. Laplacian of
Gaussian (LoG), GLCM, rotation-invariant local binary patterns
(RILBPs), intensity-based features (IBFs), directional Gabor texture
features (DGTFs), and rotation-invariant circular Gabor features
(RICGFs) are applied for feature extraction. PCA is used to reduce the
number of features provided to the ANN in the final stage. A dataset for
experimental work is obtained from the Department of Radiodiagnosis
of the Postgraduate Institute of Medical Education and Research
(PGIMER). The dataset contains 428 T1 images, providing 856 seg-
mented regions of interest (SROIs) consisting of 118 astrocytoma (AS)
regions, 59 glioblastoma multiforme (GBM) regions, 97 pediatric me-
dulloblastoma (MED) regions, 88 meningioma (MEN) regions, 66 sec-
ondary tumor/metastatic (MET) regions, and 428 normal regions
(NRs). In [72], Wu et al. presented a method for brain tumor detection
and segmentation by MRI using multilevel Gabor wavelet filters, an
SVM, and an affinity metric model.

In [73], a new brain tumor segmentation algorithm was presented;
the algorithm segments brain tumor, white matter (WM), edematous
regions, CSF, and gray matter (GM). An anisotropic diffusion filter is
used in the preprocessing stage. Stationary wavelet transform (SWT) is
used to extract the target features. An unsupervised SOM network is
applied in the following tumor segmentation stage.

Lin et al. [74] introduced a method for the precise, accurate and
efficient quantification of brain tumors by MRI. An MRI image is
standardized and then segmented to compute the volume of edema. All
segmented region volumes are then computed by ULDA, which consists
of LDA and target generation process (TGP).

Akram and Usman [75] proposed an automatic brain tumor seg-
mentation technique using global threshold segmentation and mor-
phological operations, and they achieved an average accuracy of 97%.
Morphological erosion and dilation are applied with a binary masked
tumor window to the segmented image in the postprocessing stage. The
testing database contains 100 MRI images from different patients.

In [76], Canny edge detection and adaptive thresholding are com-
bined and applied as an image segmentation algorithm. The dataset
contains 102 brain MRI images, consisting of 70 normal MRI images, 20
images of secondary tumors, and 12 images of primary tumors. The
dataset is divided into 54 images for training and 48 for testing. The test
set contains 16 images of tumors, with 10 malignant and 6 benign tu-
mors. The performance is high due to the large number of MRI images
used.

Havaei et al. [77] presented a semiautomatic method for brain
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tumor segmentation by MRI based on a KNN approach providing the
simplest feature vector combined with conditional random fields
(CRFs). The dataset consists of 40 brain MRI images (30 HG and 10 LG
tumors). The training database contains data from 20 subjects with an
HG tumor and 10 subjects with an LG tumor. However, the testing
dataset contains data from only 10 subjects with HG tumors, and the
segmentation methodology was tested with only images of HG tumors.

Li et al. [78] combined Markov random fields (MRFs) and sparse
representation to develop a fully automatic brain tumor segmentation
algorithm. The dataset consists of 64 MRI brain images, with 50 of HG
tumors and 14 of LG tumors. The training database contains 20 images
of HG tumors and 10 images of LG tumors, and the testing database
contains 30 images of HG tumors and 4 images of LG tumors.

In [79], Charutha and Jayashree presented a new technique for
brain tumor segmentation using MRI images. A preprocessing stage is
applied before incorporating modified, texture-based region growing
and cellular automata edge detection to enhance the efficiency of brain
tumor segmentation. A median filter is used to reduce the effects of
edge blurring and remove the noise present in the preprocessing stage.
The disadvantages of modified, texture-based region growing are as
follows: oversegmentation can occur due to the presence of noise, the
accuracy depends on the image quality, and image shading cannot be
distinguished.

Pinto et al. [80] proposed a brain tumor segmentation method using
appearance- and context-based features with an extremely randomized
forest (extra-trees). The employed dataset contains brain MRI data from
30 subjects for four modalities, T1, T2, FLAIR, and T1C, and the data
include 20 HG gliomas and 10 LG gliomas.

Megersa and Alemu [81] employed mathematical morphology op-
erations to achieve good skull stripping. FCM and a Hopfield neural
network are used to propose a new hybrid method for tumor segmen-
tation and visualization. The technique is tested with two different
databases. The first dataset contains 98 MRI brain images, consisting of
55 abnormal and 43 normal MRI images. The second dataset contains
630 MRI brain images, consisting of 317 abnormal and 243 normal MRI
images.

Logeswari and Karnan [82] described a segmentation method for
brain MRI images. The tested image is preprocessed for noise removal
and then segmented by a hierarchical self-organizing map (HSOM). A
median filter is used to remove the high-frequency component in the
preprocessing stage.

Rajendran Dhanasekaran [83] developed a new algorithm for brain
MRI image segmentation called the enhanced possibilistic fuzzy c-
means algorithm (EPFCM), which performs the segmentation process
by combining possibilistic c-means and FCM.

In [84], the authors presented a CAD system consisting of four
stages: preprocessing, segmentation, feature analysis, and classification.
Histogram equalization is applied at the preprocessing stage, and di-
lation and erosion techniques are used in the segmentation stage. Six
algorithms are tested, namely, decision trees, naive Bayes, SVM, ANN,
KNN, and PSO. The dataset contains 125 brain MRI images from 11
people: 3 with normal images and 8 with abnormal images. The seg-
mentation process provides 350 ROIs: 86 positive ROIs and 264 nega-
tive ROIs. The SVM-PSO and KNN algorithms achieved an accuracy of
100%.

Jayachandran and Dhanasekaran [85] developed a tumor segmen-
tation method with tumor detection to define the presence and absence
of the tumor. The method applies preprocessing and segmentation
processes before extracting features using a multitexton structure de-
scriptor (MTSD)-based technique. A modified kernel SVM is applied for
image detection. Skull stripping is performed via binarization, mor-
phological operations, and tumor region identification in the segmen-
tation stage. The dataset contains 100 MRI brain images, including 80
abnormal and 20 normal MRI images. The dataset is divided into 90
images for training and 10 images for testing.

Amsaveni et al. [86] proposed an algorithm that incorporates
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preprocessing, feature extraction, and classification using a median
filter, a Gabor filter, and a BPNN, respectively. The network consists of
three layers, with 24 neurons in the input layer, 100 neurons in the
hidden layer, and a single neuron in the output layer. Tumor segmen-
tation is performed by using the trained features with the same selected
combinations in the trained neural network. The dataset contains 40
brain MRI images, with 24 images used for training and 16 used for
testing.

In [87], Duraisamy and Jane presented a cellular neural network as
a segmentation tool. Hussain et al. [88] presented a method for brain
MRI image segmentation by extracting features with 2D wavelets and
classifying them with neural networks. The region growing method
(RGM) and a thresholding process are used to segment the edematous
tissue and the tumor. The dataset contains 10 brain MRI images, in-
cluding 5 abnormal and 5 normal MRI images.

In [89], brain tumor segmentation using MRI based on Otsu, k-
means, FCM, and thresholding methods is presented. The highest ac-
curacy was 90.57%.

Tian and Fan [90] presented a hybrid model for brain MRI image
segmentation. The model couples an SOM neural network and wavelet
transform. A 2D normalized vector is extracted as a feature vector and is
used as input for the wavelet transform. This approach improves the
performance of neural network segmentation.

Rathi and Plant [91] proposed a hybrid segmentation technique that
starts with image preprocessing and is followed by DWT for feature
extraction. By extracting statistical parameters, i.e., the variance,
maximum, and mean, from the DWT coefficients, a total of 24 features
are extracted: 8 variance, 8 maximum, and 8 mean features. HSOM is
applied in the segmentation stage, and an ANN technique is used to
classify the tumor spectra into 3 types: glioma, oligodendroglioma, and
astrocytoma.

Julazadeh et al. [92] introduced a new approach for brain MRI
segmentation that takes advantage of the K-SVD dictionary learning
algorithm and the SRC algorithm. Active contours without edges
(ACWE) is used to increase the accuracy of the segmentation output.
The employed dataset contains 80 T2 MRI brain images, with 50 images
for training and 30 for testing.

Shen et al. [105] proposed a segmentation technique using neigh-
borhood attraction through MRI based on neural network optimization.
The technique modified the traditional FCM method by considering the
neighborhood attraction. The improved FCM clustering (IFCM), which
considers the neighborhood attraction, depends on two factors: feature
attraction and distance attraction.

Xiao et al. [41] proposed a method for estimating features from the
correlation between the tumor and LaVs of the brain, which was used to
segment brain tumor MRI images. The approach consists of four stages:
preprocessing, feature extraction, segmentation, and classification.

Sehgal et al. [106] presented a brain tumor segmentation method
consisting of preprocessing with the anisotropic diffusion filtering
technique, followed by application of the FCM technique for segmen-
tation and tumor extraction using area and circularity.

Gupta and Sagale [93] presented a method for brain tumor seg-
mentation through MRI images. After the MRI image is preprocessed by
histogram equalization, binarization, morphological operators and re-
gion isolation are used for segmentation.

In [107], an automatic method for brain tumor lesion detection and
segmentation using a single MRI modality and a histogram-based
gravitational optimization algorithm (HGOA) is presented. The dataset
contains 25 T1 MRI subjects with 181 slices for each subject. The
images are preprocessed by applying a Gaussian filter for noise reduc-
tion.

Abdullah and Habtr [108] presented a new method for brain tumor
detection by MRI. After the input MRI images are preprocessed, global
threshold segmentation is applied. To enhance the segmentation re-
sults, morphological operations are used before the watershed seg-
mentation.
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Bhanumurthy and Anne [48] proposed an RGM for tumor segmen-
tation. In [50], a hybrid approach for brain tumor classification by MRI
is presented. The proposed method consists of three stages, namely,
preprocessing, feature extraction, and classification, which used noise
filtering, GLCM, and LS-SVM, respectively. The tumor is segmented by a
fast bounding box approach. Li et al. [109] presented an automatic
brain tumor segmentation method that combines MRFs and sparse
coding based on dictionary learning. The experimental dataset contains
66 brain MRI subjects with four image types for each subject: T1, T2,
FLAIR, and T1C. The dataset uses 45 subjects for training and 21 sub-
jects for testing.

3.2.2. Deep learning in tumor segmentation

Several deep learning methods and different techniques are avail-
able for brain tumor segmentation through MRI images. Havaei
et al. [94] presented brain tumor localization based on a deep neural
network (DNN) using a CNN, with a Dice score of 0.88. A two-pathway
architecture is used to efficiently train a CNN using the global context
and local details. Implementation of a graphics processing unit (GPU)
leads to a significant reduction in the segmentation time. Recently,
Pereira et al. [99] demonstrated an automatic brain tumor localization
system based on a CNN and intensity normalization for preprocessing.
The system achieved a Dice score of 0.88.

Kamnitsas et al. [104] presented a 3D CNN with a dual pathway and
11 layers for brain lesion segmentation. A dual-pathway architecture is
used to incorporate global and local contextual information. A 3D fully
connected CRF is applied to remove false positives. The average per-
formance provides a Dice similarity coefficient of 0.898. In [100], a
DNN for automatic brain image segmentation is proposed for 2D and 3D
MRI patches, with a mean Dice score of 0.725. The convolutional layers
consist of a 2 x 2 max-pooling layer and a layer with 5 x5 kernels.

Zhao et al. [97] combined a fully CNN and CRFs to efficiently seg-
ment brain tumors. The network is trained in three stages with image
patches and slices and achieved a Dice score of 0.87. In [103], the
authors proposed an automatic technique for brain tumor segmentation
based on DeepMedic with an 11-layer 3D CNN. The 3D CNN archi-
tecture consists of a CNN with two parallel pathways inspired by VGG.
The obtained Dice score was 0.90.

In [95], a network with 22 layers is implemented using a fully
convolutional residual neural network (FCR-NN) for brain tumor loca-
lization. The FCR-NN is combined with a fully convolutional archi-
tecture and optimization gains from residual identity mappings. The
achieved Dice score was 0.87. Pereira et al. [98] presented a hier-
archical study on brain tumor localization using an FCN with MRI
histograms, which achieved a Dice score of 0.85. Casamitjana et al. [96]
proposed a 3D CNN that combines global and local information in three
different architectures, with a reported Dice score of 0.84.

Xiao et al. [101] proposed a segmentation method using deep
learning network-based classification. A stacked autoencoder network
extracts features from the input, and image patches are classified to
map a binary image. Then, a morphological filter is used to produce the
segmented tumor. Randhawa et al. [102] designed an automatic seg-
mentation technique based on a DNN. The designed technique achieved
a Dice score of 0.87. Abd-Ellah et al. [56] used a fully designed five-
layer region-based convolutional neural network (R-CNN), which
achieved a Dice score of 0.87.

3.3. Tumor classification

Classification is the process of assigning the input features to dif-
ferent classes or categories. Feature extraction and selection are very
important for classification, particularly brain tumor classification,
which requires many MRI scans from different cases with ground truth
for training. The main goal of brain tumor classification is to classify
tumors as benign or malignant or to classify the tumor grade using MRI
images. Additionally, brain tumor classification methods can be
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performed via supervised techniques, such as KNN, SVM, and ANN, or
unsupervised techniques, such as FCM and SOM. The commonly used
methodologies are summarized in Fig. 2.

Many methods are available for brain tumor classification by MRI.
Different classification techniques and methodologies are compared in
Table 4 in terms of feature type, classification methodology and per-
formance. Achieving the best classification depends on extracting an
optimum feature set for classification, which is a challenging task and
requires selection of the optimum classifier.

3.3.1. Traditional machine learning in tumor classification

Several machine learning methods and different techniques are
available for brain tumor classification through MRI images. Georgiadis
et al. [110] employed a software system for discriminating between
metastatic and primary brain tumors in MRI images. The authors ap-
plied a modified probabilistic neural network classifier (MPNN) in-
corporated with a nonlinear LSFT. The input dataset contains 67 T1
MRI images, with 19 of meningiomas, 21 of metastases, and 27 of
gliomas. In total, 36 features are extracted from each ROIL 4 from the
ROI histograms, 22 from the co-occurrence matrices, and 10 from the
run-length matrices.

Zarandi et al. [111] proposed a type II fuzzy expert system for brain
tumor diagnosis. The proposed method consists of preprocessing with a
fuzzy rule base and grouping by the existing filtering. The segmentation
is performed by probabilistic c-means (PCM). A thresholding method is
applied for feature extraction, and a type II approximate reasoning
method is used to recognize the tumor grade. The input dataset contains
95 patients, with 95 images of type I tumors and 95 images of type II
tumors.

Navarro et al. [112] presented a method for reducing the di-
mensionality of selected features and shelf classifiers for HMR mod-
alities. An entropy-based selection algorithm is used for FS, and boot-
strap sampling is used to obtain a final model.

Joshi et al. [113] proposed a system for detecting and classifying
brain tumors. Histogram equalization is first applied to the image,
followed by a feature extraction algorithm and neuro-fuzzy classifier.

Sridhar and Krishna [114] proposed a new method for brain tumor
classification using a discrete cosine transform for feature extraction
and dimensionality reduction. Sixteen features are extracted from the
4 x 4 brain MRI image with a sample dimension of 6, and these features
are provided to the classification stage. The classification is performed
with a PNN technique. The employed dataset contains 20 brain MRI
images, which are divided into the following three different training
and testing set combinations: 15 images for training and 5 for testing,
10 for training and 10 for testing, and 5 for training and 15 for testing.

Zacharaki et al. [115] proposed a multistep scheme for brain tumor
classification. The proposed scheme consists of ROI definition, feature
extraction, FS, and classification. However, manually selected ROIs,
Gabor texture features, and support vector machine recursive feature
elimination (SVM-RFE) are used to select features that are provided to
the SVM layers for tumor classification. In total, 25 rotation-invariant
texture features are selected from the extracted features. The employed
dataset contains data from 98 patients for a total of 102 brain MRI
images consisting of 24 metastases, 4 grade I meningiomas, 22 grade II
gliomas, 17 grade III gliomas, and 35 grade IV glioblastomas.

Zhang et al. [116] applied PCA for FS, which reduced the number of
features to 10 with a window size of 11 x 11 pixels. A multikernel SVM
(MKSVM) is used to classify the tumor region. The distance and the
maximum likelihood measures are applied to enhance the contour of
the tumor region. The employed dataset contains 3 different image
types, FLAIR, T2, and PD images, with 60 samples for each type.

Preethi and Sornagopal [117] proposed a method for brain MRI
image classification using fast discrete curvelet transform (FDCT) and
GLCM for feature extraction. A PNN-RBF, which consists of three layers,
the input, hidden and output layers, is applied to classify MRI images as
benign, malignant, or normal. The extracted features, contrast, energy,
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entropy, correlation, and homogeneity, are provided to the PNN-RBF.
The training set contains 15 benign, malignant or normal MRI images.

Kumar et al. [118] used gradient vector flow (GVF) to extract the
tumor boundaries. A 218-feature vector is extracted using GLCM, LoG,
DGTFs, RICGFs, RILBPs, and IBFs. A PCA approach is used for feature
reduction. The optimal number of features selected is 49, and these are
provided to the classifier. Estimating the training network weights is
accomplished by gradient descent backpropagation with momentum
(DBPM). To prevent overtraining, 10-fold cross-validation is applied.
The dataset contains 428 T1 brain MRI images, which provide 856
SROIs consisting of 118 astrocytoma (AS) regions, 59 glioblastoma
multiforme (GBM) regions, 97 pediatric medulloblastoma (MED) re-
gions, 88 meningioma (MEN) regions, 66 secondary tumor/metastatic
(MET) regions, and 428 NRs.

Abd-Ellah et al. [119] proposed using a kernel support vector ma-
chine (KSVM) for tumor classification. The features are extracted by
DWT with Daubechies wavelets. Furthermore, PCA is applied to reduce
the feature vector to thirteen GLCM features. The selected features are
used in the classification and training stages with the SVM. The dataset
that was used consists of 120 MRI images divided into two databases.
Database 1 contains 10 normal and 70 abnormal images, and database
2 contains 20 benign and 20 malignant images. In total, 5 normal, 40
abnormal, 10 benign, and 10 malignant images are used for training the
SVM, and 5 normal images, 30 abnormal, 10 benign, and 10 malignant
images are used for testing.

Nasir et al. [120] presented a method for classifying brain MRI
images into eight different tumor types. The proposed method uses NCC
in the polynomial domain as a classifier. The input dataset contains 104
T2 MRI images, with 20 normal images and 84 abnormal images and 12
images for each tumor type: glioma I, glioma III, glioma IV, me-
ningioma, MET_Aden, MET Bron, and sarcoma.

Abdullah and Habtr [108] presented a new tumor classification
method using global and watershed segmentation for threshold seg-
mentation and feature extraction. A feedforward BPNN is used to
classify the brain tumor as benign or malignant. The network consists of
one input layer with two neurons; two hidden layers with three and
four neurons, respectively; and one output layer with one neuron. The
dataset in the experimental work consists of 32 MRI images, with 18
normal, 10 malignant, and 4 benign images. Sixteen images are used for
training the classifier, and 16 images are used for testing. Shrivastava
et al. [121] presented a method for brain tumor classification based on
a PNN combined with a PCA feature reduction approach.

In their work, Lisboa et al. [122] proposed two methods for tumor
classification. The first method is a combination of supervised feature
selection (FS) and a single-layer perceptron artificial neural network
(SLPANN). The second method is a novel linear dimensionality reduc-
tion technique combined with an ANN. The dataset contains 195 pa-
tients with tumors consisting of 78 glioblastomas, 55 meningiomas, 31
metastases, 6 grade II oligoastrocytomas, 20 grade II astrocytomas, and
5 grade II oligodendrogliomas. In total, 390 features are extracted from
the input images. The FS process reduces the features to 18, with 8
short-echo time (SET) and 10 long-echo time (LET) features.

Pinheiro et al. [124] proposed a hybrid method for diagnosing
Alzheimer's disease that is based on verbal decision analysis (VDA).
VDA is integrated with decision trees, which classify the disease as early
or moderate stage. In [125], a CAD tool for diagnosing Alzheimer's
disease was proposed. The method combines a learning vector quanti-
zation (LVQ) algorithm and SVM with an MRI image database.

3.3.2. Deep learning in tumor classification

Brain tumor classification using deep learning techniques is a recent
field of research, and few contributions could be identified. Pan
et al. [123] proposed a brain tumor classification method that uses a
deep learning structure. The performance of a CNN is compared with a
backpropagation neural network in terms of specificity and sensitivity.
The results show an 18% improvement with use of the CNN. The
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employed CNN consists of 2 layers, which perform convolution and
subsampling. The CNN is trained with 60,000 examples and tested with
10,000 examples. The database contains 195 patient samples, including
25 LG and 170 HG samples. In total, 600 MRI images were used for
training, and 360 MRI images were used for testing.

4. Discussion and lessons learned
4.1. Research findings and limitations

Brain tumors are still a hot research topic in the medical image
processing domain. This study presented a comprehensive review of the
state-of-the-art techniques for brain tumor diagnosis. Tumor detection
is the process of detecting the presence or absence of brain tumors
through MRI images. The outcome of the detection process is that a
number of images need further investigation by tumor segmentation
and classification techniques. Tumor classification is the process of
classifying the tumor as benign or malignant, HG or LG, or as a specific
type of tumor based on the tissue analysis.

Most of the reviewed techniques focus on semiautomatic and au-
tomatic methods for tumor diagnosis. Additionally, most of them use
preprocessing, feature extraction, feature reduction, segmentation, and
classification methods. As most of the algorithms are sensitive to noise,
the noise must be reduced. This survey indicates that these techniques
for detection, classification, and segmentation mainly use KSVM, SVM,
FFBPNN, SOMNN, BPNN, PNN, ANN, PNN-RBF, NCC, PSO, SMO, LVQ,
MLP, SVM-KNN, GA-SVM, SC-ICA, LSFT, FHNN, SRC, ULDA, FCM, and
CNN. Most of these techniques are based on tumor detection, classifi-
cation, and segmentation, as well as hybrid techniques mixing these
stages.

Brain MRI image detection methods can classify MRI images as
normal or abnormal. Abnormal images can then be classified as benign
or malignant or into grades of a malignant tumor with classification
methods. Segmentation techniques can be divided into 6 major cate-
gories: region-based methods, threshold-based methods, clustering
methods, statistical models, edge detection methods, ANN, and deep
learning methods [10]. Selecting the best technique for a particular
application is a difficult task. Therefore, different techniques can be
combined together in a hybrid way to achieve the required task of
detection, segmentation, or classification. Hence, using hybrid techni-
ques may avoid the limitations of each individual method.

Feature extraction is mostly performed using DWT and GLCM.
Dimensionality reduction is primarily performed using PCA and GA
scores. The most commonly used methods for detection and classifica-
tion are SVM, ANN, SOM, fuzzy methods, PNN, MRF, RF, and CNN,
while hybrid classification methods achieved the best accuracy. SVM
and CNN are the most used for tumor segmentation. CNN-based algo-
rithms show the highest performance, especially with 2D data. The
reviewed techniques can be categorized as detection, segmentation, and
classification methods that use machine learning techniques (e.g.,
KSVM, SVM, and ANN) and deep learning techniques, such as CNNs.
Deep learning techniques achieve competitive results compared to the
classical machine learning techniques in brain tumor segmentation.

The main four available standard databases were explained, and the
lack of resources leading to many methods being based on images
collected from medical centers or hospitals was demonstrated. The
MICCAI Challenge (BRATS) database is a widely used benchmark for
tumor segmentation. Some researchers have attempted to solve this
deficiency by combining physical and statistical modeling to generate
multimodal 3D brain MRI images to simulate the major effects known
to be associated with abnormal MRI images. The system synthesizes
pathology in MRI and diffusion tensor imaging (DTI) to generate syn-
thetic ground truth for MRI images with tumor tissue and edema, as
in [126]. Such synthesized MRI image databases could provide a fair
and unified environment for evaluating proposed brain tumor diagnosis
approaches.
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With respect to the performance evaluations, Table 2 shows the best
results for tumor detection, achieved by Abd-Ellah et al. in [2] and
Saritha et al. in [29]. The best tumor segmentation results have been
achieved by Abdel-Maksoud et al. [63] and Ulku [84] using traditional
machine learning techniques and by Kamnitsas et al. [103] using a deep
learning approach, as shown in Table 3. The best brain tumor classifi-
cation results have been achieved by Abd-Ellah et al. [119], Sridhar
et al. [114] and Preethi et al. [117] with 100% classification accuracy,
as shown in Table 4. It is difficult to fairly compare all of the afore-
mentioned methods due to the lack of standard databases, especially for
tumor detection and classification, as well as the lack of a unified im-
plementation framework.

Recently, the deep learning paradigm has shown outstanding per-
formance in medical image analysis, especially in brain tumor diag-
nosis. Deep learning networks have achieved higher accuracy than
classical machine learning approaches. Additionally, the performance
of deep learning networks increases with more data compared to tra-
ditional machine learning with complex algorithms as provided in [56].
Traditional machine learning approaches require complex feature ex-
traction and reduction methods, which are not needed in the case of
deep learning techniques. The training of deep learning techniques is a
time-consuming and extremely data hungry process. Therefore, these
techniques may need parallel processing tools, such as graphics pro-
cessing units (GPUs), to accelerate the training process of large data-
sets [24]. Although deep learning has superior performance, traditional
machine learning techniques still work with few advantages. The most
popular advantages of traditional machine learning algorithms are that
their mechanisms are easy to understand and interpret and their
structures require less computational cost in terms of time and hard-
ware components and also require less computing resources for training
and testing purposes.

4.2. Lessons learned

The primary objective of this survey was to identify the key
achievements to date in brain tumor diagnosis in terms of tumor de-
tection, segmentation, and classification. The identified achievements
should provide opportunities for future improvements in tumor diag-
nosis via understanding and improving the weaknesses. The improve-
ments will be reflected in the performance of each method in terms of
quantitative measurements, such as the sensitivity, specificity, accu-
racy, and Dice score. This study has identified imbalanced research
efforts in tumor diagnosis processes. Most of the research has focused
on tumor segmentation and classification. However, few studies have
investigated tumor detection from MRI images.

Deep learning is a subcategory of the machine learning paradigm
that offers more advanced capabilities over the traditional machine
learning approaches. Deep learning has become an emergent and im-
portant research tool that was introduced with the objective of im-
proving the performance of traditional machine learning methods. Deep
learning allows multiple levels of representation and abstraction, which
help to collect more information about MRI images and their fea-
tures [127]. The present study identified a lack of deep learning de-
ployments in tumor detection, few implementations in tumor classifi-
cation, and more deep learning applications in tumor segmentation.
This issue is also illustrated in Fig. 1.

This review also revealed a conspicuous lack in the precision of
some researchers in describing the dataset, the type of tumor, and the
algorithm's performance measures with respect to accuracy, sensitivity,
and specificity, as can be deduced from the blank fields in the tables
mentioned earlier in this study. More attention must be directed toward
studies of brain tumors through MRI images not only for tumor detec-
tion but also for localization, segmentation and algorithm validity.
Finally, all research methods should be tested via standard brain MRI
databases, which allow fair comparisons and provide a unified testing
environment.
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Different databases are described in Table 1; some of these data-
bases contain different image categories, such as normal and abnormal
images, while others contain images of only some tumor types, such as
HG and LG tumors. However, there are no databases that contain
normal images and all types of tumor images with segmentation ground
truth, which forces some researchers to collect images from hospitals
and medical centers, as shown in Tables 1, 2, and 3. This study pin-
points the need for building a large database that contains all possible
types of brain images, such as normal images, images of HG and LG
glioblastomas, and images of other tumor types, which can be used as a
standard benchmark for tumor diagnosis detection.

In general, the aforementioned large MRI database is required to
support correct evaluations and trustworthy techniques and tools used
in the different stages of brain tumor diagnosis through MRI images. A
large database is also crucial for developing competition to yield better
tools and generalized techniques that fulfill their tasks using a sufficient
number of MRI images. Having standard databases feeds the expecta-
tion of the performance improvements and applicability of CAD
methods emerging from fair comparisons and a unified deployment
environment.

Although this study described several contributions that in-
dividually focus on the three main tumor diagnosis phases, it did not
identify any complete diagnosis systems consisting of all three diagnosis
phases. The lack of a complete diagnosis system in one package imposes
two emergent problems, namely, a lack of a fully automated process, as
some processes must be performed manually, and a shortage of in-
tegration among the three processes. Developing a complete and au-
tomatic system should ease the brain tumor diagnosis process for
clinicians and radiologists and shift the diagnosis algorithms from re-
search to real-world applications.

5. Conclusions

Brain tumor detection, segmentation, and classification are three
processes that can be used to produce computer-aided methods for
tumor diagnosis from MRI images. These methods offer enhanced ac-
curacy, reduced noise, and improved speed compared to manual
methods. Thus, these methods have been intensively researched with
respect to the applications of traditional machine learning and deep
learning approaches. This study reviewed various diagnosis techniques
for brain MRI images. In addition, a comparative study of traditional
machine learning and deep learning was provided in terms of limita-
tions and performance metrics. The study identified an imbalance in the
use of databases and benchmarks in the three processes. Standard da-
tabases are used for tumor segmentation and classification; however, no
standard databases are available for tumor detection. All techniques
used for tumor detection are currently traditional machine learning
methods; however, promising results are expected from the use of deep
learning techniques in these processes. Several traditional machine
learning techniques have been applied to segmentation and achieved a
maximum accuracy of 100%, and deep learning techniques have
achieved a maximum Dice score of 89.8%. It is still very early to judge
deep learning methods by the Dice score alone. Traditional machine
learning and deep learning techniques have been applied to tumor
classification, and an accuracy of 100% has been achieved by both
learning categories. However, the advantages and disadvantages of
each method, such as the complexity and network size, must be con-
sidered to save computation time. Overall, there is a precedence of
machine learning deployments over deep learning deployments.
Although there are aspirations to increase the deep learning deploy-
ments in tumor detection and classification, there is a need for standard
databases for tumor detection and classification. Furthermore, there is a
need to compile the three processes into one fully automated system for
brain tumor diagnosis that is more clinically useful.
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