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Abstract
Brain tumor analysis plays an important role in medical imaging applications and in delivering a huge amount of anatomical and
functional information, which increases and simplifies the diagnosis and disease therapy planning. However, the presence of
image artifacts such as noise, intensity inhomogeneity and partial volume effect in magnetic resonance images can aggressively
affect the quantitative brain tumor analysis. Also, the complex anatomy of the brain is another necessary factor to deal
with. To avoid or reduce manual segmentation error, the automatic segmentation and detection of tumor have become the
most challenging task for radiologists and clinicians. In this paper, most commonly used MR brain image segmentation
algorithms and most popular brain MRI features are surveyed and summarized with an emphasis on their characteristics,
merits, and demerits of these techniques. This paper presents a categorization of various segmentation algorithms ranging
from simple threshold methods to high-level segmentation techniques such as deformable methods, graph-based, and deep
learning approaches with a focus on gliomas which is most common of all malignant brain and central nervous system
tumors. We also discuss the current trends with a focus on brain tumor segmentation, tissue segmentation and lesion detection
using deep learning methods such as deep neural networks and convolutional neural networks. We also mentioned the future
improvements to standardize the MRI-based brain tumor detection method for clinical use.
Keywords Human brain tumor · Medical imaging · Segmentation · Feature extraction · Magnetic resonance images ·
Convolutional neural networks

1 Introduction
Brain tumor is basically an abandoned growth of cancerous
cells inside the brain or around the brain. Many different
categories of brain tumors exist. A few originate in the
brain itself, in which case they are characterized as primary.
Others spread to this location from somewhere else in the
body through metastasis and are characterized as secondary.
World Health Organization [1] states that the brain tumors are
graded from I to IV, corresponding to least advanced to the
most advanced diseases, respectively. Primary brain tumors
do not spread to other body locations and can be malignant or
benign. Secondary brain tumors are always malignant. Both
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categories are potentially disabling and life-threatening. The
Meningiomas and gliomas are the examples of low-grade
tumors, classified as benign tumors. The glioblastoma and
astrocytomas are the examples of high-grade tumors, classified as malignant tumors. The summary of gliomas types,
location, symptoms, and treatment methods are given in
Table 1. According to the World Health Organization, tumor
and stroke evolve into the second and third leading cause
of death worldwide after heart disease. In India, every year
40,000–50,000 persons are diagnosed with a brain tumor,
out of these 20% are children [2]. Due to diverse location
and varying size, primary and secondary tumors present significant challenges for detection. The ultimate objective of
brain tumor imaging analysis is to extract the patient-specific
vital clinical information and their diagnostic features. This
information embedded within the multidimensional image
data directs and monitors interventions after the disease has
been detected and localized, eventually driving to knowledge
for clinical diagnosis, staging, and treatment of disease.
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Grade IV—anaplastic ependymomas

If the tumor is exposed, treatment for oligodendroglioma is surgical removal of tumor
tissue as mush as possible. Close follow-up
with consistent MRI scans is recommended
following the effective removal of lowgrade oligodendrogliomas
The most common symptoms are
seizures, headaches, and personality changes. Tumors of the frontal
lobe may cause weakness on one
side of the body
These tumors may be originate any
place in the cerebral hemisphere of
the brain, even if the frontal and
temporal lobes are the most common locations
Grade II—oligodendrogliomas
Grade III—oligodendrogliomas
Oligodendroglioma
3

Grade III—ependymomas

Most usually found in the adult’s
brain and in the lower back portion
of the head (posterior fossa) in children
Grade I—subependymomas
Grade II—myxopapillary ependymoma

Grade IV—glioblastoma

Ependymoma
2

Grade III—anaplastic astrocytoma

In babies, expended head size possibly one of the first symptoms.
Irritability, sleeplessness, and vomiting can grow as the tumor matures

The initial treatment step is surgery to get
rid of tumor as much as possible. Surgery
is almost continuously followed by radiation. Chemotherapy is regularly given at the
same time as radiation
The first stage of ependymoma treatment is
to get rid of tumor as much possible Radiation is usually suggested for older children
and for adults subsequent surgery
Headaches, memory loss seizures,
and changes in behavior are the
most common symptoms of astrocytoma
Astrocytoma
1

Grade I—pilocytic astrocytoma
Grade II—diffuse astrocytoma

Astrocytomas have appearance in
the cerebellum, the cerebrum, and
the central areas of the brain, the
brainstem, and the spinal cord

Treatment methods
Gliomas types

Grades of tumor

Location

Symptoms
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Table 1 Summary of brain tumor types (Gliomas), location, symptoms, and treatment methods [3]
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The diagnosis of brain tumor is composed of various medical image processing techniques such as pre-processing,
image segmentation, feature extraction, and classification.
The segmentation of gliomas is a challenging task because
of the combination of following factors: (1) gliomas invade
the neighboring tissue rather than displacing it which causes
blurry and unclear borders; (2) gliomas may appear in
any position of brain tissue with varied size, shape, and
appearance; (3) intensity inhomogeneity of MRI data further
increases the difficulty; and (4) the T1w modality results in
active tumor tissue showing up with bright intensity. However, blood vessels also appear bright, while parts of a tumor
that are necrotic do not have higher levels of intensity. In
this manner, the information given by the intensities in this
modality is not always reliable, and it is usually impossible
to segment the tumor by thresholding the intensities in this
imaging modality.

1.1 Magnetic resonance imaging
In 1973, Lauerbur [4] and Mansfield [5] found the magnetic
resonance imaging (MRI) as an advanced imaging modality in medicine. MRI is based on the hypothesis of nuclear
magnetic resonance (NMR). MRI uses a strong magnet and
radiofrequency (RF) waves to deliver clear and detailed
representations of internal structures and tissues. Common
magnetic field strength is 1.5 T or 3 T where higher magnetic field strength will give a higher signal-to-noise ratio
(SNR). Figure 1 shows a simple schematic diagram of an
MRI machine. When a radio frequency (RF) pulse from the
MR RF coil emits energy at the resonance frequency of the
nuclei, the RF excitation irritates the nuclei net magnetization vector (NMV) to flip. When the RF pulse is turned off,
the NMV returns to the original axes and discharges high
energy excess in the shape of waves and actuates a current in
the receiver coil. At this time, the system is no longer being
constrained out of equilibrium by the RF excitation. This process is called as T1 recovery (T1 relaxation times) and T2
decay. A computer can turn those signals into an image. The
pathological T2 scan is useful for finding the lesioned region
in the brain. The anatomical T1 scans usually have the best
scan resolution and are useful for localizing anatomical structures. Different tissues have different times for T1 recoveries
[6] and T2 decays are mentioned in Table 2. Unlike images
derived from X-ray, CT scans, MRI gives predominant contrast and detailed information of brain tissues. MRI makes a
difference to analyze brain tumor and other lesions due to its
high soft tissue contrast.
Images obtained by MRI are also utilized for analyzing
and studying the behavior of the brain. Research shows that
MR imaging gives more precise results for the discovery of
metastases in comparison with other modalities. Most of the
existing brain tumor segmentation studies are focusing on
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Fig. 1 Basic schematic diagram
of an MRI machine [6]

Table 2 Most common MRI sequences and their approximate TR and
TE times [6]
Tissue

T1

T2

FLAIR

CSF

Dark

Bright

Dark

White matter

Light

Dark gray

Dark gray

Cortex

Gray

Light gray

Light gray

Fat

Bright

Light

Light

Inflammation

Dark

Bright

Bright

Repetition time (TR)

500

4000

9000

Echo time (TE)

14

90

114

gliomas that are the most common brain tumors in adults and
can be measured by magnetic resonance imaging (MRI) with
multiple sequences, such as T2-weighted fluid-attenuated
inversion recovery (Flair), T1-weighted (T1), T1-weighted
contrast-enhanced (T1c), and T2-weighted (T2). Since some
of the tumors like glioblastomas are often contain fuzzy
borders and hard to distinguish from healthy tissues. As a
solution, more than one MRI sequences are often employed
which gives almost a unique signature to each tissue type.
Figure 2 shows four different sequences of MRI with highgrade glioma obtained from BRATS 2013 dataset.

1.2 Typical methodology of brain tumor analysis
and interpretation
Brain tumor analysis research methods commonly comprise
of several parts, which use different algorithms in a sequence

or a pipeline. Automated detection of a brain tumor in
MR images involves pre-processing, segmentation, feature
extraction, classification, performance evaluation, interpretation and formulation of a diagnosis. Figure 3 illustrates
the different stages of MRI brain tumor analysis. To begin
with, MR brain image for diagnosis is given to the framework as an input. Pre-processing provides an improvement
in MR image which enhances some of the image features
which are important for further processing. Segmentation is
the method of dividing an MR image into multiple segments.
The aim of segmentation is to change the representation of
an image into something which is easier to analyze. Segmentation is based on visual characteristics of the images,
which are related to their gray levels. When the input to an
algorithm is very large and redundant to be processed, it
is transformed into a reduced representative set of features
called feature vector. Transformation of the input image into
a set of features is called feature extraction. Features are statistical measurements and information that can be extracted
from a selected part of the image. Classification is the process
of categorization the data based on their features which is a
necessary stage for grading the tumors. After extracting features, these features are used independently for classification
as malignant and benign MR image. It classifies the brain
image on the basis of multiple classifiers. No more processing is required once the MR image is determined as benign.
But when the MR image is determined as malignant by the
classifier it is further processed for extracting tumor portion
from it. In the following two subsections different segmentation, feature extraction, and classification methods and their
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Fig. 2 Four different MRI modalities showing a high-grade, each enhancing different subregions of the tumor. From left; T1, T1-Gd, T2, and
FLAIR. Images are generated by using BRATS 2013 data [7]

Fig. 3 Typical methodology of MRI brain tumor analysis

performances of brain tumor detection through MRI have
been reviewed and in comparison, for the last 10 years and
most of them are in the last 3 years.

2 Pre-processing of MR brain images
The first phase of most medical image processing research
is pre-processing. Pre-processing techniques for MR brain
image are used with two objectives: (1) producing enhanced
images which can be used for further processing as high
accuracy is needed, examples are skull stripping, intensity inhomogeneity correction (or bias field correction) and
removal of noise; (2) to derive images to use algorithms
for computer processing, examples are edge detection and
object segmentation. Nonbrain tissues such as skull, fat, or
neck have intensities superimposing with intensities of brain
tissues. So, the brain has to be extracted before brain segmen-
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tation methods can be applied. This step categorizes voxels
as brain or nonbrain. The outcome can be either a new image
with just brain voxels or a binary mask, which has a value
of 1 for brain voxels and 0 for the rest of tissues. The familiar method for brain extraction is to use prior information
of the brain structure. A deformable template can be registered with an image and nonbrain tissue is then detached by
transferring the brain mask from the template [8]. Though,
brain extraction using a probabilistic atlas is typically not
very accurate and can root misclassification around the brain
boundary. Another method for extracting the brain is the brain
extraction tool (BET), which is part of the publicly open software package FSL [9,10]. In [11] many algorithms like BSE,
hybrid watershed algorithm (HWA), Minneapolis consensus
strip (McStrip) etc. were established for the extraction of
brain tissue from nonessential structures.
The bias field in the MRI, also called the intensity inhomogeneity, is a low-frequency spatially varying MRI artifact
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affecting a smooth signal intensity variation surrounded
by tissue of the similar physical properties; The bias field
ascends from spatial inhomogeneity of the magnetic field,
deviations in the sensitivity of the reception coil, and the
collaboration between the magnetic field and the human
body [12,13]. The bias field can be also evaluated and corrected by means of low-pass filtering [14], but this approach
can bring out additional artifacts in the image because it also
eliminates the low-frequency part of the true image data.
Other methods for the bias field correction include minimizing the image entropy [15], fitting the histogram of the local
neighborhood to global histogram of the image [16], maximizing the high-frequency content of the image [13], and
using a registered template image [17]. Several de-noising
approaches can be summarized in [18].

3 Segmentation techniques in MRI brain
tumor analysis
Segmentation in medical images is a method of dividing
the pixels in order to detect and separate the target area
usually a lesioned region from the background and healthy
tissues. In the case of brain tumors, it is a challenging
task because of the characteristics of tumor in the MR
images [19]. In this paper, we have made a study on the segmentation techniques used for MR brain images specifically
brain tumor images. Several techniques for MRI segmentation have been developed over the years based on the
tissue properties [20]. These techniques can be divided into
five major classes: intensity-based techniques, manual segmentation, atlas-based methods, surface-based methods and
hybrid segmentation methods. Figure 4 summarizes the various segmentation techniques. In fact, hybrid techniques (the
mixture of two or more techniques) and Soft computing
techniques (i.e., fuzzy logic, neural network, and genetic
algorithms) have established wide-ranging applications in
image segmentation. The guiding principle of soft computing is that it abuses the tolerance for imprecision, ambiguity,
partial truth, and approximation to attain low solution cost,
tractability, and robustness. Also, deep learning techniques
are widely applied to image segmentation which resembles
human brain; hence, results are fast and accurate.
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conclusions on different occasions [21] clearly, an automated
brain tumor segmentation technique is needed.

3.2 Intensity-based (or pixel-based) segmentation
methods
Intensity-based or pixel-based segmentation methods categorize individual pixels/voxels based on their intensity. In
the case of the brain MRI, three main tissue classes namely
white matter, gray matter, and cerebrospinal fluid, will be
distinguished primarily based on intensity. Even separation
of the three main tissue categories based on intensity itself
needs incorporating tools for handling artifacts in MRI, like
intensity inhomogeneity, noise, and partial volume, furthermore as overlap in intensities of the brain and nonbrain tissue
(e.g., the scalp has the similar intensities as brain tissues). A
review of threshold-based, region-based and pixel classification and clustering-based techniques is given in next few
sections.
3.2.1 Threshold-based segmentation
Thresholding-based segmentation is one of the most simple and traditional method in image processing in which
the objects of the image are classified by comparing their
intensities with one or more intensity thresholds. Image
thresholding can be used to create binary images from the
gray scale image by assigning each pixel value in the source
image to two or more classes based on some threshold value.
All pixels with a value greater than the threshold value is
classified as feature pixels, and all pixels with a lesser than
the threshold value is classified as background pixels. Most
commonly used thresholding algorithms are global thresholding, local thresholding and adaptive thresholding method
which can be explained in below. Generally, threshold-based
segmentation methods like local or global can be used as a
first step in the segmentation process. Global thresholding
method is suitable if an input MR image contains objects
with similar intensities or the contrast between objects and
the background is high. In this method, a single threshold
value is to be considered for the entire image. Mathematically, global thresholding method can be defined by Eq. (1).
Let f (x, y) be the input image and T be the threshold value
then,

3.1 Manual segmentation
In manual segmentation, the tumor areas are manually
located on all contiguous slices in which the tumor is considered to exist, but this is an expensive, time-consuming and
tedious task. In addition, it is subject to manual variation,
which increases the possibility that different observers will
reach different conclusions about the presence or absence of
tumors, or even that the same observer will reach different


g (x, y) = f (x) =

1
0

f (x, y) ≥ T
otherwise

(1)

Since global thresholding may fail when two or more tissue
structures have overlapping intensity levels, Gibbs et al. [22]
presented an unsupervised approach for the segmentation
of enhancing tumor pixels from T1-weighted post-contrast
images. The system first applied an intensity threshold to a
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Fig. 4 Various segmentation techniques in MRI brain image analysis

manually selected region of interest with the help of image
histogram and gives segmented image objects that are different in intensity from their surroundings. The requirement
of the manual region of interest selection, a more severe
drawback is that the method does not effectively take into
account the presence of hyper-intense pixels representing
normal structures in T1 post-contrast images. Local thresholding can be used effectively when the gradient effect is
small with respect to the selected sub-image size. The threshold value T depends on gray levels of f (x, y) and some local
image properties of neighboring pixels such as mean or variance. Threshold function T (x, y) is given in Eq. (2).

f (x) =

0 if f (x, y) < T (x, y)
1 if f (x, y) ≥ T (x, y)

(2)

where T (x, y) = f (x, y) + T . According to Sung [23], the
values of thresholds are commonly estimated by the prior
information. Shanthi et al. [24] proposed that local threshold values can be calculated by means of local statistical
properties such as the average intensity value in T1-weighted
MRI or by computing partial volumes of all regions to determine the threshold for the segmentation of each component
on brain PD and T2-weighted MR images [23]. Stadlbauer
et al. [25] used the Gaussian distribution of data values as
a threshold value in normal brain T2-weighted MRI. The
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boundary threshold value for normal brain tissue was the
mean plus three times of the standard deviation. Based on this
threshold value, an area was calculated which can be defined
as the pathologic tissue. An adaptive thresholding method is
used to isolate appropriate foreground image objects from
the background based on the variance in pixel intensities
of every region. If the background is rough, then adaptive
thresholding method is more suitable for segmentation. Otherwise, this method is not suitable for real-time applications
and it is a computationally more expensive method. A survey
on most commonly used thresholding techniques is provided
by Sahoo et al. [26].

3.2.2 Region-based segmentation
Region growing (also called region merging) is an approach
for extracting a connected region of the image which comprises groups of pixels/voxels with matching intensities [27].
In this method, each pixel is assigned to a particular object
or region that has perfectly thin and connected border. It
requires a seed point that corresponds to the object of interest. The seed point can be manually chosen by an operator or
intuitively initialized with a seed finding algorithm given in
Fig. 5. Then, region growing inspects all neighboring pixels
and if their intensities are related enough they are added to
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Fig. 5 An example of region
growing segmentation of a brain
lesion, from left; seed point is
manually chosen, the final
segmentation result is a
connected region and denotes
the lesion [27]

the growing region. This process is repeated until no more
pixels can be added to the growing region.
Watershed segmentation comes under the region growing
method which is most commonly used for MR brain tumor
segmentation. Region splitting and merging is the hierarchical approach for region growing method which segments the
objects that have well-defined boundaries. Region growing
method is applicable for segmentation of volumetric images
(voxels) which are made up of large connected homogeneous
regions. Thus, it is effectively used in medical image analysis to segment different organs, tissues, or lesions from MR
images. For instance, it can be applied in brain MRI analysis
for segmentation of brain vessels [28], extraction of brain
surface [29]. Basic watershed segmentation method can be
described by a metaphor based on the behavior of water in a
landscape. When it rains, drops of water falling in different
regions will trace the landscape downhill. The water will end
up at the bottom of valleys. For each valley, there will be a
region from which all water flows into it. When the water
level has reached the maximum peak in the landscape, the
process is quitted. As an outcome, the landscape is divided
into regions split up by dams, called watershed lines or watersheds [30]. It creates an entire contour of the images and
avoids the requirement for any kind of contour linking. The
over-segmentation problem still exists in this method stated
by Li et al. [31]. To prevent the over-segmentation [32], certain pre or post-processing methods have been proposed in
order to yield a more feasible segmentation that reflects the
outline of objects [33]. Bhattacharya and Das [34] implemented a marker-based improved watershed algorithm using
the prior information of the test images for the segmentation
of brain tumors. Later, Ratan et al. [35] proposed a watershed
segmentation-based algorithm that was used for detection of
a tumor in 2D and in 3D brain MRI. It is an easy supervised
image-based and block-based (shape, texture, and content)
method that can be used to analyze MRI brain images with
quite lower computational requirements. Region-based segmentation method is sensitive to noise and segmented region

in the image becomes disconnected or will have holes while
selecting the different seed point.
3.2.3 Clustering-based segmentation
Clustering-based segmentation methods are unsupervised
methods that partition an image into clusters of pixels with
similar intensities without benefitting training images. In
fact, clustering methods accept the available image data to
train themselves. The segmentation and training are accomplished in side-by-side by iterating between two steps: data
clustering and estimating the properties of specific tissue
class. In 2018, Al-Dmour and Al-Ani [36] introduced an
efficient ensemble-based clustering technique for the segmentation of MR brain tissues which aims to enhance the
overall segmentation performance and reduce the computational cost for the testing phase. The most frequently used
clustering methods are the k-means clustering [37], the fuzzy
c-means clustering [38,39], Markov random field [40] and
the expectation–maximization method [41]. The k-means
clustering method partitions the input data into k classes by
constantly calculating a mean intensity for each class (also
called centroid) and segmenting the image by classifying
each pixel/voxel in the class with the nearest centroid [42].
The k-means clustering is also known as a hard classification method because it enforces each pixel/voxel to belong
entirely to one class in each iteration. The main problem
is that it is computationally challenging. An inappropriate
choice of k can also result poor and inaccurate results.
Fuzzy c-means clustering (FCM) is the most influential
and the well-known method that has been largely used in
MRIs [38], where the pixels in the image are classified into
multiple classes using the different membership for each
class [39]. The standard FCM splits the image data into cclusters based on the minimization of the objective function
using the below Eq. (3). The FCM objective function can
attain the minimum by updating the cluster centers and the
membership functions.
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Fig. 6 Classification result of FCM and k-means clustering


wk (x)m x
ck = x
m
x wk (x)

(3)

Therefore, the difference between k-means and FCM is
simply the degree of membership for each voxel pertaining
to each cluster. Figure 6 depicts the differences between FCM
and k-means clustering methods in the outcomes of segmentation. Fuzzy algorithms are sensitive to the initialization with
respect to both speed and stability [43]. Cheng and Goldgof
et al. [44] introduced the fast clustering algorithm as per
random sampling which produces a speed-up factor of 2–3
times when analyzed with the conventional FCM algorithm.
The vector quantization-based FCM algorithm [45] has been
employed and a nominal speed-up factor is reached. Fast
fuzzy clustering for web documentation which is extremely
robust is recommended by Joshi et al. [46]. A scalable,
parallel method to clustering has been discovered for a
shared architecture [47]. Another method called precision
reduction-based clustering approach is explained by Jungwei Ke [48].
Most clustering methods do not deal with spatial information or the dependence between the pixels in the image
surface. The unsupervised clustering method of Markov random fields (MRFs) integrates the spatial information into
the clustering process. In many cases, this reduces both the
potential problem of clusters overlapping and the effect of
noise [49] on the clustering result. Cappelle et al. [40] represented an unsupervised method by means of an MRF model
that took the tissue classes in T1 and T2 MRI: gray matter, white matter, CSF, tumor, and edema could be modeled
by a mixture model (of Gaussians), and trained the Markov
random field by the iterated condition modes (ICM) algorithm. Gering et al. [50] proposed a method that detects
abnormalities in the brain by means of a multilayer MRF
framework. One problem associated with MRF models is that
they usually cause algorithms computationally hard. There
are approximation techniques that can participate in these
computational challenges. By means of MRFs, the segmentation technique encapsulates three features that are vital for
MRIs, i.e., neighborhood correlations, nonparametric distri-
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butions of tissue intensities [51] and signal inhomogeneities.
However, the brain has complex edges, it is favored that it
does not take into account too many neighbors in the MRF
model.
Expectation–maximization (EM) was introduced by Wells
et al. [52], which iterates between the approximation of
tissue-class probability [53]. EM considers that MRI intensities of different brain tissues can be represented with a
Gaussian mixture model. Even though clustering methods
do not need training images, they do require certain initial parameters and the EM method has exposed the highest
sensitivity to initialization in contrast to fuzzy c-means and kmeans methods [41]. The applications of the EM algorithm
to brain MR image segmentation were stated by Wells et
al. [52] and Leemput et al. [54]. A common drawback of EM
algorithm is that the intensity distribution of brain images
is demonstrated as a normal distribution. The EM method
includes two steps: E-step and the M-step. In the E-step, the
missing information is projected given the observed data and
the current estimate of the model parameters. In the M-step,
the likelihood function will be maximized [55]. Generally,
the EM algorithm can be outlined as follows.
Let x be a dataset and k components occur in the mixture
model μk and σk are the mean and standard deviation of
each cluster. The probability density of the mixture model is
mentioned in below Eq. (4),
f (x) =

k


αi p (x |θi )

(4)

i=1

where p is the density of the Gaussian mixture distribution
and θi = (μi , δi ) is Gaussian mixture model parameter.


 
1
(x − μi )2

exp −
f x μi , σi2 = √
2σi2
2π σi

(5)

where i = 1, 2, . . . , N . E-step: computation of the expected
amount of the likelihood function f , pertaining to the conditional distribution of missing values known observed data
under the current estimate of the parameters,
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P(k |x) =

πk f k (x, μk , σk )
f (x)

(6)

M-step: updating the parameters of Gaussian mixture model
and obtaining the parameter that maximizes this quantity,
(r +1)

αi

1  (r +1)
αi j
n
j=1
n
(r +1)
j=1 x j αi j
k

=

μi(r +1) =
=

(8)

(r +1)

n
(σir )

(7)

nαi

(r +1)
(x j
j=1 αi j

(r +1)

− μi

(r +1) T

)(x j − μi

(r +1)

(9)

nαi

The algorithm converges when log-likelihood is lower than
given threshold. In comparison with FCM, the EM is more
sensitive to initialization than the FCM or k-means algorithm [56,57].
3.2.4 Classification-based segmentation
Classification methods use data with known labels to partition image feature space. Image features are generally
intensity or pixel values but can be also associated with texture or other image properties. Classification methods might
be both supervised and unsupervised. Supervised classification needs training images, which are manually segmented
and then used as references for automatic segmentation
of new images. The drawback of supervised classification
methods is that they do not take into account neighborhood
information, and thus, they are sensitive to noise. Also, the
use of the same training set for a large number of images
can lead to biased results, which do not take into account
physiological and anatomical variability between different
subjects. Unsupervised classification techniques come out
with structure in a dataset by modeling the similarity within
the data itself. These methods can be applied to any imaging
datasets without the need for any training data and acquisition protocol. Most commonly used supervised classification
techniques in brain tumor segmentation are a k-nearest neighbor, artificial neural network and Bayesian classifier.
k-Nearest neighbor (KNN) algorithm is a nonparametric
technique. KNN classifier classifies the voxels into different
classes, based on how well they agree with the features of a
set of voxels, which are characteristic for that particular class.
Initially, the voxel that is supposed to be classified is compared to training data and k number of data, which are nearest
to the feature of the voxel. Finally, it is well defined which
classes the voxel is assigned to. The KNN classification
method was applied to brain MRI segmentation by Warfield
et al. [58]. They presented KNN statistical classification
based on the MR intensity; however, this method is unable to
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segment skin, brain, ventricles and tumor structures because
the image has overlapping MR intensity ranges. Cocosco et
al. [59] proposed a nonparametric KNN-based classification
procedure which is more robust against imaging artifacts and
variability in the MR image quality. However, this method
does not make any assumption about MR intensity distributions of brain tissue. Hence, this method is not used to
correctly label the tissue class, if it has significant amounts of
pathological brain tissue (e.g., lesions, tumors). KNN accuracy can be reduced dramatically by the presence of noise or
inappropriate features.
Clarke [60] was one of the first researchers to propose
a supervised classification using an artificial neural networks (ANN) technique for brain tumor segmentation in MR
images. ANN is an adaptive method performs classification
by learning from data and does not apply any set of rules.
They perform well on difficult, multivariate, non-linear and
noisy domains. The major advantage of using ANN is that
they do not rely on any assumption about underlying probability density functions. Ozkan et al. [61] make use of the
generalization properties of ANNs for the development of
an adaptive learning method capable of reducing inter-slice
intensity variations. In their work, the segmentation of the
structures of interest was performed twice with a fully manual and twice with a computer-aided method which is simply
insufficient when it comes to modeling data that has nonlinear characteristics [62].
A specific case of ANN is the self-organizing map (SOM),
and it has been mostly employed in visual pattern recognition [63]. Reddick et al. [64] established a pixel-based
two-stage approach where a SOM was trained to segment
multispectral MR images which were consequently classified into white matter, gray matter, etc., by a feed-forward
ANN. Murugavalli and Rajamani [65] implemented a hybrid
method incorporating the advantages of a hierarchical selforganizing map (HSOM) and FCM to detect different tissues
like white matter, gray matter, CSF and tumor in T1-weighted
MR images. Implementing artificial neural networks for
brain tumor segmentation includes problems of complexity
and it is a time-consuming task: the size of network turns into
very larger, training time is undesirable, and a large number of
images is necessary for training the network. Several methods
to elucidate these problems have been introduced, as is the
case of the neuro difference fuzzy model proposed by Tayel
et al. [66], which target is reducing complexity, time, and
storage space in determining the critical points of ROI contour using artificial neural networks. Wells et al. [67] describe
one of the most frequently used parametric classifiers is the
Bayesian classifier. This model entangles Bayesian inference
such as maximum a posteriori (MAP) estimation, where the
objective is to estimate the labeled output image x given the
observed image y by minimizing the posterior distribution
of the possible labels x is described in the Eq. (10):
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x̂ = arg max P( x| y)

(10)

x

Bayesian classifiers are used in the expectation–maximization
(EM) segmentation methods which have been effectively
implemented in several software packages used in the medical imaging community: SPM [68], FAST [69], FreeSurfer
[70] and 3DSlicer [71]. More details about the Bayes
theory provided by Puonti et al. [72]. Selvapandian and
Manivannan [73] proposed a fusion-based Glioma brain
tumor detection and segmentation methodology using adaptive neuro fuzzy inference system (ANFIS) classification
approach. The authors applied non-sub sampled contourlet
transform (NSCT) to enhance the abnormal regions in brain
MRI image and then texture features are extracted from the
enhanced brain image. These extracted features are trained
and classified using ANFIS approach to classify the brain
image into normal and Glioma brain image.

3.3 Atlas-based segmentation methods
Accurate visual segmentation may be a difficult task when
large space-occupying tumors or lesions drastically alter
shape and position of brain structures and sub-structures. The
comparative advantage of the atlas-based segmentation with
respect to the former segmentation methods is the capability to segment the image with no explicit relation between
regions and pixels intensities [74]. This is commonly the
case when the objects of the same structure need to be segmented (i.e., same texture), and the information about the
difference between these object is associated in the spatial
relationship between them, other objects, or within their
morphometric characteristics. Zollei et al. [75] presented
atlas-based segmentation method which analyzes the morphometric differences in sub-structures of the brain, whereas
a good place for research of application of the deformable
model in medical image analysis might be found in [76,77].
Cuadra et al. [74] proposed adaptive template moderated
spatially varying statistical classification algorithm used for
lesion segmentation in which affine transformation is applied
to the atlas image in order to globally match the patient. These
methods analyze not only the lesion growth but also the most
probable origin of the tumor.
It is essential to observe that atlas-based MRI segmentation of the neonatal brain has become a research motivation
in recent years [8,78–80] . MRI segmentation of the neonatal brain tissue is more complicated than in adults due to
the complex anatomy of the growing brain, and much poor
MRI quality. So a probabilistic atlas of the newborn brain
that has the spatial variability of the tissue structure is used
to segment various brain tissues such as myelinated, nonmyelinated white matter and brain cortex. Therefore, it was
indispensable to develop a dynamic, probabilistic atlas [81]
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for any selected stage of neonatal brain development (for ages
of 29 to 44 weeks). Ashburner and Friston [68] proposed a
method for bias correction, simultaneous segmentation, and
non-rigid registration of a probabilistic atlas. Since the construction of statistical atlas is not an easy work due to strong
anatomical variations of MR brain image. Zhou and Bai [82]
proposed a framework which combines atlas registration,
fuzzy connectedness, and parametric bias field correction
provide fully automatic brain MRI segmentation. The main
advantage of using fuzzy connectedness is that it simultaneously considers the degree of space adjacency, the degree
of intensity adjacency, and degree of intensity gradient adjacency between two voxels. This broad consideration gives
the FC method with distinguished ability in medical image
segmentation.

3.4 Deformable model-based segmentation
methods
Here, we focus on a specific form of medical image segmentation methods, namely the deformable models which
are surfaces or curves. The key reason why these approaches
have been mostly used in medical image computing is their
robustness. Surface-based methods can be used to segment
the regions with boundary insufficiencies such as missing
edges, lack of texture contrast between regions of interest
(ROI) and background. In the following three subsections, we
review some of the existing literature on surface-based segmentation in volumetric MR brain images, i.e., deformable
model containing a level set, active contours, and multiphase
active contours.
3.4.1 Level set
Level set method [83] uses parametric characteristics of
active contour which involve PDEs (partial differential equation) and approximate active contour by tracking zero level
set. The implicit interface might consist of a single or series of
zero iso-contours. Γ (t) represents the amounts of the closed
curve using the level set method at real-time t as using an auxiliary function φ namely the level set function. φ is assumed
to take positive values inside the region delimited by the curve
Γ (t) and take negative values outside described in Eq. (11).
φ(t, x, y) < 0 (x, y) is outside Γ (t)
φ(t, x, y) > 0 (x, y) is inside Γ (t)
φ(t, x, y) = 0 (x, y) at Γ (t)

(11)

Prastawa et al. [84] presented the level set method which is
used to smoothen the segmentation results at the last stage.
It also varies from Ho et al. [85], who designed a region
competition method implemented on a level set snake but
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left out the template and atlas priors. The advantage of using
a level set representation is that since the curve/surface is
indirectly represented and topological changes are naturally
attainable. There also present practiced numerical implementations [86]. In fact, segmentation of newborn brain MRI
is considerably more challenging than that of adult brain
MRI [80,87] due to the high image noise, lower tissue contrast, critical partial volume effect [23], and dynamic white
matter myelination. To overcome these problems, Wang et
al. [88] proposed a novel patch-driven level sets method for
neonatal brain MR image segmentation. In this approach,
a subject-specific atlas was built earlier from the template
library. The spatial consistency in the probability maps from
the subject-specific atlas was then accomplished by analyzing the similarities of a patch with its adjacent patches. The
final segmentation was formulated by the integration of the
subject-specific atlas toward a level set segmentation framework.

3.4.2 Active contours
Deformable models are also called active contours or snakes
in two dimensions and active surfaces or active balloons in
three dimensions which can be originated by Kass et al. [89]
in two-dimensional spaces and are further established and
generalized in three-dimensional spaces by Terzopoulos et
al. [90] and Cohen [91]. Chan and Vese [92] proposed the
model to detect objects of whose boundaries are not necessarily defined by gradient and hence automatically detect
interior contours beginning with only one initial curve. The
position of the initial curve can be somewhere in the image,
and it does not consequently surround the objects to be
detected. Also, this method does not require any smooth operation in the initial stage, even if it is very noisy and, in this
manner, the locations of boundaries are very well detected
and preserved.
In general, the deformable models are the combination
of physics, geometry, and approximation theory. Physics
describes limitations on how the shape may fluctuate over
time and space, Geometry is used to denote the shape of the
object, and approximation theory offers mechanisms for fitting the models to measured data. One shortcoming while
using parametric deformable models for the segmentation of
volumetric (3D) image is that it has the difficulty logically
managing topological variations for the splitting and merging
of contours. One way to overcome this difficulty would be
to use geometric deformable models or level sets. To define
a boundary of an object, to begin with, a closed curve or
surface is located near the desired boundary in an image.
Finally, internal and external forces are deforming the curve
or surface in an iterative relaxation method where the energy
functional is defined as
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F(S) = Fint + Fext

(12)

The internal forces Fint are computed from inside the curve
or surface to remain it smooth during the deformation. The
external forces Fext are typically derived from the image to
deform the curve or surface with respect to the preferred feature of interest. In ancient deformable models, image forces
arise mostly from the local edge-based information [93–
95]. But such dependence on edge information makes the
deformable models sensitive to noise and active contour
does not meet the ideal solution [62]. Li et al. [96] recommended a region-based level set method for segmentation
of MRI in the existence of intensity inhomogeneity. Also,
few hybrid deformable models had been later proposed to
make use of both local (edge-based) and global (regionbased) information [97–100]. AvinaCervantes et al. [101]
presented a framework for brain tumor image segmentation in
multimodal MRI data. The segmentation was carried out via
localized active contour with background intensity compensation (LACM-BIC) method, which is adapted for handling
images with high mean distance between an image background and its foreground as in the case of medical images.
It is important to notice that the LACM-BIC formulation was
able to perform the brain tumor segmentation task in the lowest computation time compared to the former methods such
as FCM and EM. Region growing methods and active contour
models required to initialize seed points or contours. Often
their segmentations were not exact when the initializations
were inappropriate. The poor constraint conditions and manual interventions limited their success on the larger number of
data set. To overcome this problem, Li et al. [102] developed
a unified algorithm for glioma segmentation named-UAGS
to detect the glioma border in brain MRI images. It comprises three components: the spatial fuzzy c-mean (SFCM)
algorithm, a new region growing method, and an improved
distance regularized level set evolution (DRLSE) method.
3.4.3 Multiphase active contours
Generally, active contours methods fall on nonconvex energy
minimization because of a gradient descent formulation.
In this way, energy minimization converges to undesirable
local minima and yields in faulty segmentation results. The
advantages of multiphase active contours compared to other
approaches are their robustness to image variations, topological flexibility, accurate boundaries, and adaptive energy
functionals. Starting from the Vese and Chan method [103],
a different extension to multiphase active contours had been
implemented [104–107]. Many contemporary works [108,
109] have been addressed to develop new multiphase active
contours not just with a convex formulation, but also with a
decreased computational complexity.
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3.5 Hybrid segmentation methods
Long-ago application-oriented brain MRI segmentation problems were more, and new techniques were regularly invented
and presented [110–114]. Subsequently, choosing of the
most suitable technique for a specific application is usually a challenging task; hence, a combination of different
techniques may be required to achieve the segmentation
goal. So, hybrid or combined segmentation methods have
been used inclusively in several brain MRI segmentation
applications [115,116] and get better segmentation accuracy.
Kapur et al. [117] segmented various brain tissues in adults
with 2D MRI by fusing expectation maximization segmentation, binary mathematical morphology, and active contours
models. Masutani et al. [118] merged model-based region
growing with morphological information of local shape to
segment the cerebral blood vessels of the brain. Warfield
et al. [58] established a combined three-dimensional brain
MRI segmentation algorithm which reiterates between a
classification step to detect tissues and an elastic matching step to align a template of normal brain structure with
the classified tissues. Hybrid segmentation methods are also
employed for the neonatal brain segmentation. For example,
Despotovic et al. [111] presented a hybrid approach to segment the brain volume in neonates using T1-weighted and
T2-weighted MRI by combining the following strategies;
thresholding, active contours, FCM clustering, and morphological operations. Akselrod-Ballin et al. [119] implemented
the hybrid technique by combining multiscale segmentation
by weighted aggregation (SWA) and support vector machine
(SVM)-based classification. A further hybrid method such as
a mixture of wavelets and SVM for classifying the abnormal
and the normal brain images is used by Chaplot et al. [62] This
approach states that the hybrid SVM is much better than the
Kohonen neural networks with respect to performance measures. The main disadvantage of using hybrid segmentation
method is a lower computational time and a higher number
of different parameters that wants to be tuned for a particular
application. Hence, a hybrid segmentation method must be
cautiously and sensibly planned to provide efficient and good
quality segmentation.

3.6 Deep learning methods
Latest accomplishments of deep learning methods, especially convolutional neural networks (CNNs) in different
object recognition tasks [120] and biological image segmentation challenges [121], increased their admiration among
researchers. These methods require a huge annotated data
set, as well as powerful hardware for training. CNNs take an
image as input and return a label or segmentation mask as
output. In between is a complex network of hidden layers.
These can be convolutional, pooling, activation or fully con-
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nected layers, with a large number of weights that need to be
tuned during training. CNNs learn the relationships among
the pixels of input images by extracting representative features using convolution and pooling operations. The features
detected at each layer using learnt kernels vary concerning
their complexity, with the first layer extracting simple features, such as edges, and the later layers extracting more
complex and high-level features. Urban et al. [122] proposed
a 3D CNN architecture for the multimodal MRI glioma segmentation application, whereas high-dimensional processing
can well represent the 3D framework of biological structures,
it also boosts processing load of the network. Shen et al. [123]
applied fully convolutional network (FCN) for multimodal
brain tumor segmentation task for first time with only one
loss layer coupling features at different levels and also the
authors introduced brain symmetry inputs to FCN to further
improve the segmentation performance. In differentiation to
the high-dimensional method, Zikic et al. [124] developed an
analysis method to reconstruct the 4D data, so that standard
2D-CNN architectures can be used to deal with the brain
tumor segmentation task. This can eliminate the strain of
high-dimensional CNN design while expanding computational efficiency. Another new approach employed cascaded
two-pathway CNN architecture by Havaei et al. [125]. This
technique involves extracting the smaller sized patches and
bigger sized patches concurrently. Moreover, the output of
the first pathway is used as an additional input to the second
network. Also, they applied a post-processing stage, which
they detached flat blobs near to the skull based on connected
components. In addition, this technique took 3 min to segment the whole brain using GPU-based implementation. One
of the modern CNN approaches determined the brain tumor
segmentation performance by means of deeper CNN architectures [126]. This method is understood by implementing
small 3 × 3 sized filters in the convolutional layers. In such
cases, more convolutional layers need to be added to the
architecture without affecting the useful receptive field of
the conventional larger filters.
Additionally, deeper architectures employ more nonlinearities and require fewer filter weights, because of the
use of smaller filters, decreasing the possibility of overfitting. An improved version of ReLU, leaky rectifier linear
unit (LReLU) is applied to non-linearity activation function. Several glioma segmentation methods combined the
CNN application with other classification or clustering techniques [127]. Before applying CNN’s to classify innermost
voxels of input image patches toward brain tissue classes,
principal patches of labels are extracted from ground truth
images and then clustered by k-means algorithm with N
groups to form a label patch dictionary of size N . Afterward, a 2D CNN is developed to classify multimodal input
image patches into any one of these clusters (Table 3).
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Table 3 The advantages and disadvantages of the most used segmentation methods for human brain MR images
Methods

Advantages

Disadvantages

Thresholding [22,26]

Threshold is a vital task for any type of segmentation and useful in linearization of image

Due to high intensity variation of the foreground
and background image intensity, this algorithm
does not work properly for all types MRI of brain
image

Region growing [28]

Region growing methods can accurately separate the regions that have the same properties we
describe

Very much sensitive to noise, resulting in extracted
regions to have holes or even get to be disconnected

Watershed [30]

The ideal technique to group pixels of an image
on the basis of their intensities

The main issue of watershed transform is its
sensitivity to intensity variants, producing in oversegmentation, which occurs when the image is
segmented into an unreasonably large number of
regions [32]

Intensity-based segmentation methods

Clustering-based segmentation methods
k-means clustering [42]

The algorithm also runs fast enough that real-time
image segmentation could be complete with the
k-means algorithm

An inappropriate choice of k can also produce poor
and inaccurate results

FCM clustering [38]

It is an unsupervised algorithm. Also, it defines a
membership degree of data to every single class,
thus allowing soft clustering

Computational time is very high and tolerate from
the local trap problems [43]

Markov random fields fields [40]

Spatial information in an image is encoded within
contextual constraints of neighboring pixels

This is only applicable to tissues that are homogeneous enough to be segmented into a single normal
tissue class, therefore is not commonly applicable
to heterogeneous tissue classes and it permits the
identification of tumor structures that have normal
intensities but are too thick to be normal. [51]

MRF-EM framework

Can simply be extended by combining other methods in terms of both the bias field estimation and
the tissue classification [54,55]

The model may converge to incorrect boundaries
in case of inhomogeneities

Classification-based segmentation methods
k-nearest neighbor

k-NN is very simple to understand and easy to
implement [58,59]

k-NN can have poor run-time performance if the
training set is large since all the work is done at runtime; k-NN is very sensitive to redundant features

Artificial neural networks [60]

Neural networks execute very well on complex,
problematic, multivariate non-linear domains,
such as tumor segmentation where it becomes
very hard to use decision trees, or rule- based systems. They also perform a little greater on noisy
fields [62]

Gathering training samples is not straightforward
and learning phase is slow primarily by using the
gradient type learning methods

Self-organizing maps [63]

SOMs are that they furnish effective software tool
for the visualization of high-dimensional data. The
advantage of using statistically salient features of
pattern vectors in data set and can find clusters in
training data pattern space which can be used to
classify new patterns

Major issue with SOMs is that the number of neural units in the competitive layer wants to be almost
equal to the number of regions desired in the segmented image and also they are computationally
very expensive

Ability to segment the image with no well-defined
relation between regions and pixels intensities.
They also provide a standard system for learning
morphometric properties [79]

The disadvantage of an atlas-based can be in the
time necessary for atlas construction wherever
iterative procedure is incorporated in it, or a complex non-rigid registration

Atlas-based segmentation methods
Atlas-based methods [74]
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Table 3 continued
Methods

Advantages

Disadvantages

Atlas-based fuzzy connectedness [82]

Ability in automatic selection of seed pixels
removes possible manual selection errors in multicomponent and complicated brain tissues (such as
peripheral cerebrospinal uid and multiple sclerosis
lesions)

This method may fail in MRI images with severe
intensity overlapping

Deformable model-based segmentation methods
Level set [85]

Extracting complex shapes without knowledge of
target also makes numerical computations involving curves and surfaces very easy to track shapes
that change topology

It requires calculation of parameter value manually
at each level. This makes this method very time
consuming and tedious to apply on different brain
images

Active contours and surfaces [89,90]

Ensure precise computation and avoid expensive
repeated initialization procedures

Edge-based active contours may ignore the blurry
boundaries, and they are sensitive to local minima
or noise

Hybrid methods [110–114]

Hybrid methods aimed at integrating the advantages of different models within single system.
Hybrid methods which combined the relative
strengths from the different classifiers and applied
them in an order in such a way that the total accuracy get maximized

Sophisticated and high computational costs

4 Feature extraction techniques in MRI brain
tumor analysis
The next step in the brain tumor diagnosis is to extract the
higher-level information such as shape, texture, intensity and
local binary patterns from the MRI brain images. These features provide the complete characterization of a brain tumor
and are used as input to the classifiers which assign them
the class label which they represent. Due to the very complicated structure of diversified brain tissues such as white
matter, gray matter, and cerebral spinal fluid, extraction of
relevant features is a crucial task. Figure 7 shows the features
extracted from MRI brain and its classification as texture
based, intensity-based and shape based on brain tumor analysis. The statistics and formula for some of the useful features
are described in the following section.

4.1 Texture features based on second-order gray
level co-occurrence matrices (GLCM)
In medical image analysis, apart from shape, size, and color,
texture can be defined as a function of the spatial variation in
pixel intensities. Texture features initially proposed by Haralick and Shanmugam [128] in 1973. They describe texture
using a range of quantities formulated from second-order
image statistics. Gray level co-occurrence matrix (GLCM)
is a tabulation of how often a different combination of gray
levels co-occur in an image and is defined in terms of statistical measures such as contrast, correlation, entropy, cluster
prominence, cluster shade, dissimilarity, energy, and homo-
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geneity. The mathematical formulation of GLCM is given
below.
Let f (x, y) be an N x by N y image whose pixels take one
of L levels, let r be a definite spatial offset. A GLCM entry,
GLCMr (i, j) is then basically a count of the number of times
a pixel with value j ∈ 1, . . . , L.
GLCMr (i, j) = {(x1 , y1 ), (x2 , y2 ) ∈ (N x , N y )×(N x , N y )
| f (x1 , y1 ) = i ∧ f (x2 , y2 ) = j
−−−−−−−−−−−−−→
→
∧−
r = (x2 − x1, y2 − y1)}

(13)

The offset r can be an angle and/or distance. The diagonal and near-diagonal GLCM [128] entries will be larger
for images composed of patches with the matching pixel
values. Every pixel from an image is considered to have 8
neighboring pixels allowing θ to be 0◦ , 45◦ , 90◦ , 135◦ , 180◦ ,
225◦ , 270◦ , or 315◦ . However, considering the diagonal symmetry of the matrix format of the GLCM, the co-occurring
pairs obtained by choosing θ equal to 0◦ are the same as θ
being 180◦ . Therefore, there are four choices in selecting the
value of θ such as 0◦ , 45◦ , 90◦ , 135◦ . The values of the cooccurrence matrix elements present relative frequencies with
which two neighboring pixels separated by distance d and at
angle θ appear on the image where one of them has gray
level i and other j, and their joint probability of occurrence
is given by p(i, j).
From the co-occurrence matrices, the texture features are
extracted and described as follows: the autocorrelation feature of an image is used to estimate the fineness or roughness
of the texture existing in the image. If the texture is coarse or
unsmooth, then the autocorrelation function will bring down
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slowly, if not it will bring down very rapidly. For normal
textures, the autocorrelation function will show peaks and
valleys.
Autocorrelation =


i

Cluster prominence

(i + j−μx − μ y )4 p(i, j)
=|
i

( px − μx )( p y − μ y ) σx σ y



Cluster shade =

j

(14)
From the co-occurrence matrices, the texture features are
extracted and described as follows: the autocorrelation feature of an image is used to estimate the fineness or roughness
of the texture existing in the image. If the texture is coarse or
unsmooth, then the autocorrelation function will bring down
slowly, if not it will bring down very rapidly. For normal
textures, the autocorrelation function will show peaks and
valleys.
Correlation feature is a quantity of gray level linear dependency of the image. Correlation feature is well-defined as
 
i
j (i − μx )( j − μ y ) p(i, j)
(15)
Correlation =
σx σ y
Contrast measures the number of structural variations present
in the image away from the diagonal i.e i = j.
⎧
⎫
⎬
 ⎨ 
n
p(i, j) , |i − j| = n
(16)
Contrast =
⎩
⎭
n
i

j

Cluster prominence is a measure of asymmetry. If the image
is less symmetric, then the value of cluster prominence is
high.

(17)

j

i

j

i

j



Dissimilarity =

(i + j−μx − μ y )3 p(i, j)

(18)

p(i, j) |i − j|

(19)

Energy can be illustrated as the measure of the extent of pixel
pair repetitions. It measures the homogeneity or uniformity
of an image. When pixels are identical, the energy value will
be huge. It is defined in Eq. (20) as
Energy =


i

p(i, j)

2

(20)

j

Entropy is the measure of randomness which is used to depict
the texture of the input image. Its value will be maximum
when all the elements of the co-occurrence matrix are the
equal. It is also defined in Eq. (21) as
Entropy = −


i

p(i, j) log( p(i, j))

(21)

j

Homogeneity is the measure which grows with lower contrast
in the window. It is defined as
Homogeneity = −


i

j

1
1+i− j

p(i, j)

(22)
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where μx , μ y , σx and σ y are standard deviation (SD) of the
marginal distributions of p(i, j|d, θ ).
 
i
p(i, j)
μx =
μy =
σx 2 =

i

j

j

i

 
j
p(i, j)


(i − u x )2

i

σy2 =

(23)





(24)
p(i, j)

(25)

p(i, j)

(26)

j

j − uy

2 

j

i

Bonte et al. [129] implemented automated brain tumor
segmentation algorithm on a minimal amount of data which
includes T1 and FLAIR MRI. For every patient, 275 feature maps are calculated based on the T1ce and coregistered
FLAIR scans which includes texture features and normality
and abnormality features. random forests classification and
dedicated voxel clustering provide a delineation of different
tumor partitions. In large tumors or when a large degree of
mass effect is present, this algorithm might give rise to unsatisfying results. This makes the method especially suitable for
high-grade glioma.
Local binary patterns (LBPs) [130] have emerged as one of
the most important texture descriptors, attracting significant
attention in the field of computer vision and image analysis due to their discriminative power and robustness against
illumination changes. If the central pixel gc is denoted by
the coordinates (xc , yc ), then the coordinates of P neighbors
g p (x p , y p ) having radius R is defined by Eq. (27) and LBP
is computed by comparing the pixel to its neighbors as given
in Eq. (28).
x p = xc +R cos(2π p/P) and y p = yc +R sin(2π p/P)
(27)
LBP_image P,R =

P−1


s(g p − gc )2 p

(28)

p=0

and

s(x) =

1, if x ≥ 0
0, otherwise



where gc and g p represent the gray level of the central pixel
and neighbor pixels, respectively. 2 p is the binomial weight
assigned to each sign s(g p − gc ), which transforms into a
unique LBP code with the differences of the neighborhood.
The joint distribution of center pixel value and their differences actually indicates the overall luminance of an image.
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4.2 Intensity or first-order histogram features
First-order histogram gives distinct statistical properties such
as four statistical moments of the intensity histogram of an
image. These rely on specific pixel values and not on the
interaction or co-occurrence of neighboring pixel values. The
four first-order histogram statistics features are mean, variance, skewness, and kurtosis. Pi is the gray scale pixel value
of an image. The mean depends on the first-order momentum of the data. The center of a distribution can be found by
summarizing all pixel values and dividing this by the number
of pixels in a tumor region.

Mean =

1 N
Pi
i =1
N

(29)

Variance measures how far away the gray scale values are
spread out.
1 N
(Pi − mean)2
i =1
N

Variance =

(30)

Skewness (nondimensional quantity) computes the degree of
asymmetry of a distribution around its mean such as a bias
to the left or right side.

Skewness =

1 N
(Pi − mean)3
i =1
N

(31)

Related to a normal distribution, kurtosis measures the
peakedness or flatness of a distribution.

Kurtosis =

1 N
(Pi − mean)4
i =1
N

(32)

Statistical features were related with Gabor wavelet features [131], while Gabor wavelets features occupy a huge
amount of memory; they are vastly redundant and result
in high computational costs. Shape features provide the
geometrical information of an object in an image such as
centroid, area, perimeter, circularity, shape index was considered. Several supervised methods are used for brain lesions
segmentation such as random forests classifier (RFC), generative Gaussian mixture model (GMM), and intensity-based
features. Contextual and morphological features are used
for the detection of different types of brain lesions. Markov
random field (MRF) is used for brain lesion segmentation.
Aforementioned methods are used with handcrafted feature extraction method, but the difficulties with handcrafted
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method are computationally intensive as compared to deep
learning methods [132] such as CNN.

5 Discussion on recent trends in MR brain
tumor analysis
Brain MR image analysis has traditionally been an important area of research, fascinating the researchers to work on
different tasks, such as segmentation, lesion detection, tissue
segmentation and brain parcellation on neonatal, infant and
adult subjects. In the future, the feature extraction for brain
tumor might be beneficial to take a closer look at relevant and
meaningful features and would be interesting to explore how
new features can be designed to obtain better results. Selection of more discriminative features for classifiers perhaps
required in brain tumor analysis. State-of-the-art methods
on brain tumor analysis predominantly use deep learning
approaches such as convolutional neural networks.
A recent study on deep neural network architectures and
its applications toward medical image analysis were presented in [133,134]. Deep learning for image classification
can be divided into two different approaches. In the first
approach, features are extracted from a local patch for every
voxel using convolutional layers. These features are then
classified with a fully connected neural network to obtain
a label for every voxel. The second approach uses fully
convolutional networks such as U-Net where the local information is incorporated using up- and downsizing steps. In
U-Net based technique, Dong et al. [135] introduced a Softdice-based loss function and data augmentation technique
in order to boost the segmentation accuracy. The soft-dicebased loss function has a particular advantage that is flexible
to unbalanced volumes, which is very significant for brain
tumor segmentation because some sub-tumoral regions can
only count for a slight portion of the entire tumoral volume.
Anitha et al. [136] differentiated the normal brain MRI
image from abnormal MRI brain image using convolutional
neural network (CNN) approach. The authors used Maxpool
methodology in CNN architecture in order to improve the
classification accuracy. Amin et al. [137] used CNN model
with 07 layers that consist of 03 convolutional, 03 ReLU and
a softmax layer for brain tumor segmentation which is evaluated on eight challenging benchmark datasets. However,
the existing techniques are not evaluated on such number
of datasets with less inference time which implies deep
learning methods are more powerful as compared to supervised methods with the great ability of model to learn more
discriminated features for task on hand. Although working
with each model has its computational advantages and drawbacks, obtaining good generalization requires an architecture
with optimized layers, considering the class imbalance and
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selecting the best hyper-parameters and advanced training
procedures. Saouli et al. [138] applied end-to-end deep
learning model called Incremental XCNet to Glioblastomas
tumors. The Incremental XCNet differs from the conventional CNNs-based models that use the technique of trial and
error. This technique depends on creating a deep learning
model then train this model, if the model failed then we can
develop another model and so on until one of models get
succeed. In addition, the authors used a new training strategy
called ELOBA _ λ to achieve brain segmentation results with
the average time of 20.87 s.
Convolutional neural networks have accomplished stateof-the-art performance for automatic brain tumor segmentation. However, they have not proved adequately precise
and robust outcomes for clinical practice. Moreover, they are
restricted by the lack of image-specific adaptation and the
lack of generalizability to previously unseen image classes.
Therefore, there is a requirement for more generic methods that would take care of these variabilities. This could
improve the accuracy, robustness and validity of MRI-based
brain tumor segmentation. The new algorithms to come are
anticipated not only to boost the performance of deep CNNs
but also to be greatly optimized, with less or no hyperparameters, which establish one of the primary bottlenecks
for most users to adapt. To develop a robust model that can
be applied to datasets of similar applications but with different types of imaging modalities (such as Magnetic resonance
spectroscopy), MRI scanners and numbers of training cases.
The selection of optimal hyper-parameters is also a challenging task that needs to be addressed cautiously.

6 Conclusion
Medical image analysis needs to address real-world issues
that have been outside the realm of computer vision. Image
segmentation and feature extraction techniques are widely
used in biomedical image analysis and are crucial for studying anatomical structure, tissue volumes computation, diagnosis of abnormalities, pathology, treatment planning and
computer-aided surgery. These practices have been applied
based on the characteristics that allow distinguishing abnormal tissues from normal tissues. In this survey paper, various
automatic and semi-automatic segmentation, feature extraction and tissue classification methods for brain using MRI
have been studied. Also, the merits and demerits of various automated techniques for brain lesion identification are
analyzed in detail. The key idea is to identify the most
viable methods for future development of better and effective segmentation techniques that will assist the radiologist
in accomplishing an in-depth investigation of the brain at a
significantly reduced time. The ultimate objective is to devise
new techniques of image analysis and focuses on the future
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advancement of medical image processing in medicine and
healthcare. There are several future directions which might
further improve the existing systems for human brain MR
images: (1) the acquisition of large databases from different
institutions with various image qualities for clinical evaluation and improvement in the novel methods. (2) Improve the
classification accuracy by extracting more efficient features
and increasing the training dataset. (3) Utilize other machine
learning techniques and integrate them into a hybrid one system.
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