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Abstract BrainMRI imaging is necessary to screen and detect diseases in the brain,
and this requires processing, extracting, and analyzing a patient’sMRImedical image
data. Neurologists and neurological clinicians, technicians, and researchers would be
greatly facilitated and benefited by a graphical user interface-based computational
tool that could perform all the required medical MRI image processing functions
automatically, thus minimizing the cost, effort, and time required in screening dis-
ease from the patient’s MRI medical image data. Thus, there is a need for automatic
medical image processing software platforms and for developing tools with applica-
tions in the medical field to assist neurologists, scientists, doctors, and academicians
to analyzemedical image data automatically to obtain patient-specific clinical param-
eters and information. This research develops an automatic brain MRI segmentation
computational tool with a wide range of neurological applications to detect brain
patients’ disease by analyzing the special clinical parameters extracted from the
images and to provide patient-specific medical care, which can be especially helpful
at early stages of the disease. The automatic brain MRI segmentation is performed
based on modified pixel classification technique called fuzzy c-means followed by
connected component labeling.
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1 Introduction

In the field of medical image processing, themost challenging task to any neurologist
or a doctor or a scientist is to detect the patient’s disease by analyzing the patient’s
clinical information. Patient’s data is extracted and analyzed to detect the abnormal-
ities and to measure the illness of the disease which helps a medical practitioner to
cure the disease at its early stages. Extraction of brain abnormalities in brain MRI
images is performed by segmentation of gray and white matter regions in patient’s
brain MRI images. After segmentation is performed, patient’s clinical data such as
the area of the cortex, size of tumor, type of tumor (malignant or benign), and position
of tumor are determined which help a [1] doctor to take early decisions for surgery
or treatment to cure any brain disease.

During initial days, these segmentation techniques were performed manually by
subject matter experts or neurological experts, which consumes time and effort of
neurological specialists in the field. The segmentation results obtained [2, 3] from the
manual segmentation techniques may not be accurate due to vulnerable and unsat-
isfactory human errors which may lead to inappropriate surgical planning. There-
fore, it has become very much necessary for a neurologist or an academician or a
researcher to introduce automatic segmentation techniques which give accurate seg-
mentation results. These segmentation techniques that are performed automatically
are of two types typically known as semiautomatic and fully automatic segmentation
techniques. In a semiautomatic segmentation process, partial segmentation is per-
formed automatically, and then, the results thus obtained are checked by neurological
experts to modify for obtaining final segmentation results. In a fully automatic seg-
mentation technique, there is no need for manual checking by neurological experts
which minimizes his time and effort. These fully automatic segmentation techniques
are classified as threshold-based, region-based, pixel classification based, andmodel-
based techniques which are determined by the computer without any human partic-
ipation.

In this paper, regions in the brain are segmented automatically using a technique
called Fuzzy C-Means (FCM) algorithm, which is a pixel classification technique
followed by component labeling techniquewhich is usedwidely in biomedical image
processing to perform fully automatic segmentation in brain MRI images. This clus-
tering mechanism is the most widely used technique for segmentation and detection
of tumor, lesions, and other abnormalities in brainMRI scans. The above pixel classi-
fication technique gives accurate results especiallywhile analyzing non-homogenous
and dissimilar patterns of [4–7] brain MRI images. FCM is a unique method that
can be implemented in most of the MRI images to perform segmentation and obtain
efficient results even for the noisyMRI images. The main concept of clustering algo-
rithm is grouping of similar components (in this research, it is pixels of an image)
within the same cluster. This simple idea is implemented in this work to develop
a disease prediction framework that can automatically segment various regions of
multidimensional brain MRI scans.
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2 Automatic Segmentation

Recent studies have shown that the atrophy rate in the brain is the valid parameter
to measure the severity of diseases such as dementia, Alzheimer’s and other brain
disorders from brain MRI images. Therefore, the necessity to calculate the atrophy
rate has been increased which is the measurement of abnormalities in gray and white
matter regions in brain MRI images of the patient [8]. The method herein presents a
disease prediction framework that can automatically segment gray and white matter
regions of patient’s brain using modified adapted pixel clustering method. In the
proposed method, the gray and white matter regions of cerebral structures are auto-
matically segmented using a form of adaptive modified pixel clustering technique
called Fuzzy C-Means (FCM) in which the pixels having similar intensity values are
grouped [9] into similar clusters and followed by connected component labeling in
which each pixel of gray and white matter regions are labeled.

A. Image Acquisition
The patient’s brain MRI image and neurological data used in this research work
was obtained from the Image and Data Archive (IDA) powered by Laboratory
of Neuro Imaging (LONI) provided by the University of Southern California
(USC) and from the Department of Neurosurgery at the All India Institute of
Medical Sciences (AIIMS), NewDelhi, India. The data was anonymized as well
as followed all the ethical guidelines of the participating research institutions.

B. Segmentation Methodology
The segmentation methodology used in this research for automatically perform-
ing segmentation of gray and white matter regions in brain MRI images using
fuzzy c-means clustering algorithm is shown as a block diagram in Fig. 1. The
preliminary step in the process of segmentation is to remove the external sections
of the image which is not required for brain MRI image analysis. Therefore,
it is necessary to detect and remove the skull outline from the patient’s brain
MRI image. This mechanism is performed using elliptical Hough transform
which is used in digital image processing applications that identify the arbitrary
shapes such as circles, ellipses, and lines in an image data. After the skull outline
removal, the inner brain slice is subjected to adapted fuzzy c-means clustering
algorithm which is one of the pixel classification techniques mentioned above.
In this process, the brain internal slice is separated into different regions using
clustering mechanism which is based on the intensity values of the pixels in this
research.
Among the above-described pixel classification segmentation techniques,
clustering-based fuzzy c-means algorithm is used for segmentation of gray and
white matter regions in this research. Also, this technique generated accurate,
reliable, and robust results even with the noisy MR images of patients’ brain.
After clustering, the next step in the segmentation process is to perform con-
nected component labeling based on the connectivity of the neighboring pixels.
Even after performing clustering, some of the pixels positioning adjacent to
each other different similar intensity values of pixels may be in the same clus-
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Flowchart of Automatic Segmentation Methodology

Fig. 1 Block diagram of automatic gray and white matter segmentation

ter. Therefore, it is necessary to perform connected component labeling inwhich
each component of the image is labeled and given a membership to each of the
pixels in the clusters to determine and differentiate the pixels accurately. Also,
among many other techniques, this modified adaptive pixel classification tech-
nique called fuzzy c-means is used for both multi-featured and single featured
extraction and analysis using spatial data. The segmentation technique [8, 9]
used in this research is fully automatized unsupervised segmentation that can
perform feature analysis, clustering in many medical imaging applications. A
medical image data is formed with the combination of set of components or
data points that have similar or dissimilar parametric values. These similar and
dissimilar data points of the image are classified into various similar clusters
which can be performed based on similarity criteria. Image pixels of medical
image data can be correlated to each other which have similar characteristics
or feature information to the data points that are sitting next to the data point in
an image. In this segmentation mechanism, spatial data of the adjacent pixels
is taken to perform clustering. This research work presents an algorithm for
clustering of various regions of brain MRI images into various classes followed
by connected component labeling using a knowledge-based algorithm. Below
are the steps for fully automatic segmentation algorithm:

(a) Skull outline detection:
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Skull Detection Methodology

Fig. 2 Skull outline detection in brain MRI images

Skull outline present in the brain MRI scan is not required for analyzing brain
abnormalities in this research.Therefore, detectionof skull outline and removing
it play a vital role during the segmentation process so that feature extraction and
analysis becomes easier and results thus obtained without the skull outline part
will be accurate. This skull outline sections in brain MRI regions are not our
region of interest as this section are filled with fat, skin, and other unwanted
materials. This step allows a researcher to focusmore on the actual brain sections
which are responsible for brain disorders and to obtain reliable outputs [10]. In
this skull removal process, a widely used image feature extraction tool in digital
image processing is used to detect the superfluous components of the brain
MRI image data with in different shapes such as circle, ellipse, and lines. In this
research, we have used the elliptical Hough transforms to extract the unwanted
material (data objects or pixel components of an MRI image) from the actual
brain MRI image data. This elliptical Hough transform is applied to the original
brain MRI slice using a voting process in a parametric space [11]. Figure 2
shows the results obtained in the first step of the segmentation process:

(b) Adaptive fuzzy c-means clustering:
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Once the skull outline sections are detected and removed from the original
brain MRI image, the next and very important step in the segmentation process
is to perform clustering to the image that is obtained from the first step of the
segmentation process. In this clustering, the medical image is classified into
various regions of brain such as gray matter, white matter, and cerebrospinal
fluid. The concept of clustering helps a researcher especially in digital image
processing technique to classify different patterns of the image and for the
segmentation of any medical image data. It is a widely used technique for
various purposes for medical data analysis in the field of medical sciences. The
process of classifying different clusters by grouping the similar components into
same cluster based on some criteria is defined as clustering. In this research,
clustering of the medical MRI image data having different regions such as gray
matter and white matter is performed based on similar intensity values of the
pixels. Due to several internal and external parameters, patient’s MRI scans in
the field of biomedical sciences may have more noise which when analyzed
further may produce inappropriate results [12]. This is highly unacceptable as
these inappropriate resultsmay lead to improper diagnosis and surgical planning
of the patient. And hence, an effective algorithm is required to avoid inaccurate
results during the segmentation process. There are several types of clustering
techniques available in the field to perform segmentation of brain MRI images
in themedical field. In this research, we have used amodified pixel classification
technique called fuzzy c-means, which is based on the clustering mechanism.
This technique that is used for segmentation generates accurate results equally
for noisy MRI patient data [13–18]. Among many other clustering algorithms,
fuzzy c-means algorithm is themost popular techniquewhich has awide number
of benefits comparatively as it performs well even with the uncertain medical
image data. This technique used in our research enhances the features of fuzzy
c-means algorithm minimizing computational errors during the segmentation
process and this modified algorithm is called adaptive fuzzy c-means clustering
algorithm [19].

(c) Connected component labeling:
The next step in the proposed automatic segmentation is to perform connected
component labeling to the clustered image based on pixel connectivity mecha-
nism. In this stage, positions of several pixels which are located on the clustered
image are extracted and classified. In this process, several disjoint and also con-
nected components are labeled based on the connectivity procedures, which
is a very essential step in the segmentation process in order to reduce inaccu-
racy [20]. Every medical MRI image consists of pixels that are located side
by side sitting together forming connected components will have similar inten-
sity values. Therefore, in this method, the image is scanned such that every
pixel is detected and examined to extract the connected pixel regions of the
MRI image that are positioned adjacent to each other having similar intensity
values [21–25]. Each and every pixel component of the image irrespective of
which group it belongs to are labeled based on the connectivity of pixels. In this
research, connected component labeling is performed using two-dimensional
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eight-connectivity measures to determine the way in which each pixel is related
to its neighboring pixel in the medical MRI image.

(d) Final segmentation mask after removing noise:
Last but not the least, the step after skull outline detection, clustering, and
connected component labeling is to generate the required segmented gray and
white matter regions by superimposing gray and white matter masks on the
actual brain MRI image that has to be analyzed. Our major goal in this step is to
remove all background pixels and to only keep foreground pixels of region of
interest of the original MRI image [25–28]. This process of overlaying masks
on original brain MRI image and removing the background pixels from the
image improves the segmentation process by further increasing the quality of
separability of gray and white matter regions, and thus, accurate segmentation
results are obtained. The results obtained by the process of clustering using
fuzzy c-means followed by connected component labeling to extract gray and
white matter regions as masks and when these masks are further processed for
final segmentation of gray and white matter regions are shown in Fig. 3.

3 Graphical Computational Tool

A software tool is developed that can automatically perform the entire process of
feature extraction, classification, preprocessing, and segmentation as an effective
graphical computational tool with a user interface (GUI). This application is inde-
pendent and a standalone GUI application that can be installed on the users’ machine
acting as a desktop application. Neurologists or any user can load the brain MRI
image from his local machine and perform automatic segmentation to obtain various
results instantaneously. This automated segmentation tool can perform segmentation
and display the results as mask, color images, or boundaries of gray and white matter
regions of brain MRI image with just clicks of buttons that takes very less amount
of time and efforts of neurologists. The developed GUI system assists neurologists
or any user making it easy to upload patient’s brain image from his local computer,
viewing and obtaining the results in very less time reducing efforts due to manual
tracings [29–33] by the experts. The GUI has the following features:

(1) Segmentation of brain MRI images is provided as a software.
(2) It is freely accessible to all researchers in the medical field and neurologists,

radiologists, and doctors in any part of the world.
(3) It is user-friendly and easy to use.
(4) It automatically segments the brain images and so no manual tracing is required

by the user.
(5) It supports all medical image data types (nifty, dicom, png, etc.).
(6) Neurologists disease prediction framework is provided in this software tool.
(7) Automatically calculates the areas of gray and white matter regions or lesions

or tumors based on which it predicts disease in brain.
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GUI of Computational Software for Automatic Brain MRI Segmentation
(a) (b)

(c) (d)

Fig. 4 Graphical User Interface (GUI) of computational brain segmentation software developed
to a load MRI image, b gray and white matter regions, c gray and white matter masks, and d gray
and white matter boundaries

Below are the three screenshots which show running the GUI for loading the brain
MRI image (Fig. 4a), viewing the gray and white matter segmented regions (Fig. 4b),
viewing the gray and white matter extracted masks (Fig. 4c) and viewing the gray
and white matter region boundaries (Fig. 4d).

4 Manual Segmentation

In this research work, the manual segmentation is performed for several patients’
MRI image data to validate and verify the automatic segmentation techniques using
fuzzy c-means followed by connected component labeling performed in this research
with the manual segmentations done by neurological tracings of gray matter and
white matter regions by experts [34–38]. Figure 5 presents the manual segmentations
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Manual Segmentation Illustration

Fig. 5 Manual segmentation (labeling) by neurologist expert of the gray and white matter regions
in brain MRI images. Gray matter region (left) and white matter region (right)

performed by neurological experts to segment gray and white matter regions of brain
MRI images.

5 Validation

This research work presents the comparison of manual and automatic segmentation
results of five different patients’ sample MRI images. To compare these results, a
statistical measure called Dice coefficients is used to calculate the similarity mea-
sures of these two techniques. Figure 6a–c shows the sample manual and automatic
segmentation of three of the patients. The automatic segmentations are obtained from
the proposed algorithm, and the manual segmentation is obtained here from the neu-
rological tracings by experts in this research. For the validation purpose, five different
sample image data are considered, and the manual and automatic segmentations are
performed for the [39–42] same to compare both the segmentation results that are
obtained. For each of the patient MRI images, a dice coefficient value is calculated
between manual and automatic segmentation of patient brain MRI images. Manual
segmentation is performed three times by neurological experts for each of the sample
patient images among the five different MRI images. Finally, the Dice coefficient
values are plotted using box plots for each of the patient brain images that com-
pare manual and automatic segmentations for all sample patient images considered.
Figure 7 shows the box plots of the Dice coefficients calculated as the similarity
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Fig. 6 Sample manual and automatic segmentation of three specimens
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Fig. 6 (continued)

measure to compare manual and automatic segmentation of the brain MRI images
for the five sample patients.

6 Discussion and Conclusion

The research presented in this work facilitates efficient and effective automatic seg-
mentation of gray and white matter regions from brain MRI images, which has
several clinical neurological applications. A fully automatic segmentation method-
ology using elliptical Hough transform along with pixel intensity and membership-
based adapted fuzzy c-means clustering followed by connected component labeling
and region analysis has been implemented in this research to perform segmentation
of gray and white matter regions in brain MRI images. The algorithm was tested
and verified for several sample brain MRI images. Manual segmentations were per-
formed by neurological experts for several patient brain MRI images. These manual
segmentations were used to compare and validate with the results obtained from the
automatic segmentations in this researchwork. Validations were performed by calcu-
lating several Dice coefficient values between the automatic segmentation results and
the manual segmentation results. The Dice coefficient values are similarity measures
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Validation: Dice Coefficients as Similarity Measures

Fig. 7 Box plots for Dice coefficients to compare manual and automatic segmentation of brain
MRI images of five patients

that are represented statistically using box plots in this research work. The automa-
tized computational segmentation tool developed in this research can be employed in
hospitals and neurology divisions as a computational software platform for assisting
neurologist in detection of disease from brain MRI images post MRI segmentation.
This tool obviates manual tracing and saves the precious time of neurologists or
radiologists. This research presented herein is foundational to a neurological dis-
ease prediction and disease detection framework, which in the future, with further
research work, can be developed and implemented with a machine learning model-
based prediction algorithm to detect and calculate the severity level of the disease,
based on the gray and white matter region segmentations and estimated gray and
white matter ratios to the total cortical matter, as outlined in this research.
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