ISSN : 2347 - 8446 (Online)
ISSN : 2347 - 9817 (Print)

Vol. 2, Issue 3 (July - Sept. 2014)

International Journal of Advanced Research in
Computer Science & Technology (IJARCST 2014)

Automated Skull Stripping Method using Clustering and
Histogram Analysis for MRI Human Head Scans
K.Somasundaram, IIR.Siva Shankar

I
I,II

Image Processing Lab, Dept. of Computer Science and Applications, Gandhigram Rural
Institute-Deemed University, Gandhigram-624302, Tamil Nadu, India.

Abstract
Magnetic Resonance Images (MRI) are used to analyse the human organs without surgery. The analysis requires medical image
segmentation techniques. Brain image segmentation is one of the most important tools and hence need by the clinicians. However,
an accurate segmentation is a significant task and crucial for exact diagnosis. In this paper, we have proposed automated method
for segmenting brain from T1 weighted MR images. Initially, Otsu thresholding technique is used to find the threshold value in order
to eliminate low intensity pixels such as air and CSF from the image. K-Mean clustering technique is used to classify the image into
three parts such as brain tissues, non-brain tissues and background. To eliminate non-brain pixels, we have analysed histogram of
the image and finally Largest Connected Component is used to segment the brain.
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I. Introduction
Magnetic Resonance Imaging and other medical images contain
complicated anatomical structures that require precise and most
accurate segmentation for clinical diagnosis [1]. Brain image
segmentation from MRI images providing precise and accurate
diagnostic information about spatial relationships between critical
anatomical structures such as cortical areas. It is essential for
pre-processing step in neuro-imaging applications. Many semiautomatic [2] - [4] and automatic brain MRI segmentation techniques
[9] and [13] are available to replace the time consuming manual
segmentation. Semi-automatic segmentation method includes
region-based and boundary- based techniques. Region-based
techniques [5] provide fast segmentation by assigning memberships
to voxels according to homogeneity values, but sometimes the
in-homogeneity voxels can result inaccurate segmentation.
Boundary – based techniques [6] - [8] works well for low noise
images. but these techniques are unreliable since image noise and
low contrast edges between brain structures can result false or
non-existent boundaries causing under or over segmentation[6]
[7]. Fully automatic segmentation techniques require no human
intervention and provide completely reproducible results for same
data. Atkins et al.,[10] proposed a full automatic segmentation of
the brain in MRI. In this method a rough brain is produced by
an anisotropic operation and thresholding. Then it uses an active
contour algorithm to produce accurate result. Sometimes it failed
on dataset containing abnormal anatomic structures, extremely
high noise or poor contrast. Another fully automatic segmentation
of brain from T1-weighted MRI using bridge burner algorithm is
proposed by Artem Mikheev et al., [11]. This algorithm is based
on thresholding, connectivity, surface detection and a new operator
of constraint growing. Automated brain segmentation algorithms
provide acceptable accuracy. Such an automated segmentation
algorithm [12] is proposed by Zu .Shan et al. This algorithm is
based on Histogram analysis of the T1 weighted 3D head volume
MR images. It consists of thresholding and simple morphological
operations such as dilation, erosion and connectivity process.
Histogram scale- space analysis and mathematical morphology
techniques jointly used in T1-weigted brain MRI by J.F.Mangin
et al.,[15]. They have analysed the crossings in scale-space of
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trajectories of extrema of different derivative orders follow regular
topological properties. These properties allow designing a new
structural representation of a 1D signal. Then they have proposed
a heuristics using this representation to infer statistics on grey and
white matter grey level values from the histogram. These statistics
are used by an improved morphological process combining two
opening sizes to segment the brain.
Unsupervised segmentation techniques are pixel-based methods
as well. K-Mean Clustering [19]-[22] plays an important role
in medical image segmentation and becomes a vital technique
in pixel-based classification method. H.P.Ng et al., have make
use of K-Mean clustering to produce primary segmentation
of the input image, in their improved watershed segmentation
algorithm [16] in order to achieve the objective of over segmenting
in MR Head images. Many thresholding techniques [27]-[30]
used the criterion-based concept to select the most suitable gray
scale as the threshold value and it classify the image regions into
foreground and background. One of the popular methods is Otsu’s
thresholding method [17] that employs discriminate analysis to
find the maximum separability of classes. For every possibility of
threshold value, Otsu evaluated the goodness of this value if used
as the threshold. This evaluation incorporates the heterogeneity
of both classes and the homogeneity of every class. Thresholded
images results binary images. In such images, background being
labelled b zero values and region represented by one value. The
labelling of connected components [18] [19] in binary image is
essential to many automated image analysis applications. This
technique is very constructive to extract the Region of Interest
(ROI) from MRI.
In this paper we have proposed a brain extraction method using
clustering and histogram analysis. In section 2, we have given
the basic principles used in our method. Our proposed work
is presented in detail in section 3. Results generated from the
proposed method are discussed in section 4. Finally, section 5
draws the conclusion.
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II. Basic Principles used in Brain Segmentation
(i) Otsu Thresholding
Otsu’s thresholding method is used to find the threshold value T
which minimizes the intra-class variance (within class variance)
or maximizes the inter-class variance (between – class variance)
to separate the input image into two classes to produce the binary
image. The intra-class variance is defined as the weighted sum
of variances of each class.
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(iii) Labelling
To identify regions in the image, each region is labelled with a
unique number. Such methods are called as labelling. Region
labelling using run length encoded data is simple and fast. The
algorithm has two passes. In first pass, the runs are analysed for
neighbourhood and labelled row-wise.
The label collision issue in the first pass is solved by second
pass.
First Pass: Use a new label for each continuous run in the first
image row that is not part of the background.
For the second and subsequent rows, compare the positions of
runs.
a. If a run in a row does not neighbour (in the 4 -or- 8 sense)
any run in the previous row, assign a new label.
b. If a run neighbours precisely one run in the previous row,
assign its label to the new run.
c. If the new run neighbours more than one run in the previous
row, a label collision has occurred.
Collision information is stored in an equivalence table, and the
new run is labelled using the label of any one of its neighbours.
Second Pass: Search the image row by row and re-labelled the
image according to the equivalence table.
(iv) Largest Connected Component (LCC)
The run length identification scheme for region labelling described
by Sonka et al. [24] is used to find the LCC among the regions
as:

(ii) K-Mean Clustering
The purpose of k-means algorithm is to cluster the data. K-means
algorithm is one of the simplest partitions clustering method.
K-Means is the one of the unsupervised learning algorithm for
clusters. Clustering the image is grouping the pixels according
to the some characteristics. In the k-means algorithm initially we
have to define the number of clusters k. Then k-cluster center are
chosen randomly. The distance between the each pixel to each
cluster centers are calculated. The distance may be of simple
Euclidean function. Single pixel is compared to all cluster centers
using the distance formula. The pixel is moved to particular cluster
which has shortest distance among all. Then the centroid is reestimated. Again each pixel is compared to all centroids. The
process continuous until the center converges. Let Xi be the data
set, where i = 1, 2,...,n.
1. Set the cluster size as k.
2. Initialize the centroid of each cluster Ci=0, i=1,2...k.
3. Process the observations and assign to a cluster.
4. Find the centroids of each cluster.
The centroid of a cluster is found by minimizing the objective
function
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III. Proposed Method
A. Proposed Method
The proposed algorithm consists of four steps. The first step is
removing low-intensity pixels by applying an image intensity
threshold to separate the background noise and foreground head
tissues. The second step is to cluster the pixels into brain, nonbrain and background using K-mean method. The third step is to
eliminate non-brain regions using histogram analysis. The fourth
step is to find largest connected component in order to obtain
brain image separately.
Step 1: Foreground and Background Separation
We have used Otsu’s thresholding technique to find the threshold
value T of the input image. Any pixels with intensity lower than
Totsu have been removed from the images. All the pixels which
satisfy the condition in eqn. (5) were set to 0. In MRI brain image,
these pixels included air and low-intensity components such as
CSF.

Step 2: Cluster Brain, Non-brain and Background Pixels
The K-mean algorithm clusters the image according to similar
intensity values. We classify the image by clustering intensities
into three groups with k=3.The resultant image IK consists of
similar regions such as brain, non-brain and background pixels.
Step 3: Removing Non-brain regions using Histogram analysis.
The brain is connected to the skull and sub head/ neck tissues.
However, these connections have lower intensity than GM,
www.ijarcst.com

ISSN : 2347 - 8446 (Online)
ISSN : 2347 - 9817 (Print)

International Journal of Advanced Research in
Computer Science & Technology (IJARCST 2014)

Vol. 2, Issue 3 (July - Sept. 2014)

some portions posses a similar intensity to GM. In order to
disconnect the brain region from these non-brain regions, we have
analysed histogram of the image (Fig 1). The first peak shows the
intensity range of GM. This value is taken as a rough estimate of
multiplication of Otsu’s threshold value T by two. A binary image
IB is obtained after applying the eqn. (6) on the image IK.

Pixels of IK with intensities greater than or equal to T*2, were set
to 0, otherwise set to 1.

Fig.1: Histogram of a sample slice
Step 4: Segmenting Brain mask
Assuming brain tissue is the largest connected component in head
MR image volume, we have used largest connected component
analysis. Prior, we have labelled the components in IB using region
labelling and run length identification scheme is used to find LCC
in the Image.

B. Materials Used
We have used twenty volumes of MRI T1 coronal datasets obtained
from IBSR [23] website developed by Centre for Morphometric
Analysis (CMA) at Massachusetts General Hospital, for the
proposed method. The thickness of each slice is 3.0mm and its
pixel size is 256X256. The manually segmented masks, ground
truth or gold standard are also available at IBSR for these twenty
volumes.
IV. Results and Discussions
We carried out the experiments by applying our method on
twenty T1 weighted coronal MRI of head scans. To evaluate
the performance of our method, we computed Jaccard(J) and
Dice(D).
The Jaccard coefficient [25] is given by:

where A and B are two data sets. The value J as well as D varies
from 0 for complete disagreement to 1 for complete agreement,
between A and B. The Computed values of Jaccard and Dice
Co-efficient for BET, BSE and our method are given below in
the tables.
Table 1: Comparison of Jaccard co-efficients.
Jaccard
Volumes

Proposed

BET

BSE

1_24

202_3

0.991385
0.988119
0.977805
0.96558
0.96172
0.989786
0.98731
0.986909
0.982093
0.984551
0.944404
0.987158
0.992036
0.989539
0.988642
0.989213
0.991184
0.992661
0.938696

0.7581
0.8078
0.8281
0.7716
0.6666
0.6829
0.7778
0.8527
0.7878
0.8566
0.6839
0.5401
0.5775
0.827
0.7772
0.855
0.7791
0.8455
0.8582

0.8999
0.9204
0.9053
0.7122
0.7183
0.8912
0.9142
0.9141
0.87
0.8885
0.9089
0.8935
0.9084
0.9175
0.9126
0.915
0.9056
0.9273
0.9186

205_3

0.936754

0.7107

0.9256

Avg.

0.978277

0.76221

0.888355

2_4
4_8
5_8
6_10
7_8
8_4
11_3
12_3
13_3
15_3
16_3
17_3
100_23
110_3
111_2
112_2
191_3

Fig. 2 : Flow Chart of Proposed Method
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Table 2: Comparison of Dice co-efficients.

35

Dice
Volumes
Proposed BET
BSE
1_24
0.995672
0.8624
0.9473
2_4
0.994015
0.8937
0.9585
4_8
0.988768
0.9059
0.9503
5_8
0.982388
0.871
0.8319
6_10
0.980249
0.7999
0.836
7_8
0.994861
0.8116
0.9424
8_4
0.993609
0.875
0.9552
11_3
0.993399
0.9205
0.9551
12_3
0.99095
0.8813
0.9305
13_3
0.9922
0.9227
0.9409
15_3
0.971295
0.8123
0.9523
16_3
0.993533
0.7013
0.9437
17_3
0.995999
0.7322
0.952
100_23
0.99473
0.9053
0.9569
110_3
0.994281
0.8746
0.9543
111_2
0.994571
0.9218
0.9556
112_2
0.995567
0.8758
0.9504
191_3
0.996315
0.9162
0.9622
202_3
0.967911
0.9237
0.9576
205_3
0.96642
0.8309
0.9613
Avg.
0.988837 0.861905
0.93972
For visual comparision the normal brain images and the extracted
brain portion by BET , BSE and our proposed method are shown
in Fig.4.1.
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BSE

Proposed
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45

50

Fig 4.1 Original slices and manually segmented slices are shown
in first Column and second column. The extracted brain images by
BET, BSE and the proposed method are shown in third column,
fourth column and Fifth column respectively.
V. Conclusions
This work proposed an automated brain segmentation method for
T1-weighted MR Images. This method is based on clustering and
histogram analysis. The quantitative results shows that our method
has been produced the segmented results with higher accuracy
than the popular methods BET and BSE. The segmented results
were confirmed by the neurologist as well.
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