
Brain segmentation in magnetic resonance
human head scans using multi-seeded region
growing

K. Somasundaram and P. Kalavathi*

This paper presents a skull stripping method to segment the brain from MRI human head scans

using multi-seeded region growing technique. The proposed method has two stages. In Stage-1,

the brain in the middle slice is segmented, the brains in the remaining slices are segmented in

Stage-2. In each stage, the proposed method is required to identify the rough brain mask. The

fine brain region in the rough brain mask is segmented using multi-seeded region growing

approach. The proposed method uses multiple seed points which are selected automatically

based on the intensity profile of grey matter (GM), white matter (WM) and cerebrospinal fluid

(CSF) of the brain image. The proposed brain segmentation method using multi-seeded region

growing (BSMRG) was validated using 100 volumes of T1, T2 and PD-weighted MR brain images

obtained from Internet Brain Segmentation Repository (IBSR), LONI and Whole Brain Atlas (WBA).

The best Dice (D) value of 0?971 and Jaccard (J) value of 0?944 were recorded by the proposed

BSMRG method on IBSR dataset. For LONI dataset, the best values of D50?979 and J50?960

were obtained for the sagittal oriented images by the proposed method. The performance

consistency of the proposed method was tested on the brain images of all types and orientation

and have and produced better and stable results than the existing methods Brain Extraction Tool

(BET), Brain Surface Extraction (BSE), Watershed Algorithm (WAT), Hybrid Watershed Algorithm

(HWA) and Skull Stripping using Graph Cuts (GCUT).
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Introduction
Among the various medical imaging techniques, MRI is
one of the most widely used imaging techniques in the
medical field. It is a non-invasive, non-destructive,
flexible imaging tool.1 MRI is particularly suitable for
brain studies, because it can image both interior and
exterior brain structures with a high degree of anatomi-
cal details using which even the minute changes in these
structures that occur over time period can be detected.

Several techniques have been developed for MR brain
image segmentation and there is no standardised generic
technique that can produce satisfactory results for all
types of brain images. Moreover, the presence of non-
brain tissues is considered as the major challenge for
brain image segmentation techniques. Therefore, most
of the brain image analysis techniques such as registra-
tion, tissue classification or compression2 need to
eliminate these non-brain tissues as a pre-processing step
commonly referred to as skull stripping. A number of

automated and semi-automated brain segmentation algo-
rithms available in the literature.3–19 Among all these
methods, Brain Extraction Tool (BET),5 Brain Surface
Extraction (BSE),6 Watershed Algorithm (WAT),7 Hybrid
Watershed Algorithm (HWA)8 and Skull Stripping using
Graph Cuts (GCUT)9 are the popular methods. Further,
Park and Lee12 developed a skull stripping method for T1-
weighted MR brain images based on 2D region growing
method. It aims to automatically detect two seed regions
of the brain and non-brain by using a mask produced by
morphological operations. Then, the seed regions were
expanded using 2D region growing algorithm, based on
the general brain anatomical information.

Each of these existing methods has their own merits
and demerits.4 Most of the existing automated skulls
stripping algorithms are applicable only to T1-weighted
MR human brain images and do not work well on all
the three orientations namely axial, sagittal and coronal
(WAT, HWA and GCUT methods). Moreover, the
complexity in human brain anatomy, variation in shape
and size of the brain, use of different pulse sequences
during MR imaging process, overlapping signal intensi-
ties in brain images, varying contrast properties between
the brain tissues, poor registration of brain image, weak
boundaries between brain and non-brain tissues and the
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presence of various imaging artifacts20 are the posing
challenges to the development of efficient and automatic
skull stripping method.

In this paper, an automatic brain segmentation
method using multi-seeded region growing (BSMRG)
is proposed to segment the brain from T1, T2 and PD-
weighted MRI human head scans in all the three
orientations. Experimental results using the proposed
method on 100 volumes of T1, T2 and PD-weighted
images obtained from Internet Brain Segmentation
Repository (IBSR),21 LONI Probabilistic Brain Atlas
(LPBA40)22 and Whole Brain Atlas (WBA)23 show that
the proposed method gives better results than that of the
five existing skull stripping methods BET, BSE, WAT,
HWA and GCUT.

The remaining part of the paper is organised as
follows. In the section on ‘Methods and materials’, the
proposed BSMRG method and the details about the
brain image datasets used to evaluate the proposed
method are described. The results and discussion are
given in the section on ‘Results and discussion’ and the
conclusion is given in the section on ‘Conclusion’.

Methods and materials
The proposed BSMRG method is a two-stage brain
segmentation method. The brain in the middle slice of a
volume is segmented in Stage-1 and the brains in the
remaining slices are segmented in Stage-2. Both Stage-1
and Stage-2 of this method consists of operations such
as brain image preprocessing, rough brain image
extraction, seed points selection and fine brain segmen-
tation using multi-seeded region growing method. The
overall flowchart of the proposed brain segmentation
method is given in Fig. 1.

Stage-1: brain segmentation from middle slices
First, the middle slice of a brain volume is taken as the
input image and it is preprocessed to enhance its
contrast to obtain the binary image. Since the binary
image are easier to process and analyse than the grey
level images, the brain segmentation method BSMRG
presented in this paper is required to produce a binary
form of the original brain image in the first step. The
binary image reduces the complexity in the image data
and simplifies the brain image segmentation process.
However, the luminance non-linearity introduced by
MR imaging device produce a low/high-contrast bias in
the brain image and this variations in the image contrast
often influence the output of image binarisation.
Therefore, in this proposed method the input brain
image is preprocessed using the contrast enhancement
technique22 and image binarisation method.23

The binary form of the brain image g may contain
several holes. Although the holes in the binary image
may help to separate the weakly connected substruc-
tures, the presence of small holes produces undesirable
results during morphological erosion process. Therefore,
the small holes are to be filled before applying the
erosion operation. It is achieved using the morphologi-
cal reconstruction operation26 and the hole filled binary
image is denoted by gHF. The complement of both small
and large holes in gHF are identified by performing
logical AND operation as given in equation (1).

HSL~gHF ^ g (1)

where g is the complement of image g, ^ denotes the

AND operation and HSL is the complement of both
small and large holes. The complements of holes which
are larger than a specified size S are then removed to

obtain HS, which contains only the complement of small
holes. Then, the image with the large holes denoted as
gLH is obtained as

gLH~HS _ g (2)

where _ denotes the logical OR operation.

Then, the binary erosion is applied on gLH using a
structuring element (SE) of size O3 (Fig. 2) to disconnect
the weakly connected substructures around the image
and the eroded image is denoted as gE.

The brain in the middle slice is recognised as Largest
Connected Component (LCC). Therefore, it is necessary to
search for LCC in gE, for which all the connected regions in
gE are labelled using run length encoding technique.27 The
aggregation of regions in gE is expressed as

gE~
Xn

i~1

R ið Þ (3)

where R(i) is the ith isolated region. The area of ith region
R(i) is computed as RA(i). The LCC in gE denoted as gLCC

is selected as

gLCC~R arg
1ƒiƒn

max RA ið Þð Þ
� �

(4)

In order to recover the brain pixels lost during the
erosion operation, the selected gLCC is dilated with O3 to
get the rough brain mask gRBM.

The gRBM may contain some large holes. The large
holes present in gRBM are filled with a hole filling
procedure26 and the resultant gRBM is subjected to
dilation by O3. Since, in many cases, it is impractical to
restore the original shape of the objects which are
dilated with SEs of the same size or lesser.9

Using the rough brain mask gRBM, the rough brain
area is selected as

gRB~
f x,yð Þ if gRBM x,yð Þ~1

0 otherwise

�
: (5)

After extracting the rough brain image gRB, the seed
points in gRB are selected to begin the process of region
growing segmentation. Selection of seed point is an
important event in region growing methods, which
directly influences the segmentation result. Usually, the
seed points are to be selected inside of ROI, if it is
selected outside of ROI then the final segmentation
results would be definitely incorrect. In this method, due
to varying tissue types and contrast properties of MR
brain images, the multiple seed points are chosen within
the brain region in order to get accurate segmentation
result. The seed area for this purpose is identified by
drawing a seed area circle inside the rough brain image
gRB. The radius of the seed area circle is computed by
taking half of the average of the distance from the centre
of gRB towards the brain border in the four directions
(x,y, 2x,2y) and is given as

r~
1

2

P
di

4

� �
(6)
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where i51, 2, …, 4 represents the four directions and di

represents the distance from the centre of the extracted
brain to the border on right (i51), top (i52), left (i53)
and bottom (i54). If the computed radius r is found to
be larger than any di value, then it is reduced to

minimum of di, so that the seed area circle never grows
to the outside of the brain region. Among all the pixels
in the seed area, only a subset of pixels are selected as the
seed points. Because the experimental results show that
selecting all the pixels in the seed area as seed points

1 Overall flowchart of BSMRG method
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deviates the growing process and thus considerable
number of non-brain tissues are included in the final
segmentation. Therefore, it is essential to devise a
mechanism to identify some set of pixels as seed points
among the pixels in the selected seed area.

In this method, the seed points are selected auto-
matically based on the intensity properties of grey
matter (GM), white matter (WM) and cerebrospinal
fluid (CSF) tissues of the selected seed area that lies
within the brain region as illustrated in Fig. 3. The
unique intensity values of these tissues in the seed area
are considered for seed point selection. The set of
distinct points in the seed list is denoted as SL and then
the pixels in SL are categorised into three groups,
namely, SLlow, SLmiddle and SLhigh using K-means
clustering,28 which may represent the group containing
bright pixels values, grey pixels values and dark pixels
values, respectively.

The bright, grey or dark pixel represents the different
brain tissue contrast properties in T1-, T2- and PD-
weighted images and their corresponding seed list group
classifications are given in the Table 1. This table
represents the probable seed list grouping of brain

tissues CSF, GM and WM into SLlow, SLmiddle and
SLhigh based on the contrast property of T1-, T2- and
PD-weighted MR brain images. In this method T1-, T2-
and PD-weighted images are treated separately to select
the seed points. Since in the T1-weighted images, the
CSF appears as dark pixels, GM as grey pixels and WM
as bright pixels, the CSF, GM and WM of T1-weighted
images may be grouped into SLhigh, SLmiddle and SLlow

lists, respectively. In T2-weighted images, CSF is
represented as bright pixel, GM and WM are repre-
sented as grey pixels and so they may be included in
SLlow and SLmiddle lists, respectively. Similarly, in PD-
weighted images, CSF appears as grey pixels and GM as
bright pixels, since they may be placed into SLmiddle and
SLhigh lists, whereas the WM of PD-weighted image
appears as isointense, and thus, they may be grouped
into either SLlow or SLmiddle list depending on their
intensity levels.

Then the pixels in the SLmiddle list are selected as seed
points. If SLhigh or SLlow is chosen as a seed point, then
at the worst case, instead of segmenting the whole brain,
it will segment only the CSF tissues in T1-weighted or
CSF tissue in T2-weighted brain image, respectively.
Therefore, in the proposed approach, the pixels in the
SLmiddle list are selected as seed points. Then, the region
growing algorithm is applied by taking all the seed points
in SLmiddle to obtain the fine brain mask. The region is
iteratively grown by comparing all the unallocated
neighbouring pixels to the region. The difference between
a pixel’s intensity value and the region’s mean is used as
a measure of similarity. The pixels with the smallest
difference measured this way are allocated to the
respective regions. This process stops when the intensity
difference between region mean and new pixel become
larger than the threshold (t) (i.e. similarity measure). The
procedure of multi-seeded region growing approach is
given in Algorithm 1.

2 Structuring element of size O3

3 Brain tissue contrast in MR brain images: a T1-weighted image; b T2-weighted image; c PD-weighted image

Table 1 Seed list group classification of CSF, GM and WM tissues on T1-, T2- and PD-weighted brain images

Image type

Brain tissue

Cerebrospinal fluid (CSF) Grey matter (GM) White matter (WM)

T1 SLhigh SLmiddle SLlow

T2 SLlow SLmiddle SLmiddle

PD SLmiddle SLlow SLlow or SLmiddle
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After segmenting the fine brain, a landmark circle
(LMC) is defined on the segmented middle brain to
correctly extract the brain in the remaining slices. How-
ever, some of the existing skull stripping methods such as
BSE have failed to extract the brain in the lower and upper
slices of the brain volume, where the brain appears in
more than one connected regions. This problem is solved
by fixing an imaginary cylinder at the cenrte of the middle
slice of the brain volume and is likely to pass through all
the brain regions in the remaining lower and upper slices,
irrespective of whether the brain is composed of one or
more connected components. For this purpose, the LMC
is defined similar to drawing of seed area circle which is
used for selecting the brain regions in the remaining slices
of that volume in Stage-2. The process involved in Stage-1
of BSMRG method is illustrated in Fig. 4.

Stage-2: brain segmentation in the remaining
slices
The process of segmenting the brain regions in the
remaining slices of the input brain volume is described in
this stage. The gamma corrected input brain image of
the remaining slices is converted into binary form using
the methods given in Refs. 24 and 25. Then, using the
previous adjacent brain mask BM, the rough brain mask
is generated. To obtain the rough brain mask gRBM,
each connected regions in the input brain image g is
labelled with numbers 1, 2, 3 and so on. Then the
labelled regions which are overlapping with the previous
brain mask BM are combined to produce the rough
brain mask gRBM.

Then the Percentage of Overlap (PO) is computed
between the current gRBM and BM by equation (7).

4 Brain extraction in middle slice by BSMRG method: a original image; b contrast enhanced image; c binary image;

d selected rough brain; e identified seed area on the rough brain (white circle); f selected seed points (white pixels);

g result of region growing; h segmented fine brain region; i defined LMC

Algorithm 1: Multi-Seeded Region Growing (MRG)

Input: 2D array representing the intensity of the input image and a set of seed points S.
Output: Skull-stripped brain image.
1. Create the region R to hold the pixels.
2. For each seed point ‘s’ in S, do the Steps (3)–(5).
3. Add the seed point ‘s’ into R if it is not already in R.
4. Consider the new neighbour k of ‘s’.

i. Compute the mean m of the region R.
ii. Start the region growing procedure to add the neighbouring pixels into the region R when the intensity difference between the

region R and possible new neighbour k is less than or equal to the threshold t, i.e. �� kj j � t.
iii. Repeat Step (4) until no more neighbouring pixels are added to the region R.

5. Remove the seed point ‘s’ in S and repeat Step (2).
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PO gRBM,BMð Þ~ T gRBM\BMð Þ
T gRBMð Þ |100 (7)

Higher percentage of PO denotes that the gRBM is
similar in shape to that of the previous adjacent brain
mask and is not connected with non-brain regions. If
weak edges exist in the brain slices, the rough mask
gRBM may contain many connected non-brain regions
producing lower PO value. These connected non-brain
regions are separated by applying morphological erosion
operation by using SE of size O3. Sometimes, the erosion
operation fails to separate the connected regions due to
the strong existence of weak edges between the brain and
non-brain tissues, those slices can be identified by
calculating PO value. For such slice, the same pervious
brain mask BM is used as gRBM and is obtained as given
in equation (8).

gRBM x,yð Þ~
1 if BM x,yð Þ~1

0 otherwise

�
: (8)

Then the rough brain mask gRBM is dilated by O3 to
recover brain pixels lost during erosion operation or if
gRBM is obtained using the previous brain mask BM,
predicting that the current rough brain mask may
sometimes be slightly larger than the previous brain
mask.

After extracting the rough brain mask, the rough
brain image gRB is obtained using equation (5). The seed
area and the seed points in gRB are selected as given in
Stage-1. Then the fine brain is segmented using the
multi-seeded region growing method by Algorithm 1.

Sometimes, it is difficult to select the brain region in the
remaining slices when the brain appears in many regions.
Usually, the brain in the top and bottom slice of the brain
volume may contain more than one connected regions.
Therefore, to accurately extract all the brain regions of a
slice, the LMC circle defined in Stage-1 is used. A set of
pixels which are not separated by a boundary are called as
a connected region. These connected regions are sepa-
rated by neighbourhood and region labelling process. The
proposed methods uses four-connected neighbourhood
to identify the connected components in a given image.
After separating the connected regions, the brain regions
in the fine brain image is selected by finding the regions,
which are partially or fully overlap with the LMC and the
rest are discarded.

Performance evaluation metrics
To evaluate the performance of the proposed method
Jaccard similarity index (J), Dice coefficient (D), false
positive rate (FPR) and false negative rate (FNR) are
calculated. The Jaccard similarity index (J)29 is given by:

J S1,S2ð Þ~ S1\S2j j
S1|S2j j (9)

The Dice coefficient (D)30 is given by:

D S1,S2ð Þ~ 2 S1\S2j j
S1j jz S2j j

(10)

where S1 represents the total pixels of the image
obtained by the proposed method and S2 represents

the total pixels in the image obtained from ground truth
data (gold standard).

The segmentation errors3 false positive rate (FPR)
and false negative rate (FNR) are used to measure the
misclassification done by the proposed segmentation
method. FPR is the ratio of the number of pixels
incorrectly classified as brain region to number of non-
brain region and false positive pixels. FNR is the ratio of
the number of pixels incorrectly classified as non-brain
region to number of brain region and false negative
pixels. The FPR represents the degree of under
segmentation and the FNR represents the degree of
over segmentation. The FPR and FNR are computed as:

FPR~
jFPj

jTNjzjFPj (11)

FNR~
jFNj

jTPjzjFNj (12)

where TP and FP are true positive and false positive,
which are defined as the number of voxels correctly and
incorrectly classified as brain tissue by the proposed
method. TN and FN are true negative and false negative,
which are defined as the number of voxels correctly and
incorrectly classified as non-brain tissue by the proposed
method.

Brain image datasets used
Dataset-1

Twenty volumes of T1-weighted images were obtained
from IBSR.21 It contains MR brain volumes obtained
from young-middle aged normal individuals. Each
volume consists of T1-weighted 2D sequential coronal
slices with dimensions of 2566256 pixels. The number
of slices ranges from 60 to 65 and the slice thickness is
3?1 mm.

Dataset-2

The second datasets contains 40 volumes of T1-weighted
brain images obtained from LONI.22 It consists of 40
normal coronal volumes and their corresponding
manually skull stripped images of 20 male and 20
female subjects, ages varies from 19 to 40 years and the
mean age is 29?2 years. The dimension and inter slice gap
are 25662566124 and 0?8660?8661?5 mm3 voxel21

for 38 subjects, 25662566120 and 0?7860?786
1?5 mm3 voxel21 for two subjects, respectively.

Dataset-3

Twenty volumes of normal and abnormal brain images
were collected from WBA.23 Each volume consists of T2-
weighted axial slices with dimensions of 2566256 pixels.
The slice thickness varies from 2 to 5 mm with 260 mm
field of view. The number slices ranges from 18 to 56.

Dataset-4

This dataset contains 20 PD-weighted axial slices
obtained from WBA.23 It contains both normal and
abnormal volumes with dimensions of 2566256 pixels,
slice thickness varies from 2 to 5 mm, field of view is
260 mm and the number slices ranges from 17 to 55.

Results and discussion
The proposed BSMRG method is evaluated to assess its
quantitative and qualitative performance using 100
volumes of T1-, T2- and PD-weighted images of
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Table 2 Parameters setting for the existing methods BET, BSE, WAT, HWA and GCUT and the proposed BSMRG method

Method Fixed parameters Value Input image type

BET Fractional intensity threshold 0.5 T1-, T2- and PD-weighted images
Threshold gradient 0.0

BSE Diffusion iteration 3 T1-, T2- and PD-weighted images
Diffusion constant 35
Edge constant 0.62
Erosion size 2

WAT Pre-flooding height Hpf50.11Imaxz3.5n T1-weighted images
HWA Pre-flooding height 25% of Imax T1-weighted images

Post watershed threshold
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
vol basinð Þ3

p
Curvature range rmin53.33, rmax510
Atlas-based force constants lD50.25, lC50.025
Convergence threshold 0.5 mm

GCUT Intensity threshold for white mater 0.36 T1-weighted images
Intensity control parameter 2.3

BSMRG (proposed) Overlapping ratio 90% T1-, T2- and PD-weighted images
SE for erosion O3

SE for dilation O3

Small hole size 25 pixels
Region growing threshold (t) 0.2
Neighbourhood for region growing Four-connected neighbours

5 Seed points selection on T1-, T2- and PD-weighted images: a original image; b rough brain image; c selected seed

points; d result of the proposed MRG segmentation; e segmented fine brain regions
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Dataset-1 to Dataset-4. The existing methods BET,
WAT, HWA and GCUT were used with default
parameter values. For BSE the default parameter values
were changed as suggested by Hartley et al.31 The
summary of the various parameters and values assigned
for these existing methods and the proposed method are
given in Table 2.

The process of seed points selection on some of the
randomly selected sample T1-, T2- and PD-weighted
brain images of the selected datasets are depicted in Fig. 5.
In this figure, Image 1 and Image 2 are T1-weighted

images, T2-weighted images are given as Image 3 and
Image 4 and PD-weighted images are shown as Image 5
and Image 6. Figure 5a is the original image and its
corresponding rough brain image obtained by BSMRG
method is shown in Fig. 5b in the same figure. The
selected seed points after applying the seed points selec-
tion procedure are represented as white pixels as shown in
Fig. 5c. The segmentation result for the images in Fig. 5c
by using the proposed multi-seeded region growing
method is given in Fig. 5d and the extracted fine brain
regions are shown in Fig. 5e. The Image 4, Image 5 and

6 Brain regions extracted by the existing and proposed BSMRG methods for the selected sample slices from Dataset-1:

a original T1-weighted images, extracted brain region by b BET, c BSE and d BSMRG methods
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Image 6 of Fig. 5b contains some additional non-brain
tissues (eyes) in the rough brain image, though the
proposed method separates it from the brain tissues.
Hence, it is inferred from the results given in Fig. 5 that
the proposed method efficiently identifies the seed points
in all the selected images, irrespective of varying tissue
contrast between T1-, T2- and PD-weighted images and
thus, the devised seed points selection procedure is robust
and perform well on all types of brain images.

After converting the coronal slices of Dataset-1 into
sagittal and axial orientations, the performances of these
converted volumes were tested by the BSMRG method.
The segmentation result of selected sample images are
shown in Fig. 6, in which Image 1 and Image 2 are T1-
weighted sagittal images, Image 3 and Image 4 are
coronal images and axial oriented images are given as
Image 5 and Image 6. Figure 6b and c shows the
segmented brain by the existing methods BET and BSE,
respectively. The brain segmentation result of the
BSMRG method is depicted in Fig. 6d. Compared to
BET and BSE, the proposed method has accurately
segmented the brain, whereas BET included additional
non-brain tissues and BSE excluded the essential brain
tissues and has also failed to find the brain in Image 4.
Thus, the proposed multi-seeded region growing method
exhibits better performance on all orientations of brain

images compared to the conventional methods BET and
BSE and has produced consistent results on Dataset-1.

For quantitative analysis, the Jaccard (J), Dice (D),
false positive rate (FPR(%)) and false negative rate
(FNR (%)) were calculated on the original and converted
orientations of Dataset-1 and Dataset-2 by the equa-
tions (9) to (12) using the proposed BSMRG and the
existing methods BET, BSE, WAT, HWA and GCUT
methods.

The computed value of D, J, FPR(%) and FNR(%) for
the Dataset-1 is given in Table 3. To compare the
performance of the BSMRG method with the existing
methods BET, BSE, WAT, HWA and GCUT using
Dataset-1, the mean, standard deviation (SD) and range
for the parameters D, J, FPR(%) and FNR(%) were also
calculated and are given in Table 3. From Table 3, it is
noted that, for the original coronal volume of Dataset-1,
the best values of D50?971 and J50?944 were produced
by BSMRG method. The best FPR(%) of 0?55 was
recorded by BSMRG method. The D, J, FRP(%) and
FNR(%) values were also computed for the converted
axial and sagittal volumes of Dataset-1 and are given in
the same table. It is evident from Table 3 is that the
proposed method have exhibited consistence perfor-
mance on all types of image orientation. Thus, it is also
inferred that the proposed skull stripping method is

Table 3 Computed values of mean, SD and range for the parameters D, J, FPR and FNR by BET, BSE, WAT, HWA,
GCUT and proposed BSMRG methods for Dataset-1

Method

D J FPR(%) FNR(%)

Mean (SD) [range] Mean (SD) [range] Mean (SD) [range] Mean (SD) [range]

BET 0.74 (0.14) 0.61 (0.18) 79.9 (59.3) 0.1 (0.1)
[0.53–0.90] [0.36–0.81] [22.7–179.4] [0.0–0.4)

BSE 0.79 (0.21) 0.69 (0.22) 5.1 (3.1) 27.0 (24.1)
[0–0.95] [0–0.90] [2.1–13.0] [3.5–100]

WAT 0.76 (0.14) 0.64 (0.18) 18.4 (14.1) 24.5 (22.7)
[0.47–0.92] [0.31–0.86] [5.2–61.2] [0.1–62.7]

HWA 0.78 (0.21) 0.68 (0.21) 131.2 (308.2) 1.9 (6.5)
[0.16–0.88] [0.09–0.78] [19.4–1060.2] [0.0–28.9]

GCUT 0.85 (0.09) 0.75 (0.10) 38.3 (40.1) 0?01 (0.02)
[0.49–0.90] [0.33–0.81] [23.1–207.5] [0.0–0.06]

BSMRG (proposed) 0?971 (0.01) 0?944 (0.02) 0?55 (0.003) 2.94 (0.01)
[0.94–0.98] [0.89–0.96] [0.1–0.82] [0.51–8.33]

Computed values for the converted other orientations of Dataset-1 by the proposed BSMRG method
Axial 0.978 (0.01) 0.958 (0.02) 65.25 (0.04) 2.66 (0.02)

[0.959–0.991] [0.921–0.986] [58.24–66.67] [2.35–10.91]
Sagittal 0.976 (0.01) 0.954 (0.02) 63.30 (0.04) 3.04 (0.02)

[0.961–0.990] [0.934–0.983] [59.24–81.55] [1.1–6.4]

Table 4 Computed values of mean, SD and range for the parameters D, J, FPR and FNR by BET, BSE and proposed
BSMRG methods for Dataset-2

Method

D J FPR(%) FNR(%)

Mean (SD) [range] Mean (SD) [range] Mean (SD) [range] Mean (SD) [range]

BET 0.962 (0.01) 0.928 (0.02) 4.7 (0.001) 5.95 (0.02)
[0.93–0.98] [0.87–0.95] [0.0005–0.0443] [0.0200–0.1002]

BSE 0?966 (0.01) 0?937 (0.01) 1?96 (0.001) 1?12 (0.01)
[0.77–0.99] [0.64–0.99] [0.0095–0.2078] [0.0005–0.0387]

BSMRG (proposed) 0.951 (0.01) 0.908 (0.02) 2.19 (0.005) 1.96 (0.01)
[0.894–0.969] [0.809–0.940] [1.56–3.63] [0.15–6.28]

Computed values for the converted other orientations of Dataset-2 by the proposed BSMRG method
Axial 0.973 (0.01) 0.948 (0.02) 41.59 (0.06) 1.55 (0.02)

[0.948–0.985] [0.901–0.971] [30.95–49.16] [0.12–8.1]
Sagittal 0.979 (0.007) 0.960 (0.01) 53.61 (0.03) 1.22 (0.01)

[0.943–0.986] [0.893–0.973] [44.99–58.44] [0.18–6.65]
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better at extracting the brain even if the brain images are
affected with low/high image contrast, noises and
various imaging artefacts.

The proposed BSMRG method was evaluated on
Dataset-2 and the results are compared in terms of D, J,
FPR(%) and FNR(%) values with the existing BET and
BSE methods. The computed D, J, FPR(%) and
FNR(%) values for BET, BSE and BSMRG methods
on Dataset-2 for all the image orientations are given in
Table 4. For Dataset-2, the existing method BET has
produced stable performance on all the original
volumes. Although BSE has produced best average D
and J values, it has failed to extract the brain correctly in
the volumes labelled ‘S23’ and ‘S32’ in Dataset-2. For
these volumes, the proposed BSMRG method has
obtained consistent and better skull stripping results.
The BSMRG method have produced best values of
D50?979 and J50?96 for the converted sagittal volumes
of Dataset-2.

The qualitative performance of the proposed BSMRG
method on T2- and PD-weighted images were evaluated
using Dataset-3 and Dataset-4 (since repository of these
volumes does not contain hand-stripped volumes) and
has produced better result than the existing BET and
BSE methods. The Dataset-3 and Dataset-4 originally

contain axial oriented brain volumes. These volumes
were converted into coronal and sagittal orientations.
The performance of the proposed method was tested
with these converted volumes and has produced better
and consistence performance on all types of image
orientations compared to the existing BET and BSE
methods. A selected sample T2- and PD-weighted brain
images of Dataset-3 and Dataset-4 along with the
segmented brain obtained by the existing methods
(BET and BSE) and the proposed BSMRG method
are shown in Fig. 7. In Fig. 7, Image 1 and Image 2 are
T2-weighted images and Image 3 and Image 4 are PD-
weighted images. For these images the proposed method
have produced good segmentation result (Fig. 7d),
whereas the BET has failed to segment the brain in
Image 2 and BSE in Image 3. The existing methods BET
and BSE have not produced accurate segmentation
result for other images in Fig. 7a.

Based on the comparative analysis, it is found that the
conventional methods do not produce better results for
T2- and PD-weighted images even after varying the values
of their parameters as given in Table 5. In BET, the value
of intensity threshold is varied from 0?1 to 0?9, and was
found that, small values produce under-segmentation and
large values produce over-segmentation. Therefore, BET

7 Brain segmentation result for T2- and PD-weighted images: a original image; segmented brain by b BET, c BSE and d

proposed BSMRG methods

Table 5 Values of parameter varied and used for BET and BSE methods

Method Parameter Default value Range of values varied Value used

BET Intensity threshold 0.5 0.1–0.9 0.5
Threshold gradient 0.0 … 0.0

BSE Diffusion iteration 3 1–10 3
Diffusion constant 25 5–50 35
Edge constant 0.64 0.50–0.75 0.62
Erosion size 1 1–5 2

Table 6 The comparison of nature of datasets used and estimated processing time for BET, BSE and the proposed
BSMRG methods

Method

Nature of the datasets used in the original work Estimated processing time for
the existing and the proposed
methods for the datasets used
in the proposed method (s/slice)Sample size

Slice
thickness (mm) Clinical

BET 35 T1-weighted 0.8–6 mm Normal subjects ,0.5
6 T2-weighted
4 PD-weighted

BSE 20 T1-weighted 3 Normal subjects ,0.5
BSMRG (proposed) 60 T1-weighted 1.5–5 Normal and pathological subjects ,5

20 T2-weighted
20 PD-weighted
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was used with default parameter values and for BSE, the
parameter values were changed as Diffusion Iteration53,
Diffusion Constant535, Edge Constant50?62 and
Erosion Size52 as suggested by Hartley et al.31

From Tables 3 and 4 and Figs. 5, 6 and 7, it is
observed that the proposed method performs well on all
the three orientations of T1-, T2- and PD-weighted
images, whereas the BET and BSE methods have not
produced good results for T2- and PD-weighted images.
The other existing methods WAT, HWA and GCUT
compared in this paper are devised only for T1-weighted
images as given in Table 2. The comparison of the
nature of datasets used by the existing BET, BSE and
the proposed BSMRG method, and the estimated time
taken to extract the brain slice by these methods are
given in Table 6.

Although the proposed method has exhibited the best
performance on all types of image slices in Dataset-1 to
Dataset-4, it has over-segmented/under-segmented the
brain regions in some few slices as illustrated in Fig. 8.
Because of the intensity homogeneity among the brain
and non-brain regions, it is quite possible to group region
satisfying the given region growing similarity criteria into
brain region as shown in Image 1 of Fig. 8d. For a few
other images, some brain pixels may appears too dark/
bright because of the Intensity Non-Uniformity artefacts,
which are ignored by the region growing criteria as
depicted in Image 2 of Fig. 8. Similar results were also
obtained by the conventional BET and BSE methods
(Fig. 7b and c).

Conclusion
Brain segmentation in MRI human head scans using
multi-seeded region growing BSMRG method devel-
oped in this article was tested with brain images of
Dataset-1 to Dataset-4 containing 100 volumes of
normal and abnormal T1-, T2- and PD-weighted
images. The proposed automatic seed point selection
procedure efficiently identifies the seed points based on
the intensity profile of GM, WM and CSF of brain
images. The brain are accurately segmented in all the
orientations of T1-, T2- and PD-weighted images and

have produced better results than the existing BET,
BSE, WAT, HWA and GCUT methods. Thus, the
BSMRG method is a suitable method to segment the
brain from both normal and abnormal MR brain
volumes of different types and orientations.
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