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Abstract

Skull stripping from Magnetic Resonance Image (MRI) of human head scan gives strong impact in clinical diagnosis. The Pixel affinity
graph method is used as preprocessing technique, and it is applied on adjacent pixels in each row and column of the middle slice of MRI
volume. By grouping the subsets through affinity on intensity found in pixels on the graph (PAG), we can locate the large connected
brain portion as subset in the image. After the region of interest is located, Skull is stripped and brain portion is segmented. The proposed
PAG based algorithm is validated by comparing the results obtained by the popular automated skull stripping method, Brain Extraction

Tool (BET). The qualitative and quantitative results show that the proposed algorithm giving better results.
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1. Introduction

Human brain is made up of tissues such as gray matter and white
matter and surrounded by cerebra spinal fluid. Magnetic resonance
images provides us the maximum extent of information of soft
tissues. It is helpful to diagnose the brain related diseases. Seg-
mentation of brain from MRI is performed manually by trained
radiologists. Although human vision in natural and easy for lim-
ited number of images, but computer mimicry of the human analy-
sis and diagnosis can work for lot of images [1]. Now a days nu-
merous algorithms are employed to segment the brain portion and
non-brain region from MR images. Extraction of brain portion is
done by methods like region growing and morphological methods.
Earlier works on semi automatic methods to segment the brain
from MR images have been reported in [2] - [5]. A semi-automatic
segmentation method was proposed by Adams et al.[2] required
the value of input as the number of seeds for specific regions.
Then the formation of regions will be done, finally the expected
region will be segmented. A semi-automated segmentation algo-
rithm was proposed by Hohne et al.[3] used region growing meth-
od and morphological operations. The segmentation gave 3D vis-
ualization with direct visual feedback to guide the user through the
segmentation process. Next a semi automatic segmentation meth-
od was proposed by Justice et al.[4] using 3D seeded region grow-
ing (SRG). This semi-automatic method effectively segments
imaging data volumes by having initial seed points and 3D region
growing. Another semi-automatic method was proposed by Dubey
et al.[5] starts with an intensity-based fuzzy classification of
voxels into tumor and background classes. The tumor probability
map is used to locally guide the propagation direction and speed
of a level-set snake. The tumor probability map is also used to
derive an automatic initialization of the snake. This semi automat-

ed method give results that have better level of agreement with
gold standard than that of automatic methods.

The fully automatic segmentation methods [6-9] improve the
speed in obtaining results. The algorithm proposed by Jong and
Lee et al.[6] needs histogram analysis to eliminate the background
voxels. Then mask is produced by morphological operations. The
brain region and non-brain regions were automatically identified
by two seeds individually. These seed regions are expanded by 2D
region growing algorithm. The brain anatomy information was
used in fixing the seeds for each region. Next automated algorithm
was proposed by Lemieux et al.[7] which uses intensity based
thresholding technique and morphological operations. The method
has been applied on T1-weighted volume to extract human brain
from MRI. This three-dimensional method is independent of scan
orientation as well.

Stella and Blair et al.[8] proposed an automatic segmentation of
brain from MRI. The pipeline of the method includes anisotropic
filters, active contouring and prior knowledge of brain anatomy.
By those techniques tricky structures like eyes can be removed
from brain MRI. This multistage process involved in removal of
the background noise from the input image and tracing a rough
brain boundary. Then refinement is done to convert the rough
brain outline to a final mask. Few of the earlier works [9-11] were
done by methods like clustering, resonance principle, Morphology
operations, labeling and histogram analysis. All these works are
based on the intensity values to do skull stripping. Expectation
Maximization (EM) is used in brain segmentation and that was
proposed by Pednekar et al., [12] focused on left ventricular (LV)
myocardial boundary using intensity based fuzzy affinity method.
In that article automatic identification of LV is accomplished by a
motion map and segmentation is done by EM algorithm. The au-
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thors have used dynamic programming approach for contour de-
tection.

This paper gives principle used in the research in Section Il,
Methodology of the work in Section 111, Materials used in Section
1V, Results and Discussions in Section V, Conclusions of the
work and references at last. Proposes a brain extraction scheme
using Pixel Affinity Graph method concept for skull stripping in
T1 type MRI human head scans.

2. Principle Used

Affinity in Graph functions used to relate homogenous objects in
matrix with i, j indices. Let | is the input image and the affinity
weight matrix W is obtained using the pixel affinity (PAlp) as :
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The exponential values of each pixel give a better value than the
raw PAlp values. By observing nearby pixels, we only compute
the affinity matrix for pixels within a radius of required pixels
from one to another. Remaining affinities are later added or left to
0, by assuming that different types of features are independent to
one another. If we have M subsets of features, then,
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The weight matrix W is calculated for subsets 1 to M. The affinity
between the connected pixels reflects different edges. Hence, Pixel
affinity calculated for subsets 1 to M. So, similarity between the
connected pixels reflects different edges. Each segmented portion
will have different weightage due to grouping done by the edges
by pixel affinity.

3. Methodology

3.1. Brain boundary detection and extraction in
the middle slice

The middle slice in the volume of each MRI Human head scans
contains largest and the connected brain portion compared to the
other slices. So we start to calculate pixel affinity value using
eqn.(1) for every co-ordinate intensity values in row wise of the
middle input image (I). This process is started from the midpoint
of the image to the right side boundaries, as well as, mid point to
the left boundaries. Computing pixel for row wise produces differ-
ent edges [13] for the input image. Hence, by applying eq.(2), we
obtained the weight matrix which gives the brain boundary (Rbb),
around the brain. The flow chart of tracing brain boundary in the
middle slice is given in Fig.1.
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Fig. 1: Flowchart for skull stripping in the middle slice

After segmenting the brain portion from the middle slice, the
co-ordinate points of the segmented portion can be used to search
the brain portion of the adjacent slices within the co-ordinate
points. This will reduce the processing time to find the ROI and
produce accurate results.

3.2. Brain portion Extraction through
the Volumes

The axial brain volume is divided into two sets as upper slices
and lower slices. We take the brain portion extracted from middle
slice which has brain as a single connected region. This brain re-
gion is used as a reference or atlas and processes the adjacent slic-
es lying above and below, in each side parallel and produce the
brain mask of each slice. These brain masks are used as atlas to
produce the final brain portion of MRI volume.
We start the extraction process at N=M/2, where M is total num-
ber of slices in the input volume and N is the middle slice. Keep-
ing as the co-ordinates of the current slice as reference or atlas, we
process the next slice k=N+1, until k=M. Only the area of the
current slice bounded within the brain portion (BM) extracted
from the previous slice is processed and the brain portion is ex-
tracted. Similarly, we are doing the similar process which starts
from the slice k=N, and process adjacent slice k=N-1. This pro-
cess is repeated until k=0 and the brain portion in each slice are
extracted. This makes our process robust. The flowchart of the
proposed method through the volumes is shown in Fig.2.
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A and B in the above equations are two datasets. The value of J
and D falls from 0 and 1 for disagreement and agreement re-

spectively. The values of J and D for BET and our proposed
/ Input k=N / method are recorded and given in Table 1. Fig.4 and Fig.5
v shows the plot for the average J and average D produced by our
. method and BET for five volumes. It implies that our method is
Extract brain BM(k) Lower . . .
Unper slices able to segment brain region completely for five volumes of T1
inF::F:as i axial MR images.
7 v Table 1: The quantitative analysis by Jaccard and Dice coefficients
Da- BET P d method
Save brain mask BM(k) Save brain mask BM(k) t:— roposed MeTo
Set Jaccard Dice Jaccard Dice
V1 .9532 .9813 .9573 .9812
_ V2 .9533 .9815 .9598 .9876
V3 .9634 .9796 .9689 .9883
No No V4 .9542 .9738 .9638 .9872
V5 .9648 .9729 .9612 .9895
Yes No Original Manual BET Proposed
Read Slice k Read Slice k
v v
Obtain brain mask for Obtain brain mask for 1
slice k slice k | |
A4 \ 4
Output brain volume using
BM(k)
2
End
Fig. 2: Flowchart of the proposed method through MRI volumes
4. Materials Used 3
Five T1-weighted axial data sets of MRI were collected from
Meenakshi Mission Hospital, Madurai, India [14], for our experi-
ments. The slices were taken from Philips Medical Systems 1.5T
machines and T1w data sets have a dimension of 256 x 256 4

pixels, slice thickness = 5.2 mm with 6.2mm inter-slice gap and
number of average = 1. The field of view is 229mm, TR = 549ms,
TE=14ms and flip angle = 73°. The dataset size is nearly 20 slices

per volume are common for all the sequences. Medical experts
specialized in brain anatomy will manually segment the MRI vol-
umes. The manually segmented slices are considered as gold 5
standard and used to do check similarity measures.

5. Results and Discussions

The experiments are carried on the proposed method’s five vol- 6
umes of MRI T1 axial datasets of human head scans by quantita-

tive and qualitative analysis. The evaluation on the performance of

the proposed method’s results will be compared with manually

skull stripped results and the results obtained by of the popular
method, Brain Extraction Tool (BET) [15] (Fig.3). For quantita-

tive performance, the parameters Jaccard (J) [16] and Dice (D) [17]
were computed using egn. (3) and (4).
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Fig.3 : Original slices and manually segmented slices are shown in first
column and second column. The extracted brain images by BET and the
proposed method are shown in third and fourth column respectively
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Fig.4 : The average values of Jaccard coefficient (J) computed for
T1 volumes using BET and the proposed method.
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Fig.5: The average values of Dice coefficient (D) computed for T1
volumes using BET and the proposed method

6. Conclusions

In this article the Pixel affinity graph method is implemented on
adjacent pixels in each row and column of the middle slice of MRI
volume. By grouping the subsets by PAG, large brain portion is
located. Skull is stripped and brain portion is segmented. The pro-
posed PAG based algorithm is evaluated by comparing the results
obtained by the Brain Extraction Tool (BET) and results show that

the proposed algorithm giving better results.
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