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Abstract: MRI is known as one of the best imaging modality
used for neuro image analysis. Detection of abnormality regions
in Brain image is critical dueto its complex structure, which can
be accurately analyzed with MRI. Several methods and
segmentation algorithms have been proposed in the past to extract
the abnormal region however thereis further scope of increasing
the segmentation efficiency. In this work abnormality region in
brain is extracted with region based and edge based hybrid
segmentation methods and thus obtained region is rendered for
volumetric analysis. Thisanalysisis used for depth measurement
and localization of abnormal region accurately. Apart from this
analysis mainly provides the information about the abnormal
region distribution and its connectivity with other regions.

Index Terms: Volumetric analysis, abnormal region extraction,
segmentation, rendering

I. INTRODUCTION

The three dimensional analysis of brain provides the
depth information unlike in the case of 2D image dice. The
3D analysis has turned out to be more essential in various
fields like product designing, automobile industry, medical
image analysis and many others. The manual crestion of
these three dimensional images consume ot of time and labor
and therefore the production cost istoo expensive. In order to
overcome the above mentioned limitations several methods
of automatic 3D reconstruction are under research and
investigations.

In general this reconstruction are categorized as active and
passive, in thefirst approach a huge labor is required thereby
the cost of implementation is too expensive and the later
requires automatic algorithmsthat require less equipment and
labor leading to the reduction in cost of implementation. So,
this work can be treated as one of the passive categorized
attempt for three dimensional reconstruction approaches of
brain abnormal regions. Clustering algorithms do not use
training data but still perform the functions as done by
classifier methods.
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Due to non-usage of training data, they are termed as
unsupervised methods. The alternate process of segmenting
the image and identifying and characterizing the property of
each class needs to be done iteratively since there is no
training data available. Thus it can be said that using the
available data, clustering methods will train themselves.
Segmentation of image, decision making process, assessing
various pattern analysis, combination or grouping data with
similar attributes and conditions involving machine-learning
like data mining, retrieval of documents and pattern
classification are some of the areas in which clustering is
useful..

An efficient and improved brain tumor detection algorithm
was developed by Rajeev Ratan, Sanjay Sharma and S. K.
Sharma devel oped algorithm for brain tumor detection which
is more efficient and it mentions the use of multi-parameter
MRI analysis and the tumor cannot be segmented in 3D
unless and until 3D MRI image data set is available [1].

As mentioned in [2] Abbas and Farshad have proposed 3D
image segmentation that aimsto identify the clustersinimage
and further classify the same. It is found that 20% reduction
in memory that is utilized along with reduction in processing
time while using Jacquard’s coefficient for classification.

Combination of two approachesis proposed by Hooda and
Verma in [3]. It mentions of implementing the clustering
approach and region growing approach. They have proposed
the region growing approach with the k-means and fuzzy C-
means clustering approaches which has helped in
identification of accurate location of the abnormal tissue.

A combination of morphological operators implemented
aong with co-clustering algorithms has been suggested for
the extraction of brain tumor region in [4] by Satheesh et al.
As a dtart to this process of extraction of tumor, the T1 —
weighted images are applied with the mathematical
morphological operations. These morphological operators
eliminate the non-brain regions and other tissues that may
including skull, cerebrospinal fluid (CSF), tissues depicting
fat and muscles from the MRI dlices. This process helps in
making the segmentation process more robust. Remova of
skull and fat regionsisan important step asit may interferein
the actual segmentation process and makes the segmentation
algorithm less efficient. Post morphological operation the
extracted brain region is exposed to the co-clustering
algorithm.Incorporating active contour models, clustering
approach and some morphological operations was suggested
by Reyes et a. in [5], which is ROl based abnormal
segmentation. An efficiency of 88.2% could be attained by
this method.
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This efficiency can be further improved.

Further to this, we can dectect exact tumor size and
location from the MR scans by following the hybrid method
of segmentation. Kimmi et.a in [9], presented one such
hybrid segmentation method which involves threshold
segmentation, watershed segmentation, edge detection and
morphological operators.

Nikhil Gala, and K.D. Desai in [6] presented a three

dimensional brain image reconstruction methodology which
is very much helpful in predicting the depth of any
abnormality in the image and also proposes an active contour
based approach for the extraction of the abnormal (tumor)
region. The extracted regions are modeled using |so-surface
3D view models.
Yang and others in [10] proposed simultaneous image
segmentation. This image segmentation method was having
additional step of moderate bias correction. Here the authors
have presented a new model in the level set formulation for
gray images and then split Bergman method for fast
minimization has been implemented. They also applied the
algorithm for pseudo color transformed images and
compared the results with earlier Chan-Veese model and
others. So in this paper, a hybrid method of segmenting the
abnormal regions from MR brain images is proposed. The
method also estimates the volume of the tumor and then
compares that with the reading provided by the radiologist.

Il.  HYBRID APPROACH FOR ABNORMAL BRAIN REGION
EXTRACTION

In thiswork we are proposing the hybrid approach whichis
an integration of edge based segmentation algorithm and
region based segmentation algorithm. In this method, the
MRI scans of type T1-weighted are exposed to
pre-processing stages which helpsin the removal of the skull
and fat regions. After the pre processing stage, Pillar
K-means clustering algorithm is applied to the MR image
which is presented in [7]. There may be presence of
segmentation blobs in the output after this clustering
algorithm. The over segmentation ratio is higher as observed
during the implementation of this Pillar K-mean algorithm.
To moderate this effect of over segmentation, the boundary
of this extracted abnormal region obtained as an output of the
Pillar K —mean algorithm is then further fed as an initia
contour for level set approach. In this paper we have
implemented the skull removal method as suggested by
Satheesh et.a in[4] at the pre-processing stage.
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Figure 1: Proposed block diagram for tumor extraction

The agorithm for pillar agorithm is presented in our
previous article [7] [11], appropriate post processing
operations such as median filtering or hole filling is
performed to minimize the segmentation blobs thus obtained
clustered output is considered. A contour is drawn all along
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the boundary of the abnormal region obtained from Pillar K
—mean algorithm which is treated as initial contour for level
set iteration process [7] [12]. The outputs at each stage is
shown in figure 2

(d) (e 9

Figure?2: (a) Input Image (b) Skull removed Image (c)
Clustered output (d) Initial contour of level-set () output
after 100 iterations (f) Final image segmented

The input image figure 2(a) is directed for skull removing
process. The region in the image depicting the skull is
removed as shown in figure 2(b), it is stated by many authors
(eg: [4]) that presence of skull leads to degradation in
segmentation performance. This image obtained in 2(b) is
applied for Pillar K-means approach and clustered region
shown in figure 2(c) is extracted whose boundaries after post
processing is considered as the initial contour as shown in
figure 2(d). For the evolution processin level-set method the
initialized contour is iterated for 100 iterations where the
discontinuity components are mitigated and thus obtains
figure 2(e), figure 2(g). The extracted region is compared
against the ground truth image provided by experts
(radiologists) and the performance of the algorithm with
several metric is evaluated.

I1l. 3D VOLUME ESTIMATION

In this work the segmented regions are stacked together
and rendered to project the 3D view of the abnormal region.
Higher number of slices helps in reconstruction of a clearer
and more reliable 3D tumor. Since the number of slices of
MR scans with tumor present in it are limited, we need to
apply some technique to predict intermediate slices from the
real or actual dlices. This can be made possible using method
of interpolation which is proposed and it helpsto increase the
number of dices for further improvement in the
reconstruction of the 3D tumor image. In the MRI dlices
obtained the gap between the consecutive dlices is greater
than the distance between the adjacent pixels that are present
within the dlice.

The 3D view can be visuaized using the Iso-surface
models[13], which is three-dimensional equivalent of an
Iso-line. An Iso-surface can be understood as surface within a
fixed volume of space and includes points that have the
constant value.
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It can betermed as alevel set of a continuous function in the
3D space. In medical imaging, 1so-surfaces may be used for
visuaization of anatomy of internal organs, bones, or other
structures of a particular density ina3D CT scan, etc.
Volume of brain tumor can be calculated using the
frustum model. In this model, we calculate the area of the
object of interest in each slice of MR scan. This frustum
model is applied for calculating the brain tumor volume for
two sequential or consecutive slices with Area Ai. The
formula given below is used to calculate the tumor volume

est.Vol = Z;—l * (L A; + 14)/2)

In the above equation (1) the variable “h” represents the
sum of dice thickness and slice spacing, the spacing and
thickness in the present work is considered based on
recommendation of the radiologist and Fabian Balsiger in
[14] and “A;” is the area of i" slice. Below table states the
different spacing and thickness that has to be considered in
various aspects.

TABLE | : PROTOCOL FOR MRI FOR WEIGHTING ALONG
WITH THEIR SLICE THICKNESSAND SPACING
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In thiswork, all the images that were used in experiments

were considered to be Axia type with T1-weighted and
Gadolinium contrasted, hence as stated in the above the
thickness and spacing of 4mm/4mm is adopted.

IV. EXPERIMENTAL RESULTS

Tojustify the method presented in thiswork atotal of 3840
MRI dlices were collected which are of 30 patients each of
128 dlices. From this huge set, Axia T1-weighted, contrast
images created using the contrast agent gadolinium were
separated for each patient using Radiant Dicom Viewer
available at [15]. The images separated were processed with
the proposed methodology; the script development for the
implementation is done using Matlab 2018 a version tool on
Intel i7 dual core processor with 8GB RAM.

For the evaluation of performance, the method is subjected
for multiple metrical analysis with respect to ground truth
image provided by expert (radiologist). The metrics are
Similarity Index (Sl), correct detection ratio (CDR) and for
calculating the performance in terms of segmentation error

Weightin Contrast Slice

g thickness we have the total ssgmentation error (TSE) which is asum of

(W) spacing in under segmentation error (USE) and over segmentation error

mm (OSE), these were mentioned in [7]. The results are tabul ated

Sagittal T1-W - 5/6 below
Axid T1-W - 4/4
Axid T2-W - 5/4
Sagittal T2-W - 5/6
Flair
Axial T1-W Gadolinium 4/4
Sagittal T1-W Gadolinium 5/6
Corona T1-W Gadolinium 4/4
Input Image Pillar Pillar +GVF Pillar + Level-set Ground Truth

Skull removed
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Figure 3: Figure 3: Column 1: Input Image, Column 2: Skull removed image, Column 3: Pillar Output, Column 4:
Pillar +GVF output, Column 5: Pillar+ level set, Column 6: Ground truth

In this paper, a total of 10 patients’ data out of 30 patients’
data is randomly chosen and presented; it can be observed
from thetable 1, I, IV the metrical analysis of the methods
used for extracting the abnormal regions. It is observed that
the proposed Pillar + Level set approach attains a similarity
index of 0.886 which is around 2% more than other two
methods, similarly correct detection ratio is improved by
1.5% while the average error is decreased by 2.5%. When the
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volumeisestimated with all three methods using the equation
(1), the proposed method could achieve a minimum
difference of 1.03 which is amost half of the difference of
two other methods, which states that around 2 pixels are
differed
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from the ground truth radiologist analysis which is good
achievement. Table V gives the performance analysis of the
proposed Method (Pillar + Level Set) which clearly indicates
our proposed method is performing better with respect to Sl,
CDR, TSE. Table VI depicts the volumetric analysis of 5

TABLE Il : METRICAL ANALYSISOF THE PILLAR K-MEANSALGORITHM

patients with 3D volume visuaization and dlice-o metric
view analysis of the abnormal regions.

S.no | Patient Sl CDR USE OSE TSE Estimated | Vol by Difference
Name Vol (cm?3) radiologist | of Vol
(cm?3) (cm?3)
1 Subject 1 0.834 0.805 0.135 | 0.1941 | 0.3291 24.97 26.05 1.07
2 Subject 2 0.853 0.816 0.097 0.183 0.28 33.69 27.58 6.11
3 Subject 3 0.654 | 0.5018 | 0.0313 | 0.4981 0.538 76.33 78.2 1.87
4 Subject 4 0.8099 | 0.7016 | 0.0308 | 0.2984 | 0.3293 40.12 42.98 2.85
5 Subject 5 0.922 0.899 0.05 0.1 0.15 44.07 45.32 1.25
6 Subject 6 0.763 0.856 0.399 | 0.1436 | 0.5426 11.21 9.94 1.27
7 Subject 7 0.857 0.932 0.24 0.067 0.308 22.82 24,51 1.69
8 Subject 8 0.897 | 0.9105 0.119 0.089 0.208 103.86 104.94 1.09
9 Subject 9 0.938 0.922 0.044 0.077 0.122 144.86 145.64 14
10 | Subject 10 0.847 0.817 | 0.1109 0.182 0.293 33.71 30.24 3.47
AVERAGE 0.838 0.816 0.125 0.183 0.31 53.56 53.54 2.2
TABLE Il : METRICAL ANALYSISOF PILLAR + GVF
. . Vol by A_bs
sno | Fatient S corR  |use |ose |Tse | ESimated | diciogist | Diffe of
Name Vol (cmd) 3 Vol
(cm’) 3
(cm°)
1| Subject 1 0.846 0.891 0.213 0.107 0.322 25.71 26.05 0.74
2 | Subject 2 0.867 0.912 0.19 0.087 0.278 37.26 27.58 9.68
3 | Subject 3 0.696 0.98 0.87 0 0.872 74.95 78.2 3.25
4 | Subject 4 0.879 0.9935 0.264 0.006 0.271 44.63 42.98 1.66
5 | Subject 5 0.914 0.941 0.117 0.058 0.174 49.34 45.32 4.02
6 | Subject 6 0.723 0.856 0.056 0.424 0.482 10.7 9.94 0.76
7 | Subject 7 0.886 0.955 0.2 0.044 0.244 26.43 2451 1.92
8 | Subject 8 0.834 0.858 0.199 0.148 0.341 103.28 104.94 1.66
9 | Subject 9 0.931 0.984 0.13 0.015 0.145 144.78 145.64 0.78
10 | Subject 10 0.879 0.796 0.014 0.203 0.2183 30.35 30.24 0.11
AVERAGE 0.845 0.912 0.225 0.109 0.334 54.74 53.54 245
TABLE IV : METRICAL ANALYSISOF PILLAR + LEVEL-SET APPROACH
Vol by Abs
Sno | Patent S corR |usse |ose |Tse | ESMA | hiciogist | Diffe Of
Name Vol (cm?) 3 Vol
(cm?) 3
(cm)
Subject 1 0.855 0.924 0.234 0.0756 0.312 25.38 26.05 0.67
Subject 2 0.851 0.897 0.209 0.102 0.311 28.55 27.58 0.97
Subject 3 0.887 0.992 0.243 0.007 0.25 77.13 78.2 1.07
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4 | subject 4 0913| o0997| o018s5| 0002 o018 4132 29| 166
5 | Subject 5 094| o0961| o0083| 0038| 0121 44.25 4532 | 107
6 | Subject 6 0835| o0752| o0048| 0247 0296 10.05 904| o011
7 | subject 7 0874| o0944| o021| o00s5| o271 23.22 2451 | 1.9
8 | Subject 8 0927| o0939| o0087| o006| o0141| 10388 10494 | 107
9 | Subject 9 0931| 098] 0111| 003| o0142| 14456 14564 | 108
10 | Subject 10 0882| 083| 0052| o0169| 0221 3155 3024 | 131
AVERAGE | o0s8ss| 092| o0146| oors| 0225 52.98 5354 |  1.03
TABLE V : PERFORMANCE OF PROPOSED APPROACH

S.No Seg;“per”;:gho” S COR | USE | osE | Tse

1 Pillar - K Mean | 084 | 082 0.13 018 | 031

2 Pillar + GVF 085 | 091 0.23 011 | 033

3 | Pillar + Level St | 089 | 092 0.15 008 | 023

Fig. 4, 5 and 6 shows graphical representation of key
performance parameters like SI, CDR, TSE for Fillar- K
Means, Pillar + GVF and proposed approach method Pillar +
Level Set. As seen from Fig. 7 the proposed approach gives
better performance when average value of SI, CDR and TSE
are compared. The better values obtain are put in bold in
Table5.

SIMILARITYINDEX COMPARISON (SI)

~+—Pillar K Means Pillar + GVF  —&—Pillar + Level Set
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Figure 4: Graph representing Similarity I ndex
Comparison

CORRECT DETECTION RATIO(CDR)

Pillar K Means Pillar +GVF  —a—Pillar + Level Set
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Figure5: Graph representing CDR Comparison of Pillar
- K Mean, Pillar + GV and Pillar + Level Set
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TOTAL SEGMENTATION ERROR (TSE)

Pillar K Means Pillar + GVF  —a—Pillar + Level Set
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Figure 6: Comparison of Total Segmentation Error
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Figure7: Comparison Analysis of Pillar- K Meansvs
Pillar + GVF vsPillar + Level Set

Fig. 8 provides Graphica representation of actua brain
tumor volumes calculated using Pillar- K Means, Pillar +
GVF and our proposed method Pillar + Level Set. Inthe same
graph, the brain tumor volumes cal culated are compared with
the brain tumor volume provided by Radiologist (Ground
truth).It can be seen, from the Fig.

9 that brain tumor volume calculated using the proposed
approachi.e. Pillar + Level Set provides minimum difference
when compared to ground truth thus providing more accurate
results.
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Analysis of Brain Tumor Volume Calculations Difference of Brain Tumor Volume Calculated by Radiologist
160 (Ground Truth) and developed Algorithms
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1 2 3 4 5 6 7 8 9 10
Estimated Vol- Pillar K Means Estimated Vol- Pillar + GVF SUBJECTS / PATIENTS

Estimated Vol- Pillar + Level Set = Vol by Radiologist
X . . . Pillar K Means Pillar+ GVF  ===Pillar + Level Set
Figure 8 : Graph showing volume calculationsfor Pillar -

K Mean, Pillar + GVF and Pillar + Level Set Figure9: Graph showing differencein Brain Volume
Calculations comparableto Ground Truth
TABLE VI:3D VISUALIZATION AND SLICE-O-METRIC VIEW OF SEGMENTED REGIONS
Patient 3D Slice-o-metric View Tumor Slice-o-metric
No:

Y 250

2
3 .
&
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V.CONCLUSION

An effective volume estimation and 3D visualization of
MR brain images is presented in this paper. This paper
mainly focuses and presents hybrid mode of segmentation for
which three methods were presented. The proposed (level
set+ pillar) is yielding more accurate and effective results
when compared against two other methods in terms of
segmentation and volume analysis. The proposed method
accurately segments the abnormal region which detects the
abnormal region 1.5% accurately than other two, on other
hand when volume is estimated its showing a difference of
1.03 with respect to the volume provided by radiologist, this
meets the objectives of the research work.
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