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In this article, a statistical fusion based segmentation technique is proposed to identify different
abnormality in magnetic resonance images (MRI). The proposed scheme follows seed selection, region
growing–merging and fusion of multiple image segments. In this process initially, an image is divided into
a number of blocks and for each block we compute the phase component of the Fourier transform. The
phase component of each block reflects the gray level variation among the block but contains a large
correlation among them. Hence a singular value decomposition (SVD) technique is adhered to generate a
singular value of each block. Then a thresholding procedure is applied on these singular values to identify
edgy and smooth regions and some seed points are selected for segmentation. By considering each seed
point we perform a binary segmentation of the complete MRI and hence with all seed points we get an
equal number of binary images. A parcel based statistical fusion process is used to fuse all the binary images
into multiple segments. Effectiveness of the proposed scheme is tested on identifying different
abnormalities: prostatic carcinoma detection, tuberculous granulomas identification and intracranial
neoplasm or brain tumor detection. The proposed technique is established by comparing its results against
seven state-of-the-art techniques with six performance evaluation measures.
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1. Introduction

Image segmentation showed tremendous applications in medical
imaging systems for the last few years. It includes delineation of
anatomical structures and identification and marking of other
regions of interest (ROI). It has numerous applications which
includes: quantification of tissue volumes, diagnosis, localization of
pathology, study of anatomical structure, treatment planning, partial
volume correction of functional imaging data, computer-integrated
surgery, etc.

Segmentation of medical images is one of the challenging tasks in
computer vision [1,2]. Automatic segmentation of brain magnetic
resonance image (MRI) has a great research importance. It mainly
considers separation or classification of MRIs into different classes
like gray matter, cerebrospinal fluid, white matter, skull, back-
ground, etc. Generally, an MRI is highly affected by noise, intensity
inhomogeneity and blurred boundaries which leads to an error in
boundary identification during the segmentation process. Few
popular existing segmentation techniques for medical image
segmentation are: thresholding [3], statistical methods [4,5],
clustering [6,7], graph [8,9] and region based methods [10,11].

A simple approach of medical image segmentation is by thresh-
olding based approach, where the threshold value/s are determined
by analyzing the peaks and valleys of the histogram of the image
[1,12]. Different medical image thresholding techniques are pro-
posed in the medical imaging literature including an early work by
Gordon et al. [13]. An adaptive thresholding scheme based on the
pixel wise path connection between the pixels is also proposed by
Lee et al. in Ref. [3]. Assuming that some prior information about the
general shape and location of objects is available, the algorithm finds
a boundary between two regions using the path connection
algorithm and changing the threshold value adaptively. However,
since the thresholding based segmentation scheme depends on the
gray-level information of an image, segmentation result obtained
from this scheme provides disconnected segmented regions rather
than a connected one.

Better results can be obtained by statistical segmentation
schemes like Markov Random Field (MRF) model [14]. MRF, a well
known statistical model, provides a convenient way to model
contextual features of an image such as image gray values, edge,
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entropy, color, texture, etc. This is achieved through characterizing
mutual influences among such entities using conditional probability
distributions. MRFs and the Maximum a'posterior probability (MAP)
criterion together give rise to the MAP-MRF framework [15]. An
early work on brain MRI segmentation using MRF model is found to
be effective [16]. The authors have considered Simulated Annealing
(SA) and Iterated Conditional Mode (ICM) schemes for getting a
good solution from the given conditional priors. A statistical
degenerate version ofMRFmodel termed as HiddenMarkov Random
Field (HMRF) is also used for segmentation by Zhang et al. [4].
Advantage of such a method is derived by the way the spatial
information is encoded through the conditional probability distri-
butions. Wu and Chung [17] have proposed amodified version of the
MRF model called compound MRF model and used it for brain MRI
segmentation. Here the authors have combined the label informa-
tion with the boundary information to preserve the blurred
boundary of the MRIs in segmentation. A popular variant of MRF
model i.e., conditional random field [18] is also used in medical
MRI segmentation [19]. Here the pixel labels and the original pixel
values are modeled in probabilistic framework to segment the
MRI into different classes. It may be noted that MRF based
segmentation scheme inherently depends on the assumption that
the prior probability of MRF follows Gibb's distribution and the
likelihood estimation follows Gaussian distribution. It is also true
that any real life image rarely follows any statistical distribution;
hence the accuracy of segmentation relies on statistical distribution
assumptions.

Watershed algorithm [20] is another approach of segmentation
using gray level morphological operation. An intuitive idea is to
partition the image into a number of regions or basins separated by
dams, called watershed lines [21]. It is proved [1] that the MRI
segmentation using watershed approach provides good accuracy in
complex situations [22,23]. One of the main problems in watershed
segmentation is that it gives over-segmented results. To overcome
such disadvantages, many modifications of the watershed algorithm
were proposed in the literature. A hybrid algorithm that combines
the morphological watershed segments and edges of the image are
used to segment and identify the contents of MRIs [24]. A
probabilistic watershed model is studied by Grau et al. [22] found
to give good results in noisy scene also. It is also observed that an
inclusion of prior shape in watershed segmentation improves the
accuracy of medical image segmentation. Recently, Li et al. [25] also
studied a combined problem of intensity inhomogeneity estimation
and MRI segmentation where the intensity inhomogeneity is
iteratively optimized by using efficient matrix computations. The
energy function defined here is composed of two multiplicative
components of an MRI. This approach is popularly called multipli-
cative intrinsic component optimization (MICO).

Region growing based segmentation, is another approach of
segmentation found to be popular in this regard. A popular work on
region growing based medical image segmentation is proposed by
Pohle and Toennies [10] where pixels with less gradient values are
selected as seed points for starting the segmentation. A 3D region
growing algorithm has been proposed for MRI segmentation by
Justice et al. [26]. A texture feature based region growing technique
is proposed byWu et al. [27]. The authors have proposed an automatic
segmentation of organs in abdominal MRI, where different textural
features are fused; region growing is made on the combined textural
feature space to get better segmentation accuracy.

It is observed that region growing approach of spatial segmen-
tation is simple, less complex and robust to noise. However, it is
found that selection of seed points for region growing scheme and
preservation of accurate shape of an object in an image are very
difficult. In this regard several modification of the conventional
region growing is also made. Deng and Manjunath [28] have
proposed an unsupervised segmentation technique using color
quantization followed by region growing. Selection of seed point
and boundary preservation is accomplished by considering
multi-scale joint image generation (JSEG) scheme. To enhance the
accuracy of segmentation, Kim and Park [29] proposed a new edge
based region growing scheme which considered the following three
popular edge features: local contrast, region ratio and edge
potentials. A Bayesian analysis based edge preserving region-
growing technique is proposed by Pan and Lu [30], wheremultislices
Gaussian and anisotropic filters are used to remove the irrelevant
details in the images.

From the above discussions we may conclude that research on
MRI segmentation is one of the challenging tasks in computer vision.
It may be observed from the state-of-the-art techniques that a single
method of MRI segmentation is found to be not good for segmenting
different regions from all MRIs and all methods are not promising to
segment a particular region from anMRI. Hence, here it is required to
mention that an efficient segmentation scheme is required to be
developed so as to segment different abnormalities from an MRI. To
the best of the authors' knowledge, in the literature of MRI and scene
image segmentation, there is no method available that takes the
advantages of the Fourier transform based features with singular
value decomposition for seed point selection in region growing
segmentation.

It is also true that region growing based segmentation scheme is
also quite popular and found to be efficient for MRI segmentation. To
alleviate some of the existing problems in region growing technique,
in this article, we have proposed an edge preserving segmentation
technique by fusing multiple binary levels to segment an MRI. The
process starts with selection of suitable seed points. The seed points
are obtained by taking the phase components of the Fourier
transform of MRI followed by singular value decomposition (SVD)
technique to generate a singular value diagonal matrix. A thresh-
olding procedure is adhered to this diagonal matrix to identify the
smooth and edgy regions in the image. To get rid of over-
segmentation problem due to edgy seed points, we consider some
(confident) pixels from different smooth areas as the seeds for
region growing. By considering each seed point we perform a binary
segmentation of the MRI and hence with all seed points we get an
equal number of binary images. Then all the binary images are fused
together using statistical fusion process to segment the image.

To evaluate the proposed scheme we have conducted experi-
ments on three different kinds of MRIs for identifying different
abnormalities. This includes: prostatic carcinoma detection, tuber-
culous granulomas identification and intracranial neoplasm or
brain tumor detection. It is observed that the proposed scheme
effectively segments these abnormalities from the MRIs with noise,
surface reflections and smooth segments. To validate the proposed
scheme, results obtained by it are compared with those of seven
existing schemes: Bayes-theory based Region-Growing (BRG) [30],
adaptive region-growing (ARG) [10], compound MRF (CMRF) [17],
improved watershed transformation (IWT) [22], mean-shift [31],
level set [32] and MICO [25] techniques. The effectiveness of the
proposed scheme is evaluated by six performance evaluation
measures: accuracy, sensitivity, specificity, precision, f-measure
and G-mean [33].

The organization of this paper is as follows. Section 2 presents the
block diagram and an overview of the proposed algorithm for
medical image segmentation in detail. A short introduction to
Fourier transform for image and singular value decomposition is
provided in Sections 3 and 4, respectively. Section 5 describes the
proposed MRI segmentation technique with seed point selection,
region growing and image fusion techniques. Results and discussion
with evaluation of the proposed algorithm are provided in Section 6.
Finally, Section 7 draws conclusions.
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2. Proposed algorithm for medical image segmentation

A block diagrammatic representation of the proposed scheme is
shown in Fig. 1. In this work, a novel boundary preserving region
growing technique is proposed to segment MRIs. The algorithm
starts with dividing the original image into non overlapping blocks of
size x × x. Then, Fourier Transform (FT) is obtained on each block
using Fast Fourier Transform (FFT). The FFT technique produces an
output block of same size as that of the input block, i.e., x × y. Here
we have considered the phase components only of the input image
block. Then an SVD is applied on the phase component of the
transformed output block to get the diagonal matrix where the
singular diagonal elements of the matrix represents the square root
of the eigen values (singular values) of the phase component in the
FT. To perform segmentation of the input image by region growing
approach, some seed points are required. Here in the proposed
technique, the seed points are selected by applying a threshold
operation [34] on the SVD values of the complete image. Application
of threshold operation will eliminate any noisy boundary pixel
which may affect the segmentation output. The pixels with feature
value less than the threshold are points from the smooth regions of
the image and based on the phase components some seed points are
selected for region growing. For each seed point we perform a binary
region growing segmentation. Hence for each seed point we will get
multiple binary segmented images. To get a compact segmented
map of the medical image, all these images are required to be fused.
For fusing all the images, we perform parcel creation followed by
statistical merging process to get the final segmented image.

3. Fourier transform for images

The concept of FT in image analysis is used to express an image as
a combination of sine and cosine components. The FT projects an
image in Fourier or frequency domain. Each point in the Fourier
domain represents the frequency contained in the spatial domain
image. It has a wide range of applications including image filtering,
image compression, image representation, feature extraction, etc.

FT is linear and possess the properties of homogeneity and
additivity. Discrete Fourier transform (DFT) is one of the variants of
FT, mainly used in digital image processing. Advantages of using DFT
is that it turns the complicated convolution operations into simple
multiplications and a simple inverse operation can be applied to get
back the output of the convolution operation. Mathematical way of
expressing 2D-DFT of an image and its inverse operation can be
described as

F k; lð Þ ¼
XM−1

m¼0

XN−1

n¼0

f m;nð Þe− j2π kmMþlnNð Þ
; ð1Þ
Fig. 1. Block diagram of the prop
and

f m;nð Þ ¼ 1
MN

XM−1
k¼0

XN−1
l¼0

F k; lð Þe j2π kmMþlnNð Þ: ð2Þ

Here f (m,n) represents the spatial domain imageat coordinate (m,n);
F (k, l) is the representation of the image in the frequency domain. The
dimension of the image is M × N. (k, l) represents the frequency
components in the image. Number of frequency components in the
frequency domain is equal to the number of pixels in the spatial domain.

Here in Eqs. (1)–(2), the exponential term is the basis function
corresponding to all points F(k, l) in the Fourier space. It can be
interpreted as multiplying an image in spatial domain with the
corresponding basis function and summing the results. Here F(0, 0) is
termed as the DC component of the image and represents the average
brightness and F(M − 1, N − 1) is the highest frequency component.

Computation of DFT has more complexity which can be reduced
by using FFT. FFT is an efficient way of implementing the DFT.
Calculation of DFT by FFT reduces the number of arithmetical
computations from O(N2) to O(N*log2N) [35]. FFT is computationally
faster and gives a convenient way to map an image from spatial
domain to frequency domain. FFT is widely used in signal processing
to analyze frequencies contained in signal, solve partial differential
equations, and perform other relevant operations.

The magnitude and phase of the Fourier transform is given by,

F k; lð Þ ¼jF k; lð Þjejϕ k;lð Þ
; ð3Þ

where |F(k, l)| represents the magnitude and

jF k; lð Þj ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
F2R k; lð Þ þ F2I k; lð Þ

q
; ð4Þ

where FR(k, l) and FI(k, l) are the real and imaginary parts, respectively.
Generally, an FT produces two images, one is real part and the other
one with the imaginary part, where the real part corresponds to the
magnitude and the imaginary part to the phase. The real or magnitude
part displays most of the information of the geometric structure of the
spatial domain image. While the phase or the imaginary part portrays
the variation or the contrast of the image. Here ϕ(k, l) represents the
phase components and can be obtained as,

ϕ k; lð Þ ¼ arctan
FI k; lð Þ
FR k; lð Þ

� �
: ð5Þ

The Fourier domain image has a higher range than the image in
the spatial domain. Hence it is more informative than the spatial
domain. Since the phase components provide the variation in the
image, we are interested in considering only phase component.
osed segmentation scheme.



1295B.N. Subudhi et al. / Magnetic Resonance Imaging 34 (2016) 1292–1304
4. Singular value decomposition

SingularValueDecomposition(SVD) [36,37] is amultivariate statistical
approachmainly used for compact representation of correlated data. SVD
was proposed by Edward Lorenz and was referred to as Empirical
Orthogonal Function (EOF) analysis. An FT data sometimes contain a large
correlation in spatial frequencies. The main aim of using SVD is to reduce
those correlation and represent the data in a compact manner.

Compact representation of the dataset using SVD has the advantage
of beingmore robust tonumerical errors. TheSVDexposes thegeometric
structure of a matrix, an important aspect of many matrix calculation.
The SVD of aM × N dimensional matrix A can be computed as:

A ¼ UΣVT ð6Þ

where U is an M × M orthogonal matrix, V is an N × N orthogonal
matrix andΣ is anM × N diagonalmatrix. The columns ofU are eigen
vectors of AAT. Similarly, the columns of V are eigen vectors of ATA
[36]. The diagonal entries of Σ are the normalized singular values
which are the square roots of nonzero eigenvalues of both AAT and
ATA. The matrix A can be given as

A ¼ σ1u1v
T
1 þ σ2u2v

T
2 þ ::::::::::þ σnunv

T
n : ð7Þ

The SVD will give a diagonal matrix where diagonal elements are
arranged in descending order. These values are always real numbers.
The singular values of σi are ordered as σ1 ≥ σ2 ≥ σ3............ ≥ σn. The
number of singular values is equal to the rank of the matrix A. The
major advantage is that the first singular value σ1 is greater than the
remaining singular values. Thus, by observing the first singular value,
it is possible to find the energy contained in the sub-band [38].

5. Region growing based segmentation

Region growing approach of segmentation is a well known spatial
segmentation scheme. In this scheme, segmentation starts with some
initial seed points using some predefined criterion. These seed points
act as the initial points of different regions available in the considered
image. As the region growing process starts, theneighboringpixels of a
seed point from a particular region are tested for similarity and are
added to that region. In this way each pixel in an image is assigned to a
particular region in the segmented image. Once region growing is over,
regionmerging is performed. Different regions of an image aremerged
to a single region with some similarity criterion. Region growing
technique is simple and can correctly separate the image pixels that
have similar properties to form large regions or objects. As this
approach depends on the spatial correlation of pixels in an image, the
segmented output is expected to be better compared to the histogram
thresholding based schemes [39].

Region growing based segmentation scheme can be described by
a few properties [40]:

∪
n

i¼1
Ri ¼ R; ð8Þ

where Ri is the ith region in an image R, and the image is divided into
n regions.

Ri∩Rj ¼ ϕ; ð9Þ

i.e., two regions i and j are disjoint.

P Ri∪Rj

� �
¼ False; ð10Þ
this is to say that any logical predicate P defined over two
adjacent regions are false; i.e., two regions are dissimilar. Similarly, it
is required that the region Ri is a connected region.

It is observed in the literature that there are two main
disadvantages of the region growing approach: it needs selection
of suitable seed points and minor intensity variation gives
over-segmentation. It may be noted that to get rid off the above
mentioned disadvantages, here we have proposed a novel boundary
preserving region growing technique. Segmentation can be done by
following three steps: selection of seed points, two level/binary
segmentation by region growing and fusion of segmented regions for
final decision.

5.1. Seed point selection

The proposed approach is mainly considered for gray-scale
medical images. It can be extended to color images. Edge or contrast
can be thought of as the gray-scale variation map of the original
image and this is a good indicator to decide whether a pixel is from
the smooth or edgy regions. In order to distinguish between smooth
and edge regions in an MRI, we have considered the phase
components of Fourier image, which reflect the gray scale variation
in the image. Initially, we divide the MRI into a number of blocks.
Then for each block we compute the FT using FFT algorithm. The
phase components of the FT gives the gray-level variation of that
particular block. However the FT data contain a large correlation in
spatial frequencies. This may lead to over-segmented output and
sometimes become computationally expensive. To reduce this effect,
we have considered SVD approach. On each phase computed block,
we apply SVD. The SVD gives a diagonal matrix with descending
order of singular values (square root of eigen values) from left top to
right bottom.

For selecting seed points for region growing, we start with
thresholding the singular values. We have divided the input image
into blocks of size x × x. The main aim of this work is to identify the
proper seed points in the MRI and segment it to different classes. In
this regard, we have divided the image into smooth and edgy regions
and from each smooth region we tried to take some seed points. To
identify the plain area and edgy regions we divided the image into
subblocks and on each subblock we applied the FFT for identifying
the phase variation. It may be noted that if the considered size of the
block is large, then there is a possibility to miss few regions of the
MRI. Similarly, if a smaller size block may be considered, then the
number of seeds for a particular region will be more and will need
more number of merging operation.

Hence, our diagonal SVD matrix for each block contain only four
singular values. We plot the distributions of each singular value for
the complete image (from all the blocks). Hence a total of x
distributions will be obtained. We applied Liu's thresholding method
[34] for selection of threshold value over each distribution. For each
distribution we get one threshold. After thresholding, the block
containing the points that are below the threshold value are
considered to contain the seed points. We expect that all those
regions/blocks which are below threshold correspond to the smooth
area and have lesser gray-level variations. We select some of the
points from those blocks as seed points for region growing process.
The number of seed points to be selected for each block depends on
the number of singular values that is less than the threshold from a
particular block.

Two buffers are made for each block. The first buffer indicates
whether it contains the seed point (1 or 0). The second buffer stores
how many seed points are to be selected from the block. For each
block we check how many points are greater than the threshold
value. This decides how many important region types are present in
that block. For selection of the seed point, we plot the histogram of
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the phase components. We took a quantized pixel distribution of the
phase components of the FT in each block and obtained the peaks
and valleys of it, as shown in Fig. 2. Here Pi and Vi represent the peaks
and valleys of the histogram. For obtaining the seed points, we
choose the segments of the histogramwhich have a larger area in the
histogram. The mode of that segment will be selected as the seed for
that block. Let us consider the example in Fig. 2, where two seeds are
selected as regions. Hence from the histogram 0P1V1 and V2P3V3

were selected as regions. For selecting the seeds we have considered
the phase values corresponding to P1 and P3.

5.2. Start of region-growing

The seed points obtained from the earlier stage are used for
performing region growing process in the original image. At each
step, we start with a single seed point and in the proposed scheme
we assume that the region growing process is a binary segmentation
process to divide the complete image into object and background
classes. Hence for each seed point we will get one binary image. In
the subsequent stage all the segmented images are fused together to
get a segmented output.

The region growing process starts from a particular seed and
divide the image into two classes object and background. For this
specific task we have used the conventional region growing process
[40] with some modifications on it. Here the process starts with
checking the criterion of pixel connectivity with the four neighbor-
ing points from a particular seed point in an image. We assign the
label of the seed point to a neighboring pixel if it satisfies the
criterion of pixel connectivity. Due to low visibility and noise in
medial images, it happens that a higher threshold value for checking
connectivity may result in a bigger region which may cover the
whole image. To avoid this, if the difference between the within class
variance of object and background is less than some predefined
threshold value the process is terminated.

5.3. Multi-level fusion

After region growing, the number of segments obtained will be
equal to the number of seed points selected. Now the task is to
combine all these segments in a proper way to get a compact
segmentation map. In this work, we have adhered to a multi-level
statistical fusion process to get a compact result. The proposed fusion
process follows two steps: region based parcel creation and
statistical merging.

5.3.1. Parcel creation
The segmented images we got after region growing are combined

to generate some parcels [41]. The parcels are created by combining
the multiple binary segments from the binary segmentation results
obtained from different seeds of MRI. Here we are representing the
Fig. 2. Seed selection from phase histogram.
parcel by F = {f1, f2,...fn}, where each fi corresponding to a
homogenous region is shared by all binary images created from a
particular MRI. The parcel creation process from a pair of binary
images can be described as

m;nð Þε f i; if Sj m;nð Þε Ru
x and Sy m;nð Þε Rv

y; ð11Þ

where fi represents the ith parcel, and Sx(m, n) and Sy(m, n) are the
pixel labels in two different segmented images at location (m, n). u
and v correspond to binary region types from the two binary images
Sx and Sy. The updated parcel will be considered for comparison with
the next binary image. The parcel image is of the same size as that of
the input image i.e., M × N. It may be noted that for any parcel fi, all
the pixels inside the parcel are connected.

5.3.2. Statistical merging
For merging any two parcels, we have considered two statistical

criteria: mean and variance. For merging any two regions, we
calculate themean and the variance of the pixels in the inputmedical
image corresponding to two adjacent parcels. If the mean and
variance corresponding to both the regions are matched (i.e., the
difference is within a predefined threshold), then these parcels were
merged. Here we are representing each parcel by two parameters,
the mean and the variance, fiμ and fi

σ. For any adjacent parcel we set:

qf i ¼ 1 if f μi − f μi−1

�� ��bThμ or f σi − f σi−1

�� ��bThσ
0; otherwise;

�
ð12Þ

where Thμ and Thσ are two threshold values and are decided based
on the average gray value and average variance of all the parcels in
the image. Then we merge two parcels fi and fi − 1 if qfi = 1. After all
the parcels are tested for merging, the output image F is considered
to be the final segmented image.

5.4. Analysis on MRI

To describe the step by step procedure of the proposed segmen-
tation scheme we have applied it on an MRI for identifying the region
affected by Prostatic carcinoma. Fig. 3 (a) represents an MRI of a
prostate gland affected by prostate cancer. We applied the proposed
scheme step by step to segment it. In the initial stage of the algorithm,
the original image is divided into non overlapping blocks. Then, FT is
obtained on each block using FFT scheme on each block and
corresponding phase components are shown in Fig. 3 (b). Then the
SVD is applied on Fig. 3 (b) to get the diagonalmatrix and are shown in
Fig. 3 (c). The proposed scheme is applied for seed point selection and
corresponding results are shown in Fig. 3 (f). From each seed we start
the region growing process. For different seeds, e.g., class 1, class 2 and
class 3 are obtained as shown in Fig. 3 (g), (h) and (i). A parcel creation
followed by statistical merging process is used to get the final
segmented image as shown in Fig. 3 (j).

6. Results and discussions

To assess the effectiveness of the proposed algorithm, the results
obtained using the proposed methodology are compared with those
obtained using seven different state-of-the-art segmentation tech-
niques. The algorithm is implemented in MATLAB and is run on
Pentium D, 2.8 GHz PC with 2G RAM and Windows8 operating
system. To evaluate the proposed scheme we have shown applica-
tions on three different kinds of MRI for identifying different
abnormalities. This includes: Prostatic Carcinoma Detection, Tuber-
culous Granulomas Identification and Intracranial Neoplasm or Brain
Tumor Detection. The abnormalities or tumor parts are segmented
into a separate segment or a different region. This may help the
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physician to check if any abnormalities are available in the MRIs
corresponding to different parts of the body.

To validate the proposed segmentation scheme, results obtained
by the same algorithm are compared with those of spatial
segmentation using Bayes-Based Region-Growing (BRG) [30],
adaptive region-growing (ARG) [10], compound MRF (CMRF) [17],
improved watershed transformation (IWT) [22], mean-shift [31],
level-set [32] and MICO [25] techniques. It may be noted that in this
work, we have proposed a spatio-contextual region growing based
MRI segmentation scheme for identification of abnormality. In the
literature of MRI segmentation, BRG, ARG, IWT based segmentation
schemes are found to be the most popular competitive region based
segmentation schemes and hence we have used them for compar-
ison with the proposed segmentation scheme. Similarly, mean-shift
scheme uses spatial kernel for filtering during segmentation. The
CMRF based segmentation uses a spatio-contextual model in
statistical framework. Hence we also used mean-shift and CMRF
segmentation for comparison with that of the proposed scheme.
Recently. level-set and MICO schemes are getting its popularity and
are latest popular segmentation schemes in state-of-the-art MRI
segmentation. Hence level-set and MICO are also used for our
analysis. From the results we found that the proposed method
provides better segmentation with preserved boundary.

Finally, validation of the proposed scheme is carried out by six
performance measuring indices. Ground-truth images are consid-
ered for evaluating the performance. The ground-truth images are
prepared by the experts by consulting the medical practitioner,
considering the instruction provided with the dataset.
6.1. Visual analysis of results

The output of the images (mentioned earlier) used for compar-
ative analysis are depicted in Figs. 4–11. The proposed technique is
tested for identifying different abnormalities are Prostatic Carcinoma
Detection, Tuberculous Granulomas Identification and Intracranial
Neoplasm or Brain Tumor Detection. All experiments are described
in the following sections.
6.1.1. Prostatic carcinoma detection

Prostatic carcinoma is a kind of prostate cancer that affect the prostate
gland. The prostate gland is part of the male reproductive system and is
the largest male accessory gland and provides approximately 30% of the
volume of seminal fluid. It typically weighs between 20 and 40 gwith an
average size of 3 × 4 × 2 cm. The prostate is comprised of 70% glandular
tissue and 30% fibromuscular or stromal tissue. Prostatic carcinoma ranks
as the most common malignant tumor in men and the second most
common cause of cancer-related deaths in men. Fig. 4 (a) represents the
MRI scan of a 69 year old male patient. As seen from the figure the T2
hypointense nodule at the base of the left prostate side lobe is extending
beyond the capsule. These data are obtained from Ref. 1. Clinical
presentation estimates an elevated (greater than 4 ng/dL)
prostate-specific antigen (PSA) whereas normal is 1–4 ng/dL. As per
the medical discussion on this MRI, this advanced case might have been

http://radiopaedia.org/articles/prostatic-carcinoma-1


2 http://radiopaedia.org/cases/intracranial-tuberculoma-mri-brain

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 4. Prostatic carcinoma: (a) Original image, (b) ground-truth image. Segmentation using (c) BRG scheme, (d) IWT scheme, (e) ARG scheme, (f) CMRF scheme, (g) mean-shif
scheme and (h) level set scheme, (i) MICO scheme and (j) proposed scheme.

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 5. Prostatic carcinoma: (a) Original image, (b) ground-truth image. Segmentation using (c) BRG scheme, (d) IWT scheme, (e) ARG scheme, (f) CMRF scheme, (g) mean-shif
scheme and (h) level set scheme, (i) MICO scheme and (j) proposed scheme.
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diagnosed by more traditional methods but identification on early stage
may require help. It may be noted that visualizing this using normal eye
may not be able to identify the shrinkage of left capsule. Hence
segmentation may be a suitable choice. Corresponding ground-truth
image is shown in Fig. 4(b). The segmentation results using BRG
segmentation scheme is shown inFig. 4(c),where it is observed thatmost
of the regions in theMRI aremerged into a single class, mostly center top
part. Hence it may be concluded that for this MRI, BRG scheme is
providing lots of false alarms. The results obtained by IWT scheme is
shown in Fig. 4(d), where it is observed that due to noise and blurred
edges in the MRI most of the regions are over-segmented. Segmentation
results using ARG scheme are shown in Fig. 4(e), where the left capsule
shrinkage is identified in a well manner. However it contains large
amounts of false alarms and amplified the noise contents in theMRI. Fig.
4(f) shows the segmentation result using CMRF scheme. Although the
result shows impressive segmentation of boundary, most of the inner
smooth regionsaremerged intobackgroundclass,mainly the left capsule.
The segmentation results obtained using mean-shift are shown in Fig.
4(g). However the level set based segmentation schemeprovides a better
segmentation. Results with less misclassified pixels is shown in Fig. 4(h).
The MICO based segmentation result is shown in Fig. 4(i). From this
result, it is observed that most of the segmentation boundaries are
discontinuous and produced a large amount of false alarms. The
result obtained by the proposed scheme is shown in Fig. 4(j). It is
found to be providing better segmentation which clearly identifies
the left capsule shrinkage. Hence itmay be obtained that this person
needs a physician's advice for further biopsy. This corroborates to
our theoretical findings too.
t

t

6.1.2. Tuberculous granulomas identification

Tuberculomas or tuberculous granulomas are a well defined focal
mass that results fromMycobacterium tuberculosis infection, and is one
of the several morphological forms of tuberculous disease. Macroscop-
ically, a tuberculoma is a well defined firm nodule. Histologically it
consists of a central coreof caseatingnecrosiswith a surroundingwall of
a granulomatous reaction containing Langhans giant cells, epithelioid
histiocytes and lymphocytes. Tuberculomas occur most commonly in
the brain and the lung. Tuberculosis of the central nervous system can
result from either haematogenous spread from distant systemic
infection (e.g. pulmonary tuberculosis) or from direct extension from
local infection (e.g. tuberculous otomastoiditis). Fig. 5(a) depicts the
sagittal T1 MRI of a patient from India. Corresponding axial T1 C+ is
shown in Fig. 6(a). Both the data are obtained from Ref.2.

The vast amount of oedema, lack of central liquefaction/restriction
and knowledge of the patient's demographics makes a tuberculoma the
most likely diagnosis (subsequently confirmed). The clinical diagnosis
confirms a 2 cm rounded lesion in the anterior pole of the left frontal
lobe. The lesion is mostly isointense to gray matter, with perhaps small
regions of hyperintensity onT1andT2weighted images. There is nowell
defined central region of T2 hyperintensity. Very extensive vasogenic
oedema is present extending back to the precentral region. It may be
observed that due to swelling in the brain a specific region is formed in
the brain near the Tuberculomas affected region.

http://radiopaedia.org/cases/intracranial-tuberculoma-mri-brain
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Fig. 6. Intracranial–Tuberculoma–MRI–Brain axial T2 C+: (a) Original image, (b) ground-truth image. Segmentation using (c) BRG scheme, (d) IWT scheme, (e) ARG scheme, (f)
CMRF scheme, (g) mean-shift scheme and (h) level set scheme, (i) MICO scheme and (j) proposed scheme.

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 7. Tumor 2: (a) Original image, (b) ground-truth image. Segmentation using (c) BRG scheme, (d) IWT scheme, (e) ARG scheme, (f) CMRF scheme, (g) mean-shift scheme and
(h) level set scheme, (i) MICO scheme and (j) proposed scheme.
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Theground-truth imagecorresponding to sagittal T1andaxial T1are
provided in Figs. 5(b) and 6(b). Although the Tuberculomas is
segmented by different scheme as separate class most of the
Tuberculomas boundary is misclassified in the segmented MRI of
sagittal T1. It may be observed from the axial T1 that the same
techniqueshas identifieddifferent parts of theTuberculomasas apart of
graymatter. Both BRG and ARG schemes have provided a large number
of false alarms in the scene. Both mean shift and IWT schemes have
provided results where inner parts of the brain aremerged into a single
class.Hencewe candepict fromthe results that a better segmentationof
Tuberculomas with gray matter is obtained by the proposed scheme.
3 http://radiopaedia.org/search?utf8=%E2%9C%93&q=MRI+brain&scope=all
4 https://public.cancerimagingarchive.net/ncia/login.jsf
6.1.3. Intracranial neoplasm or brain tumor detection

A brain tumor or intracranial neoplasm is a diseases that occurswhen
some abnormal cell grow inside the brain. Two main types of tumors
grow in a human brain: malignant or cancerous tumors and benign
tumors.Amalignantbrain tumor is a tumorwhichbegins in thebrain.On
the other hand a cancerous tumor which starts elsewhere in the body
andendsupgrowing in thebrain is calleda secondaryormetastaticbrain
tumor. Brain tumors can occur at any age. The exact causes of brain
tumors is not clear. Physicians group brain tumors by grade (theway the
cells look under a microscope). The higher the grade number, the more
abnormal the cells appear and the more aggressively the tumor usually
behaves. Themost common type of primary brain tumors among adults
are astrocytoma, meningioma, and oligodendroglioma. An early detec-
tion of tumor may help in removing it by operation. In this article, we
have shown the effectiveness of ourmethod for identification of tumor
for three brainMRIs. The results are reported in Figs. 7–11. Out of these
sets one datum is taken fromRef. 3 and other two are taken fromRef. 4.

A similar analysis is followed for Figs. 7–11. Visual illustration
depicts that for all these images, the proposed scheme provides
better segmentation. It is observed from these images that ARG
scheme is unable to give proper output for all these images. The BRG
scheme provided results with a large number of false alarms. The
IWT scheme provided results with over-segmented output. It is also
observed that the CMRF and the mean-shift schemes are found to be
providing visually competitive results with the proposed scheme;
however they are not able to segment the tumor properly.

6.2. Quantitative analysis of results

Althoughhumanbeings are thebest evaluator of any vision system, it
is not possible for any human being to evaluate the performance in a
quantitativemanner. Hence, it is necessary to evaluate anymethod in an
objective way. To provide a quantitative evaluation of the proposed

http://radiopaedia.org/search?utf8=%E2%9C%93&q=MRI+brain&scope=all
https://public.cancerimagingarchive.net/ncia/login.jsf
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Fig. 8. Tumor 3: (a) Original image, (b) ground-truth image. Segmentation using (c) BRG scheme, (d) IWT scheme, (e) ARG scheme, (f) CMRF scheme, (g) mean-shift scheme and
(h) level set scheme, (i) MICO scheme and (j) proposed scheme.
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scheme, we have provided six ground-truth based performance
measures. For all these measures, we require ground-truth images.
Considering these ground-truth images, the results obtained by the
proposed scheme are compared with those obtained using other
techniques. Six evaluationmeasures are: accuracy, sensitivity, specificity,
precision, f-measureandG-mean [42].Here itmaybenoted that forgood
quality output all these measures should be high.

For calculating these measures, pixel by pixel matching of the
output is made with the ground-truth image. These measures are
computed as follows:

Accuracy ¼ TP þ TN
TP þ FP þ FN þ TN

; ð13Þ

Sensitivity ¼ TP
TP þ FN

; ð14Þ

Specificity ¼ TN
TN þ FP

; ð15Þ

Precision ¼ TP
TP þ FP

; ð16Þ

Recall ¼ TP
TP þ FN

; ð17Þ

F−measure ¼ 2� Precision� Recall
Precisionþ Recall

; ð18Þ
(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 9. Tumor 4: (a) Original image, (b) ground-truth image. Segmentation using (c) BRG scheme, (d) IWT scheme, (e) ARG scheme, (f) CMRF scheme, (g) mean-shift scheme and
(h) level set scheme, (i) MICO scheme and (j) proposed scheme.
and

G−mean ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Sensitivity� Specificity

p
: ð19Þ

Here, true positive (TP) and true negative (TN) are the number of
pixels correctly labeled as positive (object) class and negative
(background) class, respectively. False positive (FP) is the number of
pixels incorrectly labeled as object class. Similarly, false negative (FN) is
the number of pixels originally from object class but not labeled so.
Accuracy, gives the effectiveness of estimating the probability of true
class label. Sensitivity and specificity assesses the effectiveness of the
algorithm for a particular class. Accuracy provides more weight on the
commonclasses thanon rare classes. Precision is the fractionof retrieved
instances that are relevant, while recall is the fraction of relevant
instances that are retrieved. F-measure combines precision and recall
and is the harmonic mean of precision and recall. The geometric mean
(G-mean) is the square root of the product of the prediction accuracies
for both the classes, i.e. sensitivity (accuracy on a particular class) and
specificity (accuracy on the other classes). This metric indicates the
balance between segmentation performances. It is to be noted that for
good quality segmentation all these measures should be high.

Tables 1–8 represent six evaluation measures for prostatic
carcinoma, intracranial–tuberculoma–MRI–brain sagittal T1,
intracranial–tuberculoma–MRI–Brain axial T2 C+, tumor 1, tumor
2, tumor 3, Thumbnail 5 and Thumbnail 6 images. From Table 1, it is
observed that all these measures are having a higher value for the
proposed algorithm. It is also observed that except sensitivity and



(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 10. Thumbnail 5: (a) Original image, (b) ground-truth image. Segmentation using (c) BRG scheme, (d) IWT scheme, (e) ARG scheme, (f) CMRF scheme, (g) mean-shift
scheme and (h) level set scheme, (i) MICO scheme and (j) proposed scheme.
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G-mean measures, for all other measures, CMRF and mean-shift
showed a better performance (and is less but comparable with that
of the proposed scheme). For sensitivity measure BRG scheme and
for G-mean, mean-shift is found to be providing good results; but less
than the proposed scheme. A similar analysis can also be drawn from
Tables 1–8. Itmay be observed thatmethods CMRF andmean-shift are
found to be providing better output as compared to other considered
scheme. However it is observed that the proposed scheme is found to
be providing higher evaluation measures for all the test images.
6.3. Discussion and future works

From the results, it is found that the proposed scheme produces
better results as compared to Bayes-Based Region-Growing (BRG)
[30], adaptive region-growing (ARG) [10], compound MRF (CMRF)
[17], improved watershed transformation (IWT) [22], mean-shift
[31], level set [32] and MICO [25] techniques.

The proposed technique considers a fusion of region or patch
based information for processing. Hence, the process incorporates an
influence of neighborhood pixels for feature extraction. Thus it is
able to extract the region boundary in a proper way as compared to
the existing pixel or manual seed selection techniques.

It is observed that the proposed technique can also discriminate
the effects of less shading, light changes and microscopic reflection
(a) (b) (c)

(f) (g) (h)

Fig. 11. Thumbnail 6: (a) Original image, (b) ground-truth image. Segmentation using (
scheme and (h) level set scheme, (i) MICO scheme and (j) proposed scheme.
due to textural surfaces in a scene. Hence, in brief, one can highlight
the major advantages of the proposed technique to be robust to
noise, surface reflection, and shading.

Herewe have used FFT for determining phase variance in the image
block. The smooth regions in the image will be picked up by phase
variation in FFT and thresholding on singular values of phase
components for selection of seed points. A set of band pass filter may
be used to find the variation but designing band pass filter for different
frequencies are not easy andmore complex too. Againfinding the cutoff
frequencies for a different region will be more complex and it may
repeatedly select seeds form a particular region. Again the result will be
worse if the input imagewill be affected by noise. Themain objective of
using block based approach is to select optimum seed points for the
region growing scheme.Here the seed selection is carried out tofind the
local smooth regions of an image. This is extracted by FFT based phase
variation and singular values. Hence a smaller block than the original
imagewill not affect the result. It may be noted that an FFT based phase
variation of complete image will not be useful for us to find the seed
points; because we need local smooth regions for seed selection.

We have successfully tested the proposed scheme over several
benchmark and simulated data. For segmentation, investigation has
also been carried out with the proposed seed point selection and
conventional region growing technique and manual seed point
selection followed by the proposed multi level fusion technique. It
may be noted that a manual selection of seed point mostly leads to
(d) (e)

(i) (j)

c) BRG scheme, (d) IWT scheme, (e) ARG scheme, (f) CMRF scheme, (g) mean-shif
t



Table 1
Performance evaluation for prostatic carcinoma image.

Approach Accuracy Sensitivity Specificity Precision F-measure G-mean

BRG 0.5241 0.1048 0.5532 0.0160 0.0278 0.2408
IWT 0.5886 0.4935 0.4882 0.0910 0.1578 0.4908
ARG 0.5193 0.0691 0.5506 0.0106 0.0183 0.1951
CMRF 0.5854 0.2243 0.6105 0.0385 0.0657 0.3701
Mean-shift 0.6119 0.2910 0.6342 0.0524 0.0888 0.4296
MICO 0.4896 0.1359 0.5142 0.0191 0.0335 0.2644
Level set 0.4535 0.2888 0.4649 0.0361 0.0642 0.3664
Proposed 0.6830 0.5475 0.6924 0.1100 0.1833 0.6157

Table 2
Performance evaluation for intracranial–tuberculoma–MRI–brain sagittal T1 image.

Approach Accuracy Sensitivity Specificity Precision F-measure G-mean

BRG 0.5095 0.7138 0.4810 0.1609 0.2627 0.5860
IWT 0.2651 0.2335 0.2695 0.0427 0.0722 0.2509
ARG 0.5107 0.7170 0.4820 0.1618 0.2640 0.5879
CMRF 0.5216 0.7029 0.4963 0.1629 0.2645 0.5907
Mean-shift 0.5099 0.7344 0.4786 0.1642 0.2684 0.5929
MICO 0.3409 0.3066 0.3457 0.0613 0.1022 0.3256
Level set 0.3636 0.5951 0.3313 0.1104 0.1863 0.4440
Proposed 0.6963 0.8325 0.6773 0.2646 0.4015 0.7509

Table 3
Performance evaluation for intracranial–tuberculoma–MRI–brain axial T2 C+ image

Approach Accuracy Sensitivity Specificity Precision F-measure G-mean

BRG 0.5169 0.4372 0.5244 0.0983 0.1638 0.5492
IWT 0.2069 0.2675 0.2013 0.0304 0.0547 0.2320
ARG 0.5264 0.3537 0.5426 0.0676 0.1135 0.4381
CMRF 0.5495 0.5007 0.5540 0.0953 0.1601 0.5267
Mean-shift 0.5377 0.5024 0.5382 0.0976 0.1649 0.5353
MICO 0.5370 0.4848 0.5419 0.0903 0.1522 0.5125
Level set 0.1924 0.3133 0.1811 0.0346 0.0624 0.2382
Proposed 0.5970 0.5117 0.6050 0.1083 0.1788 0.5564

Table 4
Performance evaluation for Tumor 1 image.

Approach Accuracy Sensitivity Specificity Precision F-measure G-mean

BRG 0.6401 0.6937 0.6336 0.1851 0.2923 0.6630
IWT 0.3037 0.4993 0.2802 0.0768 0.1332 0.3741
ARG 0.6218 0.6932 0.6133 0.1770 0.2820 0.6520
CMRF 0.6766 0.6997 0.6563 0.2066 0.3108 0.6880
Mean-shift 0.6461 0.7044 0.6392 0.1898 0.2990 0.6710
MICO 0.3186 0.6010 0.2847 0.0916 0.1589 0.4137
Level set 0.2768 0.5652 0.2422 0.0821 0.1434 0.3700
Proposed 0.6813 0.7219 0.6764 0.2111 0.3267 0.6988
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Table 5
Performance evaluation for Tumor 2 image.

Approach Accuracy Sensitivity Specificity Precision F-measure G-mean

BRG 0.4719 0.4306 0.4751 0.0594 0.1044 0.4523
IWT 0.5718 0.4882 0.5628 0.1008 0.1567 0.5223
ARG 0.4674 0.5360 0.4622 0.0712 0.1257 0.4977
CMRF 0.5021 0.5593 0.4977 0.0789 0.1383 0.5276
Mean-shift 0.5635 0.5289 0.5508 0.1010 0.1627 0.5336
MICO 0.5264 0.4915 0.5137 0.0986 0.1626 0.4960
Level set 0.3945 0.4759 0.3805 0.0667 0.1196 0.4681
Proposed 0.6094 0.5736 0.6122 0.1022 0.1734 0.5926
over-segmentation. For evaluation of the proposed seed point
selection with conventional region growing process, we considered
six MRI images. Corresponding results with the considered six
evaluation measures are shown in Table 9.

In the proposed scheme we have considered a few parameters
which are set manually and also needs special attention. The first
parameter we used in our experiment is the selection of block size.
An increase in block size may miss some important regions from the
image whereas a lower value may create fragmentation in
segmentation (a particular segment may be divided into multiple
parts). Here, for the proposed experiment the block size is selected to
be x × x. However it can be varied up toM × N. The sum of all blocks
will produce the original full image. In our experiment, we have used
8 × 8 block size for the prostatic carcinoma analysis; whereas, we
have used 16 × 16 block size for other test images. The next
parameter is the threshold parameter used in region growing
process. Here we manually set this parameter to be constant (2.3)
for all the measures. An increase in this parameter will try to merge
different adjacent regions during segmentation. Similarly, a lesser
value of this parameter may produce small size regions in
segmentation. The third parameter considered is the threshold
parameter for statistical merging. We have considered this param-
eter to be one tenth of the difference in mean of adjacent parcels.

For other considered techniques, we follow the parameters as
suggested by the authors of the paper. In ARG based segmentation, the
parameters of the homogeneity is computed automatically as described
.
Table 6
Performance evaluation for Tumor 3 image.

Approach Accuracy Sensitivity Specificity Precision F-measure G-mean

BRG 0.4618 0.0200 0.4807 0.0016 0.0030 0.0981
IWT 0.3727 0.1912 0.3677 0.0121 0.0303 0.2249
ARG 0.5046 0.0291 0.5249 0.0026 0.0048 0.1236
CMRF 0.4940 0.0233 0.5141 0.0020 0.0038 0.1094
Mean-shift 0.5996 0.1904 0.6171 0.0208 0.0375 0.3428
MICO 0.4634 0.0543 0.4809 0.0045 0.0082 0.1617
Level set 0.5445 0.2084 0.5589 0.0198 0.0361 0.3412
Proposed 0.6370 0.2553 0.6533 0.0305 0.0545 0.4084
in the paper. For IWT scheme, the objects are considered to be Gaussian
distributed, and themean and variance are calculated using a set of seed
pixels for each class. The seedpixels are considered to be the same as the
obtained seeds from the proposed scheme. For BRG scheme, the
parameter K controls the diffusion process and is in the range [5−15].
The number of classes is considered to be the same for all algorithms. In
the mean-shift algorithm, we have used the spatial kernel of size [5 −
9]. For theCMRFmodel, thepenaltyparameter is considered in the range
[0 − 2.5]. The parameters used for level set algorithms are as follows.
Theparameter sigma is considered to be4. The inner andouter iterations
are considered tobe10and50. Theparameterμ is considered tobe1. For
MICO scheme we have used 20 numbers of iterations.

The proposed scheme is tested on different modality of MRIs including
T1, T2, DWI, and DCE-MRI and found to be providing good results. All the
modalitiesof theMRIsaregenerated fromthegradient in themainmagnetic
field and radio frequency (RF) emissions. The nuclei of the object to be
imaged at different positions will have different frequencies. The different
frequencies correspond to the signal emitted from different contents of the
objects. However the hydrogen protons of water are imaged inmost of the
modalities. It is here required to be mentioned that the proposed scheme
usesphasevariation components fromtheFourier analysis of the imageand
does not dependent much on the pixel values of theMRIs.

This work proposes a segmentation scheme using fusion of
multiple binary segments for a multi-level MRI segmentation. In this
regard, we have provided some theoretical and experimental
validation to corroborate our findings over the existing algorithms.



Table 7
Performance evaluation for Thumbnail 5 image.

Approach Accuracy Sensitivity Specificity Precision F-measure G-mean

BRG 0.8398 0.0307 0.8514 0.0030 0.0054 0.1617
IWT 0.8828 0.0687 0.8945 0.0093 0.0163 0.2478
ARG 0.5478 0.0370 0.5551 0.0012 0.0023 0.1433
CMRF 0.8365 0.1519 0.8463 0.0140 0.0256 0.3585
Mean-shift 0.8662 0.0434 0.8780 0.0051 0.0091 0.1951
MICO 0.8602 0.0397 0.8720 0.0044 0.0080 0.1860
Level set 0.7077 0.3737 0.7125 0.0183 0.0350 0.5160
Proposed 0.9185 0.5419 0.9239 0.0928 0.1584 0.7076

Table 8
Performance evaluation for Thumbnail 6 image.

Approach Accuracy Sensitivity Specificity Precision F-measure G-mean

BRG 0.6601 0.0174 0.6893 0.0025 0.0044 0.1095
IWT 0.6500 0.1057 0.6747 0.0146 0.0256 0.2671
ARG 0.6719 0.0246 0.7014 0.0037 0.0065 0.1314
CMRF 0.7136 0.0871 0.7421 0.0151 0.0258 0.2542
Mean-shift 0.6622 0.0937 0.6881 0.0135 0.0236 0.2539
MICO 0.6236 0.1203 0.6465 0.0152 0.0271 0.2688
Level set 0.6877 0.0333 0.7174 0.0053 0.0092 0.1547
Proposed 0.7385 0.1292 0.7721 0.0169 0.0299 0.2794

Table 9
Performance evaluation for all images.

Image Approach

Prostatic carcinoma Prop. seed +Region growin
Proposed

Intracranial–tuberculoma MRI–brain sagittal T1 Prop. seed +Region growin
Proposed

Intracranial–tuberculoma MRI–brain axial T2 C + Prop. seed +Region growin
Proposed

Tumor 1 Prop. seed +Region growin
Proposed

Tumor 2 Prop. seed +Region growin
Proposed

Tumor 3 Prop. seed +Region growin
Proposed

Thumbnail 5 Prop. seed +Region growin
Proposed

Thumbnail 6 Prop. seed +Region growin
Proposed
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During the work, we identified several lines of future work. Some of
them are pointed out here. It is observed that in the proposed
scheme we have considered parcel based fusion criterion for the
proposed segmentation. However a use of Bayesian fusion criterion
may improve the segmentation accuracy. Recently, it is observed
that fuzzy set based region growing process is popular. Hence a use
of fuzzy set associated region growing mechanism is expected to
provide better results in case of noisy MRIs. Similarly a use of some
other important features for seed point selection may be useful to
improve the segmentation accuracy. In future, we would like to
concentrate on the above issues.

7. Conclusions

In this article, we put forward a novel MRI segmentation technique
using a combination of region growing and parcel based statistical
fusion scheme. Initially, in the proposed technique, the seed points are
selected by taking the phase components of the Fourier transform
(represent the gray level variation) of the image followed by singular
value decomposition technique (to reduce the correlation among the
phase components). A thresholding procedure is used to identify the
smooth and edgy regions in the image. The seeds from the smooth
g

g

g

g

g

g

g

g

regions are used for region growing. By considering each seed we
segment the MRI into a number of binary images. Then the binary
images are fused together using multi-level statistical fusion process
intomultiple segments. The proposed scheme is found to provide good
result even for an MRI with intensity inhomogeneity, regional
smoothness and surface reflection. The effectiveness of the proposed
scheme is tested for prostatic carcinoma detection, tuberculous
granulomas identification and intracranial neoplasm or brain tumor
detection. The proposed technique is verified by comparing its
performance against seven state-of-the-art techniques with six
performance evaluation measures.
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