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Abstract
Functional magnetic resonance imaging or functidm@l (FMRI) is a functional neuro imaging procedure
using MRI technology that measures brain activigydetecting associated changes in blood flow, usiogd—
oxygen-level-dependent (BOLD) contrast. Curresuliefrom neuro science suggests modular organizaif the
brain. To understand, the complex interactiongoat among brain regions, existing system usesdam@KM)
algorithm, an efficient algorithm for partitionirustering. A cluster is defined as a set of stilsjgharing a similar
interaction pattern among their brain regions. IKMsters only the particular regions or functiafighe brain or
rest of the nervous system. Hence it is not slatédr different regions of the time series. Heltlge proposed
Statistical Region Merging (SRM) algorithm is udedimage segmentation. The algorithm is usedviaduate the

values within a regional span and group them tagetiased on the merging criteria resulting a smébé and

finally abnormality is detected.
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I ntroduction

Functional magnetic resonance imaging (FMRI)
opens up the opportunity to study human brain fonct
in a noninvasive way. The basic signal of FMRIaslon
the blood-oxygen-level-dependent (BOLD) effect, ethi
allows indirectly imaging brain activity by changeshe
blood flow related to the energy consumption ofirfbra
cells. Recently, resting-state FMRI has attracted
considerable attention in the neuroscience commulmit
resting state FMRI, subjects are instructed to glsse
their eyes and relax while in the scanner. FMRadae
time series of 3-dimensional volume images of trarb
FMRI produce images at higher resolution than other
scanning techniques.

Data from FMRI™ experiments are massive in
volume with more than hundred thousands of voxets a
hundreds of time points. Since these data represent
complex brain activity, also the information coritean
be expected to be highly complex. Recent findings
suggest a modular organization of the brain inffedint
functional modules. In tracking cognitive proceseagth
functional MRI mental chronometry it says that
Functional magnetic resonance imaging (fMRI) isduse
widely to determine the spatial layout of brainiation
associated with specific cognitive tasks at a apatiale
of millimeters. Recent methodological improvements
have made it possible to determine the latency and
temporal structure of the activation at a tempecalle of
few hundreds of milliseconds. Despite the sluggesisn
of the hemodynamic response, fMRI can detect aackesc
of neural activations - the signature of a sequesice

cognitive processes. Decomposing the processittg in
stages is greatly aided by measuring intermediate
responses. By combining event-related fMRI and
behavioral measurement in experiment and analysis,
trial-by-trial temporal links can be establishedvimen
cognition and its neural substrate.

To obtain a better understanding of complex
brain activity, it is essential to understand tloenplex
interplay among brain regions during task and at.re
Inspired by this idea, a novel technique is propofes
mining the different interaction patterns in heglénd
diseased subjects by clustering. At the core of our
method is a novel cluster notion: A cluster is defi as a
set of subjects sharing a similar interaction patte
among their brain regions. A cluster analysis ofioro
stream data potentially identifies clusters witmitar
movements, usually performed by different persons.
Time series data are frequently large and may @onta
outliers. In addition, time series are a specipetypf data
set where elements have a temporal ordering. Tdveref
clustering of such data stream is an importan&issuhe
data mining process.

Numerous techniques and clustering algorithms
have been proposed earlier to assist clusteringnud
series data streams. The clustering algorithms iend
effectiveness on various applications are compdaoed
develop a new method to solve the existing problem.
After standard pre-processing including parceltatiato
anatomical regions, each subject is modeled asta da
object which is represented by a multivariate tsaees.
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Each of the dimensions is a time series correspgnidi
the fMRI signal of a specific anatomical brain K@i

The volume of time series data generated by a
fiber monitoring system can be huge. This limite th
applicability of data mining algorithms to this pitem
domain. A widely used solution is to reduce theadste
through feature extraction. In existing system faté&on
K-means (IKM)®? simultaneously clusters the data and
discovers the relevant cluster specific interaction
patterns. The algorithm IKM is a general technidoe
clustering multivariate time series and not limitea
FMRI data. This may be associated with particular
regions or functions of the brain or rest of thevoes
system. This is not suitable for different regiarfsthe
time series.

So in proposed the Statistical Region Merging
(SRM) B algorithm is introduced and it isfocus
on image segmentation and region merging. Region-
based segmentation methods are powerful toolskat o
detection and recognition. These methods aim at
differentiating regions of interest (objects / bgiund).
Their objective is to divide the image into homogeuns
zones to separate the different entities in thegend his
is usually a first step in a more complex treatnadin
involving pattern recognition. For example in medic
imaging, segmentation is very important for
representation and visualization as well as for the
extraction of parameters and the analysis of images

Region based segmentation is a specific
approach in which one seeks to construct surfages b
combining neighboring pixels according to a criterof
homogeneity. The nature of the considered images an
the objective of the segmentation being multipherée is
no unique technique for image segmentation and
segmenting an image into meaningful regions remains
real challenge The algorithm is used to evaluate th
values within a regional time and group them togeth
based on the merging criteria, resulting in a saendibt
and more number of information is collected and
compared with the database and finally abnormaliy
be detected. In this paper we explain how abnotynali
detected in brain regions from FMRI data using SRM
algorithm.

Background Review
Imaging Techniques

To view activities or problems within the human
brain without invasive surgery we use scanning
techniques. CT(Computed Tomograph§! scan builds
up a picture of the brain based on the differential
absorption of X-rays but it reveal the gross fesguof
the brain but do not resolve its structure well.
EEG(Electro Encephalograph§) measure the electrical
activity of the brain by according to the electrsgéaced
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on the scalp but detecting changes in the brailoige on
mille-sec level only.MEG(Magneto encephalograpfiy)
measure the magnetic field produced by electrical
activity in the brain e.g. speed of thought. It swas
brain activity in 1/1000 of sec but it is more erpiwe.

ERP (Event related potential$} provides the
electrodes on the scalp measure voltage fluctuation
resulting from electrical activity in the brain. Bn ERP
patients undergone brain surgery or to localize ERP
sources is to place electrodes in the brain. SSdady
State probe Topograph{) measure steady state visually
evoked potentials and records at the rate of 18giper
second from 64 electrodes in a Iiﬁht weight skalp.c
PET (Positron Emission Tomograph$f)measures blood
flow by injecting people with radioactive water and
measure changes in radiation.

FMRI ¥ produce images at higher resolution
than PET. It involves rapid scanning of the brairsee
which area of brain becomes activated. It is highly
sensitive so small changes also detected and teultip
scans can be done on the same subject. By using
concentration level we can identify the abnormality
detection as Normal - 90%, Hypothermia — below 90%,
Organ Function Changes — below 80%.

Segmentation Techniques

Our aim in this paper is to propose a path and its
milestones from a novel model of image generatin.
large number of segmentation approaches have been
proposed. In this section, we just were going talyze
the suitable segmentation technique for brain regjio

Expectation Maximization (EM) is one of the
most common algorithms used for density estimatibn
data points in an unsupervised setting. The EMrélga
% is used to estimate the parameters of this makel;
resulting  pixel-cluster memberships provide a
segmentation of the image. According 18 the EM
algorithm has demonstrated greater sensitivity to
initialization than the K-Means or FCM algorithmighe
Markov Random Field (MRF}? models are used for the
restoration and segmentation of digital images.yTdan
make up for deficiencies in observed information by
adding a-priori knowledge to the image interpreftati
process in the form of models of spatial interactio
between neighboring pixels. Hence, the classificatf
a particular pixel is based, not only on the iniignef
that pixel, but also on the classification of ndigting
pixels. It has been used for brain image segmemntdty
modeling probabilistic distribution of the labelirgf a
voxel jointly with the consideration of the labed$ a
neighborhood of the voxel'®. Unsupervised region
merging ** provide a set of the most relevant region
based explanations of an image at different lewdls
analysis but the result is not so accurate. Wagersh
segmentation™ invariably produce over segmented
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images due to the presence of noise or local itaeijes
in the source image but it gives results only oa th
simulation results.

Statistical region merging (SRN algorithm
is used for image segmentation. This approach can be
efficiently approximated in linear space; leadingatfast
segmentation algorithm tailored to processing imsage
described using most common numerical pixel attelbu
spaces. The conceptual simplicity of the approaakes
it simple to modify and cope with hard noise cotioip.

In brain, there are four regions namely Frontal
lobe, Temporal lobe, Occipital lobe, Parietal lolse
shown in Figure 1

Fig 2.2 Brain Regions

While clustering first it takes time series from
all regions then it perform Data preprocessingtaljae-
processing is an important step in the data mining
process. Data pre-processing
includes cleaning, normalization, transformatiogattire
extraction and selection, etc.., .Grayscale images
distinct from one-bit bi-level or black-and-whitmages,
which in the context of computer imaging are images
with only the two colors, black, and white (alsdlea bi-
level or binary images). For Filtering in this pape®w
Pass filtet™® is used to filter the Gaussian noise in the
image. In smoothing, the data points of a signa ar
modified so individual points (presumably becaude o
noise) are reduced, and points that are lower than
adjacent points are increased leading to a smoother
signal. Next, feature extractidh’ in this feature points
are extracted from the image based upon the deaosity
the image in the regions.

In existing system Interaction K-means (IKM)
2 simultaneously clusters the data and discovers the
relevant cluster specific interaction patterns. sBrg
approaches to clustering multivariate time sefisdo
not consider interaction information. Most apprcaeh
rather extract features from each dimension andtetu
the resulting feature vector. To demonstrate thmt t
information on attribute interaction is valuabler fo
clustering multivariate time series, we compare K
feature-based approacH&®. As a baseline, we consider
classical K-Means clustering with Euclidean disegnc
which we term Naive in the following. The naive
algorithm considers the concatenated dimensionanof
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object as a feature vector. Similar to classicah&ans,
IKM is an iterative algorithm, which efficiently
converges towards a local minimum of the optimaati
space. This may be associated with particular regyar
functions of the braior rest of the nervous systeifrhis
is not suitable for different regions of the tineziss.

So in proposed the Statistical Region Merging
(SRM) B! algorithm is used for image segmentatiok
consider different model for different region omt
series. The algorithm is used to evaluate the galue
within a regional time and group them together Hase
the merging criteria, resulting in a smaller lisidamore
number of information is collected and comparedhwit
the database and finally abnormality is detected.

Proposed System

In this section, we introduc8tatistical Region
Merging (SRM)®! algorithmfocuses on region merging
techniques. It aims to propose a path and provide
extensions to miscellaneous problems related taggéma
segmentation. First, the key idea of this mod#b iseally
formulate image segmentation as an inference pmable
Second, the existence of a particular blend ofissitzg
and algorithm to process observed images genevated
this model, by region merging, with two statistical
properties. With high probability, the algorithmffeus
only one source of error for image segmentatiorerov
merging, that is, the fact that some observed regiay
contain more than one true region. In region nmeygi
regions are sets of pixels with homogeneous prigsert
and they are iteratively grown by combining smaller
regions or pixels, pixels being elementary regions.
Region merging techniques usually work with a
statistical test to decide the merging of regiohgjood
region merging algorithm has to find a good balance
between preserving this unit and the risk of overgmg
for the remaining regions. The algorithm has some
desirable features: It relies on a simple intececti
between a merging predicate easily implementalrid, a
an order in merging approximable in linear time.
Furthermore, it can be adapted to most numerieaufe
description spaces (RGB, HSV, etc.). Third, we fiev
a C-code implementation of this last algorithm, athis
a few hundred lines of C, and experiments on variou
benchmark images, as well as comparisons with other
algorithms.

Algorithm SRM

In image, there are N <2]|l| couples of adjacent
pixels. Let Sl be the set of these couples. Let ffj be a
real valued function, with p and’ pixels of I. Our
segmentation algorithm, SRM (Statistical Region
Merging) is simple. We first sort the couples of Sl
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increasing order of f (., ,.)Jand then traverse this orc
only once. We make for amyurrent couple of pix (p,
p) Sel for which R(P¥R(P) (where R(Pstands for the
current region to which p belongs) the tBéR(P),R(P),
and merge R(P)and RJPiff it returns true. After
merging two regions, a simple ordering based ofixr
sorting with color differences as the keys yield:
preordering time complexity O (|I| log(¢)hear in |I|-for
our basic implementations of SRMhe merging step
afterward are space/time computatioogtimal which
makes SRM also optimal from both standpoints.
execution time of our basic implementation of SF
which is not optimized, segments tlhegest images (51
x 512) in about one second on an Intel Peni1 1V 2.40
GHz processorThough running the algorithm does 1
require tuning its parameters, the control of disteal
complexity parameter makes it possible to adjust
segmentation scale in a simple manner.

Results and Discussion

Statistical Region Merging (SRM¥! algorithm
focuses on region merging techniquésims to propos
a path and provide extensions to miscellaneous|gmus
related to image segmentation. It considers diffe
model for different region of time Ser. It provides
extension to miscellaneous problems related to &
segmentation.The algorithm is used to evaluate
values within a regional timand group them togeth
based on the merging criteria, resulting in a sendibt
and more number of inforation is collected ai
compared with the database dirthlly abnormality car
be detected following fig 4.1 & 4.2 illustrate therk of
SRM algorithm.

Fig 4.1(a) Normal brain

Figl4b) Abnormal
brain

Conclusion

Cluster is defined as set of objects sharir
specific interaction pattern among the dimensi
Recently, restingtate fMRI has attracted considera
attention in the neuroscience community. Interact-
means (IKM) simultaneously Clusters the datead
discovers the relevant cluster specific interac
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patterns. The algorithm IKM is a general technidoe
clustering multivariate time series and not limi
Human motion stream data can also be extracted
video streams. In this application, it ms sense to
regard each movement as a data object. A cl
analysis of motion stream data potentially idees
clusters with similar movements, usually perforni®d
different persons.IKM clusters only the particutagion
or function of the brain or st of the nervous system. .
Statistical Region Merging algorithm is proposedl &r
considers different regions while clustering, itrfpems
image segmentation. It provides extension
miscellaneous problems related to image segment:
The algorithmis used to evaluate the values withil
regional timeand group them together based on
merging criteria, resulting in a smaller list amore
number of information is collected ¢ compared with
the database arfohally abnormality is detecte
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