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Abstract—The total efficiency of Magnetic Resonance Imaging (MRI) results in the need for human involvement in order to appropriately
detect information contained in the image. Currently, there has been a surge in interest in automated algorithms that can more precisely divide
medical image structures into substructures than prior attempts. Instant segregation of cerebral cortex width from MRI scanned images is
difficult due to noise, Intensity Non-Uniformity (INU), Partial Volume Effects (PVE), MRI's low resolution, and the very complicated
architecture of the cortical folds. In this paper, a Probabilistic Adaptive Cerebral Cortex Segmentation (PACCS) approach is proposed for
segmenting brain areas of T1 weighted MRI of human head images. Skull Stripping (SS), Brain Hemisphere Segmentation (BHS) and CCS are
the three primary processes in the suggested technique. In step 1, Non-Brain Cells (NBC) is eliminated by a Contour-Based Two-Stage Brain
Extraction Method (CTS-BEM). Step 2 details a basic BHS technique for Curve Fitting (CF) detection in MRI human head images. The left
and right hemispheres are divided using the discovered Mid-Sagittal Plane (MSP). At last, to enhance a probabilistic CCS structure with
adjustments such as prior facts change to remove segmentation bias; the creation of express direct extent training; and a segmentation version
based on a regionally various Gaussian Mixture Model- Hidden Markov Random Field — Expectation Maximization (GMM-HMRF-EM). The
underlying partial extent categorization and its interplay with found image intensities are represented as a spatially correlated HMRF within the
GMM-HMRF-EM method. The proposed GMM-HMRF method estimates HMRF parameters using the EM technique. Finally, the outcomes
of segmentation are evaluated in terms of precision, recall, specificity, Jaccard Similarity (JS), and Dice Similarity (DS). The proposed method
works better and more consistently than the present locally Varying MRF (LV-MRF), according to the experimental findings obtained by using
the suggested GMM-HMRF-EM methodology to 18 individuals' brain images.

Keywords- MRI, HMRF, Mid-Sagittal Plane (MSP), GMM, Partial Volume Effect (PVE).

I. INTRODUCTION

Brain ailment has emerged as one of the maximum extreme
risks to human fitness in latest years, making it essential to
properly appoint medical exam and quantitative evaluation for
the identification of brain disorders. A wide range of brain
imaging modalities has been developed, with MRI being the
most widely used due to its improved assessment of several brain
tissues. Many MRI-based studies, such as statistical tissue extent
evaluation, taint and lesion identification, and surgical planning,
need segmenting the imaging brain volume into mass categories
like Grey Matter (GM), White Matter (WM), and Cerebro-
Spinal Fluid (CSF). Procedures for segregating brain MR images
into GM, WM, and CSF have gotten a lot of attention as an
outcome [1].
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The MRI machine creates 3D volumetric records stated as a
stack of 2D slices, and computer-assisted tools are required to
discover the information provided in the brain layer several brain
image functions such as volumetric examining, detection,
preparing for surgical intervention, creation of anatomical
fashions, 3-D visualization and inducement brain ailments like
multiple sclerosis. Methods based on morphological procedures,
edge detection, fuzzy c-means, and probabilistic models have
been used to segment the brain into its many tissue types. Several
image segmentation techniques use the EM algorithm to fit
stochastic nonlinear process. These image segmentation
methods based on EM were found to be among the most accurate
and robust. Each class is represented as a normal distribution
with exponential translation to make the skew column
cumulative, and INU is expected to be provided for by a
Gaussian distributed bias field model [3]. To create and locally
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limit the segmentation, a spatial consistency model using an
MREF, explicit description of the INU using radial basis function,
and few previous expertise of brain anatomy were used. Because
of problems such as INU, PVE, Noise, Image aberrations, poor
resolution, and a considerable degree of natural fluctuation, the
local intensity difference shows that the neighborhood intensity
variation is inadequate to give an accurate segmentation of
optimal networks [4].

Image segmentation, surface reconstruction, and depth
inference are among problems that MRFs have been used to
tackle. Much of its efficiency may be attributed to advanced
algorithms like Iterated Conditional Configurations, as well as
its consideration of "data fidelity" and "model smoothness." A
voxel in an MRI may ‘contain' a single kind of tissue or a mixture
of other types, according to the PVE. Because of the limited
spatial resolution of MRI, the PVE should only appear at tissue
class borders and have a maximum effect width of 1 or 2 voxels
across the boundaries. This is because the imaging technique
uses a diffuse point spread function, which effectively blends the
intensity of each voxel with that of many of its surroundings.
When the blurring effect is combined with the PVE at tissue
boundaries, the mixing effect of intensities from diverse tissue
types appears in a greater region of the image, based on the
strength and imaging quality. To overcome this constraint, many
techniques have been devised that include spatial information
into the segmentation process, resulting in spatially coherent and
noise-resistant results [5].

In contrast to the tissue segmentation challenge, the PVE
classification problem assigns a continuous vector to each voxel,
whereas the latter provides a discrete label to each voxel. Apart
than that, these two concerns are nearly identical. The HMRF
model that results is equally applicable to the PVE classification
problem, with the exception that the hidden random field is a set
of continuous matrices rather than discrete labels. If the data is
multi-spectral for homogeneity, the model will be equally valid
for single-spectral data with slight changes to the Gaussian's
functional form. Because spatial correlation can be effectively
described in a parametric form using the HMRF [6], the GMM
combined with the HMRF has attracted a lot of interest.

Over the last few years, various GMM-based methods for
brain MR segmentation have received a lot of attention. Because
the brain tissue density distribution may be properly estimated
by a Gaussian distribution and the difference between distinct
tissue classes is considerable, GMM provides a feasible
probabilistic model for explaining the image intensities of
different tissue classes. Furthermore, because GMM is a well-
known model, implementing it using the EM technique is
computationally simple, and it has therefore been frequently
employed in Brain MR Image Segmentation (B-MRI-Se).
Because the GMM is an image histogram-based model, it
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ignores the spatial relationship between nearby pixels, making it
particularly susceptible to noise [7].

In this article, a standard GMM model merged with HMRF
is developed by integrating the spatial correlation between
neighbour pixels using a basic patch metric with the parameters
optimized using the EM approach. Validate the proposed
strategy by synthetic and real-world information and match it to
alternative approaches, SS was the first approach for segmenting
the brain from the skull and NBC intracranial structures in brain
image analysis. It's made to deal with huge variances in brain
shape and size, as well as the challenges that come with head
MRI and the near proximity of brain tissues to NBC. The MSP
is then detected in MRI human head images using the CF
technique. Based on the discovered MSP, the Left Hemispheres
(LH) and Right Hemispheres (RH) are divided. Finally, the
automatic segmentation of the CCS in MRI images is performed
using the GMM-HMRF-EM model. According to the GMM-
HMRF-EM model, the energy matrix enhances the spatial
features of the segmentation while decreasing the PV layer
thickness, bringing it closer to the theoretical anatomical limit.

The following part is segmented as Briefly summaries
related subject investigations in Section 2. In Section 3, the
explanation about the proposed method. In Section 4, the
suggested technique's performance is assessed using
experimental data and compared to that of other comparable
segmentation algorithms. A review of potential research
directions closes Section 5.

Il. LITRATURE SURVEY

Otsu, Bitplane, and the Adaptive Fast Marching Method
(FMM) [8] suggested for automated brain, scalp, and skull
segegrtaed from MRI. Three primary processes were designed
in the research are (1) Preprocessing, (2) Segmentation, And (3)
Classification. In the first Otsu technique, the brain structure
determines a kind of each slice, and the head area is segregated
by removing its backdrop. Then, the Bitplane method is used to
divide the certain and doubtful regions. Ultimately, it suggests a
categorization strategy based on the Adaptive FMM. This
method is examined and compared to other approaches using the
BrainWeb and Neurodevelopmental MRI datasets. On
BrainWeb and Neuro-developmental MRI databases, the Dice
Averages for brain, scalp, and skull segmentation have been
enhanced.

A GM and WM thinning method for MRI head segmentation
[9]. The model provides a novel segmentation method for
obtaining exact cranial tissue layer thicknesses necessary for
Diffuse Optical Tomography (DOT) data processing. Following
the traditional Freesurfer GM and WM segmentation, the scalp
was segregated as the initial stage in the algorithm. The lowering
process involves regularly removing the outermost layer of
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voxels until the desired amount of lowering stages is obtained.
Finally, the iso2mesh toolbox's surface smoothing
(Smoothbinvol) and 3-D volume filling (fillholes3d) approaches
were used. The Root Mean Square (RMS) scalp thickness error
is 1.60 mm, the skull thickness error is 1.96 mm, and the
summed scalp and skull thickness fault is 1.49 mm with the
suggested approach. Then, a segmentation measuring scale was
used to assess the precision of tissue layer thicknesses in skull
area where optodes are frequently inserted. The segmentation
approach and assessment measure provided were assigned for
increasing the detection rate of multimodal neuroimaging with
DOT and coupled electroencephalography.

To developed an improved Convolutional Neural Network
(CNN) U-net and Gaussian-Dirichlet Mixture Model (GMMD-
U) for B-MRI-Se [10]. In this model, the possibility function is
stated by following the Dirichlet distribution in which GMMD-
U takes highly coarse connections into account. A modified U-
net was utilised to address misclassification zones formed by
GMMD or standard techniques, and GMMD employs in
harvesting the brain tissue with a different intensity zone. The
presented GMMD-U is designed to employ deep neural
networks with statistical prototype segmentation algorithms.
The proposed framework's performance on a publicly available
brain MRI dataset is compared to the performance of other
conventional algorithms, and the results suggest that the
suggested scheme can consistently recognise brain tissue from
MRIs. The segmentation method and evaluation measure shown
here are tools for improving average Dice ratings. This
framework might be effective in segmenting the brain tissue, so
it could aid surgeons in diagnosing brain diseases.

To established a GMM and EM for brain MRI segmentation
[11]. In the realm of medical image analysis, the B-MRI-Se into
GM, WM, and CSF has gotten a lot of attention. The spatial
relationship across pixels is neglected by the GMM since it is a
histogram-based model, making it prone to noise. As a result, a
new framework for adding spatial information into classic
GMMs was created, in which each pixel is given its own prior
depending on its neighbourhood features. The parameters of the
recommended technique are calculated using EM. As simulated
and clinical test MR images, the open datasets Brain-Web and
Internet Brain Segmentation Repository (IBSR) is utilised,
respectively. An overlap between segmentation results and
ground-truth for each class is calculated using the segmentation
accuracy ratio and the JS coefficient. On both synthetic and
actual B-MRI-Sg, the technique is shown to be effective in the
segmentation problem.

Using K-means and GMM-EM to classify MRI
abnormalities [12]. A lesion region may be automatically
separated from the MRI scan images by utilizing both K-means
and GMM-EM methods. The planned efforts are listed as
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follows: Preprocessing, feature extraction, and segmentation are
all steps in the process. Initially, preprocessing procedures such
as spatial normalisation, filtering, and smoothing were used to
confirm that distinct images were in the same space. Images
were magnitude based on the RMS throughout all participants to
ensure that properties remained steady. The characteristics were
then retrieved and normalised. To differentiate the tumor from
other brain portion, K-means and GMM-EM were used. The
evaluation characteristics of the algorithms were computed, and
no significant differences between K-means and GMM-EM
were discovered. Furthermore, the size of the lesion has minimal
influence on the sensitivity and accuracy of any method.

In [13] created a CNN for B-MRI-Se automatically. MR
brain images were automatically partitioned into a range of
tissue categories using a CNN. To guarantee that the technique
delivers correct segmental details as well as spatial constancy,
the system receives inter-data for each voxel utilizing a variety
of patch lengths and multiple convolution kernel values. The
method relies on training data rather than explicit characteristics
to learn to recognise the information that is critical for
classification. The method just needs a single anatomical MR
scan image. Five separate datasets were subjected to the
segregation method. For each data set, the approach calculated
the total DS for all segregated tissue classifications. The datasets
used were NeoBrainS12 and MRBrainS13. Assessment
measures such as the DS and the RMS are some of the examples.

A histogram technique and an adaptive region expansion
method developed for segmenting 3D MRI images of the skull,
scalp, and brain [14]. This model was developed for doctors use
automated segmentation of 3D MRI images of the skull, scalp,
and brain to help in the diagnosis of a range infections and
traumas. Three post-processing adjustments were offered [15]: a
one-of-a-kind alteration of the prior knowledge to eliminate
segmentation bias; explicit partial volume classes; and an LV-
MRF-based framework for sulci and gyri augmentation.
Experiments using an advanced digital phantom, BrainWeb
data, and data from the Alzheimer's Disease Neuroimaging
Initiative (ADNI) show statistical significant progress in Dice
scores and PV assessment, as well as enhanced width forecasting
conformity, when compared to three well-established
techniques.

I1l. PROPOSED METHODOLOGY

Due to variances in structure and volume, distortion, INU,
PVE, MRI's limited resolution, with an exceeding architecture
of the gyrifications, instant segmentation of cerebral cortex
thickness from MRI images is difficult. In this research, an
automated brain segmentation approach based on the cerebral
cortex is presented for segmenting brain areas from axial and
coronal MRI of human head scans. SS, BHS and CCS are the
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three primary processes in the suggested technique. Further, in
Step 1 involves removing NBC with a CTS-BEM. In step 2, a
basic BHS approach is used to identify CF in MRI human head
images. Based on the identified MSP, the LH and RH are
segregated. Finally, add improvements to a probabilistic CCS
framework such prior data modification to reduce segmentation
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bias, specified PVE and a GMM-HMRF-EM based
segmentation model that varies locally. The suggested GMM-
HMRF-EM algorithm's energy matrix enhances the
segmentation's topological properties and decreases the PV layer
thickness, bringing it closer to the theoretical anatomical limit.
Fig. 1 shows proposed architecture of GMM-HMRF-EM.
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Figure 1. Proposed architecture of cerebral cortex segmentation

A Skull stripping (SS)

A recent work [16] used a significant image quality
enrichment approach based on a gamma adjustment developed
using a classic research to increase the intensity of the brain
image. The ideal gamma value to alter an image's overall
intensity is determined using this gamma correction method. The
disparity-improved images are then turned to binary images by
the image down-sampling utilising square wave interpretation
(SWI) [17]. As a consequence, the input brain lobes is pre-
processed for quality enrichment and pattern classification at
each step of this proposed technique.

Phase 1: Brain Extraction from Middle Slices

The brain region in the centre slice of an MRI head image
exists as a specific Largest Linked Component (LCC). It makes
capturing the Brain Mask (BM) of the principal layer in the brain
capacity descriptive. It may be used to acquire cerebral segments
from another after determining the BM for the centre slice.
Image toning, morphological approaches, crude brain choosing,
and fine brain border demarcation utilising a contour
methodology are all part of the "brain extraction from centre
slices" process.

For examination, the primary segment of the brain function
is obtained. The LCC is a cerebral area that may be located in
the brain capacity's inner regions. As a consequence, all of the
CCs in gg are labelled as the corrode images g5 using a run-
length encoding technique to determine the LCC. This leads in
labelling method in which all linked areas in g5 will be allocated
a unique label. The specified g is dilated with O3 to fix the
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brain cells discarded in the erosion method. This approach
utilizes a Structuring Element (SE) of dimension O3 for
structural degradation and elongation operations.

There might be some huge gaps in the g,. To create the
holed-filled image gyp, the huge holes in g;, are filled via a
hole-filling method. gy, is dilatable with O3 to generate the
Rough Brain Mask grgm, as illustrated in Eqn. (1). Because it is
often impossible to recover the original form of objects that have
been dilated with SEs of equal or smaller size, the Rough Brain
Mask (RBM) is calculated using Eqn. (1)

Irem = Gup D03 1)

where @ is a dilation operator used to sum up the pixels to
the object edges of an image. Eqn (2) selects the RB region using

the grpm

Orp = {f(x' ) ingRBM(x' y)=1 )
else

Smoothing is necessary before using the brain boundary
detection by contouring approach to decrease noise and suppress
spurious edges around the brain borders. By eliminating
undesirable NBC pixels, the smoothing enhances the brain
border while reducing the number of internal transects within the
brain margin. A circular mean filtering with radius r is used to
filter the information within a matrix form with edges having 2*
r+1.

After recognising all of the CCs in an image, the area
labelling procedure assigns each CC a unique label. The first
CC's pixel is designated 1, the second's is labelled 2, etc. CCs
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will be intersected with grg,, Using Eqn. (3) can be recognised
to create the coarse BM of the residual portions.

CCNGyc+® (3)

The CC s will either slightly or totally intersect with marker
circle gy are decided as brain areas, while the others are
omitted.

This algorithm proceeds above and down in the brain
segment to capture the cerebral areas in the lower and higher
levels after detecting the brain area in the centre slice. Next to
the BM, the g, RBM is constructed. Equation (4) is then used
to compute the Percentage of Overlap (PO) between the present
9uc and BM. A higher proportion of PO indicates that the
IJrem 1S comparable to the preceding neighbouring BM in form
and is not related to NBC. If the brain slices have weak margins,
the grgy May contain numerous interconnected non brain areas,
resulting in a lower PO score. The morphological degradation
procedure is used to separate these related NBC. Owing to the
presence of fragile borders between the brain and NBC, the
deterioration process frequently fails to separate the linked areas.

For those slices, the preceding BM is utilised as gggy - The
IJreum 1S then elongated by O (3) to restore brain pixels rejected
in the degradation process, or the current rough BM may be
somewhat larger than the previous BM if ggg,, IS created using
the prior BM.

PO(grpu, BM) = ZWBEMOEM 10 @)

T(grBM)

The maximum quantity of pixels in image X is T(X). ggp IS
chosen using Eqn. (2) after getting the ggrgy - It's smoothed out
even further to create a Soft Rough Brain image gsgg. The Fine
Brain Boundary image gggg is drawn by outlining contour lines
on gz by the contour approach. The CCs in the Holes Filled
brain boundary image gupgg that overlaps with g, are
retrieved from the fine BM gpgy oOnce the holes in the gpgp
have been populated. By propagating one slice at a time from the
centre slice to the lower slices, then from the lower slices to the
middle slices, this method generates the BM for all portions. The
brain segmentation findings of a 3D brain capacity are
constructed after reviewing all of the 2D slices.

B. Brain Hemisphere Segmentation (BHS)

The inter-hemispheric edge is a circular-plane rather than a
vertical column, because the brain will not perfectly symmetric.
As a result, the curved MSP must be discovered in order to
divide the LH, RH, Left Cerebral Hemispheres (LCH) and
Right Cerebral Hemispheres (RCH) for brain asymmetry
examinations.

Curve Points Selection (CPS): The CP is readily
recognised when the neocortex is recovered from the source B-
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MR utilising the MSP area, which divides the human brain into
two CH. The MSP region is identified as a Region of Interest
(ROI) and placed in the image's centre to choose curve nodes
using this technique.

The identified ROI is transformed to binary code for CF
using the technique of sample binarization employing a SWI
described in recent work [17], because binary images are
simpler to read than image pixels. After the pixels in the frame
have been transformed to binary code, the dark/dark grey pixels
in the SE are changed to black pixels, and these black pixels in
the ROI are identified as CP.

When there is no black pixel in the binary representation of
the selected ROI, the suggested approach employs three points
(Begin, centre, and finish points) for curve fitting. The MSP is
determined by fitting the appropriate CP with an Il order
polynomial CF method.

Curve Fitting (CF): A procedure to create a curve that
matches a group of samples as closely as possible. The
polynomial least squares method is the most prevalent strategy.
It is a mathematical approach for determining which
polynomial equations' coefficients best suit a collection of
(x,y) statistics. Generic class of a quadric of degree j will be
represented by Equation (5).

y=ag+ax +ax® + . +axt =ag + X a xk (5)

. The N — th order quadrilateral that better matches N + 1
data samples, for example.

Where a0,...,ak are correlations, x and j is a sample and
polynomial stage respectively. In a polynomial variable, the
reliant component y is written as a polynomial in the non-
reliable variable x. The dependent element y is represented as
a quadratic in the non-reliable variable x in a quadratic integer.
The variables a0, ..., ak may be used to forecast the results of
y for each x of the optimal size, suggesting that there should be
as minimal difference as possible between real y values and the
quadratic equation's anticipated y properties. Moreover, the
exponential phase should always be smaller than the number of
instances for best matching.

As a consequences, the N —th order polynomial should
best matches the N + 1 data samples. The 1st order quadratic
fits any two endpoints on a straight line with different x
coordinates (degree N=1, number of sample 2), whereas the Il
order polynomial covers a curve with at least 3 parameters
(degree N=1, number of sample 2). When the number of
samples is smaller than N+1, it is predicted that the result will
be infinite.
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A CF method that identifies three samples from the CPS
stage is detailed, with a Il order polynomial being particularly
well choice for CF. It's written as an Eqn. (6)

Vi = Ao + a;x; + ayx? (6)

The data samples are x; and y; and the number of CP is =

1,...,n . Solving the following matrix form yields the
constants a,, a,and a, toa Il order polynomial degree.
n Yx Xxf Ao XY
Yx, Yx? Yxl [‘11] = | XXy ()
Yx?r YxP Yaxtf 1% Y xty;

No. of. CP is denoted by n, and the sum of all x values is
denoted by Y x in the preceding Eqn. (7). The addiction of sum
of all x and y values is denoted by Y xy , and so on. The derived
coefficients a 0,a 1,and a (2) are changed in equation to
anticipate the values of y; for each x; (7). Fitting the curve with
the CP x; and projected y; parameters yields the MSP.

C. Cerebral Cortex Segmentation (CCS)

The PACCS framework is presented in this section by
altering prior data modification to eliminate the segregation
biases, an emergence of explicit and a model by using a locally
variable GMM-HMRF-EM model.

Stage 1: Prior Probability Relaxation

The EM approach is widely recognised for convergent
to local maxima. The consistent certainty forces the EM process
to a logical solution in the ML approach, rendering it highly
susceptible to distortion and INU. Earlier directed ML
approaches, on the other hand, may result in an inaccurate
solution in areas with significant anatomical diversity, since the
prior probability for the predicted class may be too close to 0
for the EM to converge to the desired result. It can also slant
segmentation in the template's favour, potentially hiding
anatomical differences. Suggestions for modifying the prior
probability at each convergence of the EM algorithm should be
anatomically consistent. The prototype parameters @, grow

closer to the actual answer as the EM method accumulates.
Stage 2: Explicit PV Modelling

It's a typical assumption in PV segmentation that when two
tissues mix in a voxel, all mixing proportions are equally
possible. PV probability is a collection of mixed Gaussians in
the centre of the two clear categories that represents all
conceivable tissue fractions within a voxel. The density of all
four PV Gaussian classes may be matched by a single Gaussian
with a moderate risk (one for D'Agostino-Pearson normality
test) in brain imaging and for the signal-to-noise ratio and
contrast-to-noise ratio values of current Devices.
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The prior certainity, RMS, and deviation for the 8 classes
model are termed by the letters m;;, 1 and o, respectively,
with the superscript * indicating that they belong to the 8 class
model. For two mixed classes, the beginning mean, standard
deviation, and priors must be calculated from the data, while the
six pure classes retain their original values. Under the
presumption of Gaussian distributed classes on log-transformed
information, the preliminary combined class Gaussian
specifications can be simulated by a mixel scattering, with mean
equivalent to the arithmetic weighted aggregate of its
composing class factors weighted by each group's mean
fractional information.

Thus,

u'=1% uj+(1—F£)uk (8)

J
k

The average Fractional Content (FC) for classes j and k is
1"% for all voxels with FC € [0,1] where FC = ﬁ and y; =
yi — Zjcd; (x;) is the image sensitivity corrected for INU.
Finding the mean mixing vector t = [a, 1 — a] in the model
and using it as a weighting factor for all PV containing voxels
is comparable to this. Using the same mixel model, the starting
value of the mixed class deviation is determined. If the mixed
class variance is just reliant on his constituent courses, the

original estimate is as follows:

* 2
(o7) =rpo +(1-1y) o ©

k k k

The segmentation robustness is hampered by Gaussians that
must be incorporated into the PV model because no prior is
available for the PV site. The presented technique solves this
problem by integrating data from the six-class model with
patient-specific geographical atlases to create an ad hoc mixed-
class prior. In instances, the combined groups is obtained from
the normalized geometric mean of its component tissue
probabilities p;; and p;; consistent across all labels due to the

multiplicative character of the probability.

«  _ PPk 1
ﬂi(i)_ 05 I (10)

With I7; is a Normalization variable across overall labels (see
Fig. 2). Inthe labels, use m;, = % With a value of 1 for p;;, =
pij = 0.5 and 0 for either py or p;;, the normalised arithmetic
mean reflects how close p;, and p;; are to having equal

proportions in each constituent tissues. Keep in mind, however,

that ”i(l) is merely a geometrical conversion needed to
k

construct priors for the mixed class, not a measurement of PV
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quantity. To begin a new step of the EM operation, type p;, =
k-

In the EM method, the value of X = is identified to reduce the
maximum posterior energy.

X* = argmin{ |U(Y|X, 0) + UX)} 1)

Xex
When Y and @ are given, the probability energy (also known
as unitary potential) is calculated.

Yi—px;

UEIXO) = S U 1%0) = LY o) (12)

The prior energy function is U(X) (also known as pairwise
potential).

U(X) = ZCEC VC(X) (13)

The clique potential is represented by V. (X), while the set of all
possible cliques is represented by C. Assume that in the image
domain, each pixel has no more than four neighbours: the pixels
in its four-neighborhood. On pairs of neighbouring pixels, the
clique potential is defined as follows:

V(i x7) = (L), (14)
Where

0 ifxi * Xj
xi,xl- {

The constant coefficient 1/2 in Eq. (14) can be substituted with
a variable coefficient.

To solve (1), an iterative algorithm is devised:

To begin, have a starting estimate X, which can come from
the EM algorithm's prior loop.

1. Conditionally, X forall1 < i < N, find

xi " = argmin{U(Y 1) + Zjew, Ve (b5} (16)
2. Step 2 should be repeated until U(Y|X,0) + U(X)
stops changing or a maximum k is reached.

Consider that each individual region's intensity distribution
follows a Gaussian distribution with parameters 6, =
(,uxi,axi) However, this is a very strong hypothesis that is
insufficient to represent the intricacy of real-life intensity
distributions, particularly for items having multimodal
representations In contrast to a single Gaussian distribution, and
the GMM is far more powerful for modelling complicated
distributions [18]. Parameters can be used to represent a GMM
with g components:
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0, = {(Ml' 1,011, wl,g)} 17
Here, the GMM now has a weighted probability
Gmix (Z; 9[) = Zf=1 W G(Z5 Hic,01,c). (18)

The EM-M-step algorithm's now becomes a GMM fitting issue,
as stated in Section 2. The GMM fitting problem can
alternatively be solved using an EM algorithm. In the E-step,
determine which Gaussian component the data belongs to; in
the M-step, recompute the GMM parameters. To increase the
accuracy of the classification scheme even more, utilise the EM
technique to estimate the included model parameters throughout
the iteration, which is often employed to tackle the 'incomplete-
data’ problem. EM estimates converge locally to ML estimates
under certain acceptable circumstances. The essential
parameters for the HMRF- PVE model are really the mean
vector and covariance matrix of each main tissue type I, type ¢
, that 6, = {, Yy}, To utilise the EM approach, first estimate
the missing information z given the current estimate, then use it
to generate the whole data set y, z; finally, predict the new by
maximising the complete-data log probability expectation.

The formalised EM algorithm is as follows:

Begin with the initial estimate 6

Calculate a conditional expectation in the E-step as follows:
(6|6©®) = e[log P(y,z|0)|y, 0] (19)
The M-step increase Q(0]6®) to determine the next estimate
U+ = argmax Q(816M). (20)

Again, Repeat from E-step, Let §¢+D — g®©®

When the EM method is used to the PVE HMRF model, the Q-
function may be calculated as follows:

Q = &{log[P(y1z,0)P(z|0)]ly; 6}
= ¢{[log P(y|z,6) + log P(z|0)]|y; 6®}

= &{[icslog P(Yilz;, 0) + log P(2)]]y; 6© (21)

= £{Zieslog P, |7, 0)]y: 0} + €
- Z f log P(Y, 17, 0)P(Z]y; 6®) + ¢
ies Jz;

From Equation (21), it is difficult to compute or optimise with
regard to since it requires an integration over all possible z, . As
a result, a simplified approach is taken in which we use the
partial volume proportion of tissue type ¢ at each voxel | to
approximate the posterior probability of this voxel discretely
being classified as that tissue x; = £ given its neighbouring

locations x;, and intensity ﬂ; ;thatis, V2 e L
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P(x; = {)@7 le-) = Zie (22)

Apply the EM technique for discrete image segmentation to
estimate the parameters using this approximation. To put it
another way, use an estimated Q-function;

0 = Yies Yy, l0g P(Yl x:|y;09) + C, (23)

x; is the class label for pixel i and h is the collection of all
possible labels. Mathematically

P09 )P (xy)

P(y) (24)

P(xly; 0©) =

Given all of the requirements and assumptions, this is a
costly calculation. As a result, to make the computation
possible, make the following approximation:

P(xiy; 6©) = P(xi|3;, x; 0©), (25)

This is just the posterior probability of x; based on its
neighbours x,, andy; . Such an estimate is valid since the
impact of the complete image's values on the label of the present
pixel is conveyed through the influence of its particular level
and the labelling setup of its neighbours.

For simplicity, it can be
as P(x; = €[y, xy,; 09) as POL[3;).

phrased

P(x;|y; 6®) in Equation (26) has been replaced with the
aforementioned approximation, and the approximation has been
used.

Q0 = TiesTier PO €1714,6) + C
= Yies Dier =P (£1y) 3 loglel + (3 — 1) w7 (U, —
te) +C'1+C, (26)

IV. RESULTS AND DISCUSSION

In this paper, a segmentation approach is devised for the
cerebral cortex that is particularly suited for it. This section
evaluates the segmentation's ability to estimate cortical thickness
directly on real data. The proposed and current segmentation
techniques were evaluated using T1weighted brain images from
the dataset. NBC are eliminated from the input brain slices
during the preprocessing step, and then CF is utilized to perform
hemisphere segmentation. The Precision, Recall, Specificity, JS,
and DS scores were created for quantitative analysis because this
dataset is the only one with hand-stripped distinction of brain
lobes. The segmentation techniques are implemented in
MATLAB.

A. Research Database

18 section of T1- density image was collected using the IBSR
of the Centre for Morphometric Analysis (CMA) at the General
Hospital Corporation (available online at
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http://www.cma.mgh.harvard.edu/ibsr/). 128 two-dimensional
consecutive coronal sections at 256 * 256 pixel width and a 1.5
mm slice girth are included in each volume. These MRI scanned
images come from people of all ages, including children and the
elderly. The IBSR also records how trained specialists manually
separate (actual truth or gold grade) BM and identify brain areas.
This dataset included images with poor contrast in several
volumes. Torsten Rohlfing [21] has released these Images into
the public domain. There are two distinct formats for the Images.
Include data in CMA format (ID *.img) and Analyze format
(ID ana.img). CMA image files come with an ASClI-readable
'description file' (ID. info) that comprises information like data
dimensionality, size, spatial resolutions, orientation, and so
forth. This information should enough for Image data display.
For segmentation files, the 'Native CMA' (ID =.otl) outline
format and a full volume in analysis format are also available.

The CMA .otl format is covered in depth further down. In the
filled analysis formats, the fill code specifies how many
structures were segregated. The shift from code to structure is
covered in another appendix below. In addition, the
segmentations are given in "trinary" format. In Analyze format
files, the voxel value has been transformed from code-to-
structure codes into the essential tissue types: background, CSF,
GM, and WM. The codes are translated to the integers 0, 1, 2,
and 3 as stated in the file tr_CMA_to_3.

B. Experimental Analysis

The JS, DS, Precision, Recall, and Specificity between the
input and the segregated Image are computed to evaluate the
performance of the suggested technique. Equation [19-20] is
used to compute the JS index (27).

_ 151nS,|
J(81,82) = 120 27)
Equation (28) gives the DS

_ 2|$1nS;|
RE [S1]+1S21 (28)

where S, is the aggregate No. of. Image pixels obtained
using the recommended method, and S, is the aggregate No. of.
Image pixels obtained using intensity data (gold standard). The
categorization of the suggested segmentation technique is based
on the accuracy, recall, and specificity of the segmentation
findings.

Precision is termed as a percentage of correctly categorised
positive samples. This metric's estimation may be expressed as
an equation (29),

TP
FP+TP

Precision = (29)
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The term recall refers to the positive samples that have been
assigned to the total number of positive samples, which may be
calculated using the equation below (30),

TN
FP+TN

Specificity = (30)

Where, TP and FP stand for True Positive and False Positive,
respectively, and it is known as the number of voxels categorized
as brain tissue properly and wrongly using the suggested
method. True negative and false negative refer to the voxels
range properly with wrongly categorized as NBC by the
indicated approach.
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Figure 3. Results of LV-MRF MRF BASED CC segmentation in T1 weighted
images ( Axial class)

Fig. 3 depicts the findings of axial images in relation to four
IBSR images. The input image is shown in the 1% row, the skull
stripped images are shown in the 2™ row, and the BHS
segmentation is shown in the 3™ row with regard to both side
images. The 4™ and 5" rows, respectively, exhibit the segregated
results of CCS with LV-MRF for left and right side Images. In
the 6™ and 7" rows, the segmentation results of CCS with LV-
MRF for overlay left side and overlay right side Images are
displayed, respectively.
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Figure 5. Results of GMM-HMRF-EM based CC segmentation in T1 weighted
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Fig. 4 shows the results of coronal images compared to four
IBSR images. With reference to both side images, the input
image is presented in the 1% row, the skull stripped images are
shown in the 2™ row, and the BHS segmentation is shown in the
3 row. The 4™ and 5™ rows, respectively, exhibit the segregated
results of CCS with LV-MREF for left and right side Images. In
the 6™ and 7" rows, the segmentation results of CCS with LV-
MRF for overlay left side and overlay right side images are
displayed, respectively.

The findings of axial images in connection to four IBSR
images are depicted in Fig. 5. With reference to both side images,
the input image is presented in the 1% row, the skull stripped
images are shown in the 2" row, and the BHS segmentation is
shown in the 3 row. The 4rd and 5 rows demonstrate the
segmentation results of CCS utilizing GMM-HMRF-EM for the
left and right side images, respectively. The 6™ and 7™ rows,
respectively, exhibit the segmentation results of CCS with
GMM-HMRF-EM for overlay left side and overlay right side
images.

The findings of coronal Images are shown in Fig. 6 in
contrast to four IBSR images. With reference to both side
images, the input image is presented in the 1% row, the SS images
are shown in the 2" row, and the BHS segmentation is shown in
the 3 row. The 4" and 5" rows demonstrate the segmentation
results of CCS utilizing GMM-HMRF-EM for the left and right
side Images, respectively. The sixth and seventh rows,
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respectively, exhibit the segmentation results of CCS with
GMM-HMRF-EM for overlay left side and overlay right side
images. The values for the segmentation techniques were
computed independently for different volumes such as Coronal
Left Side, Coronal Right Side, Axial Left Side, and Axial Right
Side, as shown in Table 1. Statistical Parametric Mapping 8
(SPM8) [22], Free Surfer [23], and LV-MRF are used to
compare the findings.

Table 1. JS, DS, Precision, Recall, Specificity measures by the proposed
segmentation and existing segmentation for dataset

Algorit | Volu Precisi | Recall Specific | JS DS
hm me on ity

Coron
al Left | 0.6040 | 0.4558 | 0.97092 | 0.4196 | 0.4833
side 58 94 0 44 44
Coron
al

w Right 0.6089 0.4567 0.97110 0.4224 0.4829

sz side 18 26 4 92 80

> Axial
Left 0.5823 | 0.3964 | 0.96216 | 0.4024 | 0.4111
Side 98 99 1 96 92
Axial
Right | 0.5961 | 0.3707 | 0.96509 | 0.4067 | 0.4046
Side 00 49 4 33 37
Coron
al Left | 0.6055 | 0.5773 | 0.97654 | 0.5596 | 0.5124
side 80 60 0 44 36
Coron
al
Right | 0.6098 | 0.5754 | 0.97723 | 0.5656 | 0.5236

°§° side 50 50 0 48 64

o

@ Axial
Left 0.6123 | 0.5814 | 0.97422 | 0.5496 | 0.5852
Side 30 36 1 24 66
Axial
Right | 0.7135 | 0.6537 | 0.97961 | 0.5544 | 0.5366
Side 58 36 1 63 44
Coron
al Left | 0.6123 | 0.8657 | 0.97956 | 0.6023 | 0.6956
side 36 90 6 30 07
Coron

o al

i Right | 0.6065 | 0.7066 | 0.97956 | 0.5765 | 0.6353

x side | 65 60 5 65 21

(%]

m Axial

E Left 0.7533 | 0.6765 | 0.98012 | 0.5970 | 0.5966
Side 42 93 0 50 53
Axial
Right | 0.7545 | 0.7286 | 0.98654 | 0.5866 | 0.5866
Side 30 60 2 62 51
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Coron
al Left | 0.6330 | 0.9311 | 0.98925 | 0.6327 | 0.7401
side 33 33 4 93 87
Coron
E al
w Right 0.6672 0.9590 | 0.99055 0.6009 | 0.7060
% side 73 80 5 46 59
T -
2‘ Axial
S Left 0.8366 | 0.7381 | 0.98825 | 0.6743 | 0.6009
o Side | 73 19 8 08 77
Axial
Right | 0.8945 | 0.7413 | 0.98954 | 0.6914 | 0.6261
Side 30 31 2 47 54
u Locally varying MRF uSPM8
0.8 A
S 06 -
2
&
= 0.4 -
0.2
0 4
Coronal Left Coronal Axial Left Axial Right
side Right side Side Side
Volumes

Figure 7. Precision Results Comparison of Segmentation Methods

Fig. 7 shows the precision outcomes for the comparison of
segmentation methods in y axis and four volumes in Xx-axis.
From the results it concludes that the proposed GMM-HMRF-
EM with respect to Coronal Left side, Coronal Right side, Axial
Left Side, and Axial Right Side gives highest precision results of
0.633033, 0.667273, 0.836673, and 0.894530, whereas existing
LV-MRF, SPM8, and Free Surfer gives reduced precision value
of 0.596100, 0.713558, and 0.754530 for Axial Right Side
(Refer Table 1).

Fig. 8 shows the recall results comparison of segmentation
methods in the y axis and four volumes in x-axis. From the
results it concludes that the proposed GMM-HMRF-EM with
respect to Coronal Left side, Coronal Right side, Axial Left Side,
and Axial Right Side gives highest recall results of 0.931133,
0.959080, 0.738119, and 0.741331, whereas existing LV-MRF,
SPMS8, and Free Surfer gives reduced recall value of 0.455894,
0.577360, and 0.865790 for Coronal Left side (Refer Table 1).
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Figure 8. Recall Results Comparison of Segmentation Methods

Fig. 9 shows the specificity results comparison of
segmentation methods in the y axis and four volumes in x-axis.
From the results it concludes that the proposed GMM-HMRF-
EM with respect to Coronal Left side, Coronal Right side, Axial
Left Side, and Axial Right Side gives highest specificity results
of 0.989254, 0.990555, 0.988258, and 0.989542, whereas
existing LV-MRF, SPM8, and Free Surfer gives reduced
specificity value of 0.971104, 0.977230, and 0.979565 for
Coronal Right side. Similarly, it also gives higher results for
right side of segmentation also which is clearly discussed in table
1.

m Locally varying MRF ~ mSPM8
FREE SURFER 2 GMM-HMRF-EM
1 -
0.8 -
Zz 06 -
L
S 04 -
[}
o
@024
0 4
Coronal Coronal Axial Left Axial
Left side Rightside Side Right Side
Volumes

Figure 9. Specificity Results Comparison of Segmentation Methods

Fig. 10 shows the JS comparison of segmentation methods
in the y axis and four volumes in x-axis. From the results it
concludes that the proposed GMM-HMRF-EM with respect to
Coronal Left side, Coronal Right side, Axial Left Side, and Axial
Right Side gives highest JS results of 0.632793, 0.600946,
0.674308, and 0.691447, whereas existing LV-MRF, SPM8, and
Free Surfer gives reduced JS value of 0.406733, 0.554463, and
0.586662 for Axial Right Side. Similarly, it also gives higher
results for Axial Right Side of segmentation also which is clearly
discussed in table 1.
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Figure 11. DS Comparison of Segmentation Methods

Fig. 11 shows the DS comparison of segmentation methods
in the y axis and four volumes in x-axis. From the results it
concludes that the proposed GMM-HMRF-EM with respect to
Coronal Left side, Coronal Right side, Axial Left Side, and
Axial Right Side gives highest DS results of 0.740187,
0.706059, 0.600977, and 0.626154, whereas existing LV-MRF,
SPMS8, and Free Surfer gives reduced DS value of 0.483344,
0.512436, and 0.695607 for Coronal Left side respectively
which is referred in Table 1.

V. CONCLUSION AND FUTURE WORK

A unique segmentation technique is presented in this paper
for determining the cerebral and cortical thickness estimation.
The key contribution of this research may be broken down into
three phases. To reduce the bias towards priors, a system that
gradually relaxes and alters prior information in an anatomically
appropriate manner is devised. The direct partial volume classes
are introduced and their PV effect explicitly determined.
Finally, energy is supplied to represent the inclusion of these
additional classes using the GMM-HMRF-EM approach. In the
final part, GMM is far more powerful than a single Gaussian
distribution for representing complicated distributions. The state
sequence of the HMRF model may be measured directly, but it
may be indirectly approximated using data from the EM process.

IJRITCC | October 2023, Available @ http://www.ijritcc.org

MATLAB is used to implement the algorithms. In PACCS
segmentation trials, the suggested GMM-HMRF-EM algorithm
outperforms the results of the LV-MRF method. The segregated
results of the suggested work are significantly closer to the
images than the existing technique. Since HMRF imposes more
spatial limits on segregated regions than the current LV-MRF, it
is an excellent choice. Precision, Recall, Specificity, JS, and DS
metrics were derived for quantitative analysis. Based on the
findings, it can be concluded that the suggested approach
outperforms the LV-MRF in all criteria. CCS using three-
dimensional structural brain-MRI is critical for assessing cortical
tissue loss in illnesses like Alzheimer. It will be left as a project
for the future. Researchers might develop hybrid approaches in
the future to classify cerebral cortex sub-regions in MRI human
head images by combining deep neural networks with past
knowledge.
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