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Abstract

The basic goal in the processing and analysis of echocardiographic images is segmentation.
Manually segmented echo images are time-consuming, inconvenient and liable to human
subjectivity. There has been a great deal of interest in Computer-Aided Diagnosis (CAD)
based or automated segmentation techniques. A lot of work has been done on segmentation
techniques in recent years, and numerous studies have been published. In spite of many
published studies, the relative merits of the various methods remain unclear. In this paper, a
comparative analysis of different segmentation techniques used for medical images in general
and echocardiographic images, in particular, is being presented, described, discussed and
reviewed. Regarding the utility of these methods, the reasons for the lack of definitive
conclusions are explained. Finally, the comparative analysis aims to identify the best within
the available segmentation methods and develop a proposed method that can be used for

echocardiographic images with promising results.

Keywords: - Medical Image Processing, Computer-aided diagnosis, Echocardiographic

images, Segmentation techniques

INTRODUCTION

The quality of data has a strong influence on
Medical image segmentation. Due to the
characteristic artefacts such as attenuation,
speckle, shadows and signal drop out complicates
the task of segmentation. Sometimes the
orientation dependence of acquisition can result in
missing boundaries. The low contrast in areas of
interest will increase the complications. In other
medical imaging applications, simple image
processing can suffice. In the case of ultrasound
data, customised methods have proven to be
successful.

Automated and semi-automated segmentation
techniques are often the most challenging tasks on
a great variety of applications. Particularly for
diagnostic  applications and  image-guided
interventions, the method of segmentation could
accurately delineate contours. The task of
segmentation is rather complex due to the
relatively low quality of clinical images.
Consequently, the reason that motivates the
considerable interest in the segmentation of
medical images is plenty of approaches for
medical image segmentation such as active the

contour model expectation maximisation network
and learning combined texture and morphological
information in various interpretations level sets.

Bayesian techniques

In general, we can classify the methods in two
groups of optimisation techniques as offline,
which are quite accurate but computationally
complex and the fast online algorithms, which are
less precise but implementable nearly in real time.
Every method has its relevant place in various
modalities developed for medical imaging such as
Radiography, Computed Tomography (CT),
Magnetic Resonance Imaging (MRI), breast
thermography,  photoacoustic ~ imaging  and
Ultrasonography. Ultrasonography has a special
place even though it provides fewer anatomical
details than CT or MRI. Since it has several
advantages which make it suitable for numerous
applications, its benefits include noninvasive, safe
to use and do not cause any adverse effects,
inexpensive, quick to perform.

Comparative analyses of ten segmentation
methods are carried out with the steps employed in
the implementation are shown in fig.1land fig.2.
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METHODOLOGY

The most important aspect of this paper is to come
up with a suitable segmentation method. A good
image segmentation method needs to use all task-
specific priors [92],[93], which may be an explicit
or implicit assumption in all successful techniques.
Due to the relatively low quality of clinical
images, methods can be broadly defined in terms
of the ones that use imaging physics constraints
and the ones that use anatomical shape constraints
or temporal constraints or a combination.

The first characteristic feature of clinical images is
speckle, which gives the noise like appearance.
Speckles inherently exist in images. The local
brightness of the speckle pattern does reflect the
local echogenicity of the underlying scatterers.
Speckle is undesirable and hence seen as noise,
which can be reduced. Thus, the segmentation
perspective that we chose must remove noise or
utilise it for the information contained in it.

We have extensive literature on speckle reduction,
which has been proposed as a pre segmentation
step. Work includes a Fractional-order integral
filter for despeckling of echocardiographic images,
wavelet-based methods [1],[2],[3],[4], anisotropic
diffusion [5], and many others.
][G[]égl,[8],[9],[10],[11],[12],[13],[14],[15],[16],[92

A. Priors
o Image feature:

A common method used in Anisotropic diffusion
edge detection method is Rayleigh distribution,
statistical methods [17], [18],[19],[20],[21],[22]
and [23]. In level set method of segmentation
Rayleigh distribution was also incorporated
[24],[25]. In active contour method and in level set
algorithm  [30],[31] other  Gray level
[32],[33],[34],[35],[36].[19],[20],[26],[27],[28][29
1[39] exponential Gamma and Beta methods a
shifted Rayleigh distribution was used.

e Intensity gradient and higher derivatives:

In order to find the acoustic discontinuities, the use
of intensity gradient as a segmentation constraint
is a common practice. Median filtering is used to
reduce the effect of noise before gradient
estimation  [37],[38], also  morphological
smoothing[39], speckle reduction [40],[41],[42],
coarse to fine optimization [32],[3],[6].[34],
thresholding basedadaptive smoothing [37],[38]
and other pre-processing techniques
[43],[44],[45],[46] have been used.

e Phase:

To characterize the structures in an image the local
phase has been used [47],[48],[49],[50],[51]. Thus,
it is possible to characterize intensity features in
terms of shape. Thus, phase is more robust feature
for boundary detection. Phase is generally
estimated using quadrature filter banks. We can
also find a link between wavelet-based methods
and phase-based methods.

e Similarity measures:

The abovementioned has been used to provide an
estimate in spatiotemporal analysis and the
segmentation feature of almost all Ultrasound
image segmentation. The intensity prior will be
considered in the segmentation process using the
similarity measure.

e Texture measure:

Texture in images depends intrinsically on the
imaging system. Imaging system physics
independent patterns of intensities form the basis
for texture measures [52],[53]. The goal of
segmentation is to characterise the objects present
in the image rather than their actual physical
properties. The texture analysis methods have
proven to be successful. So, texture-based
segmentation algorithms have been proposed and
used in wvarious clinical applications. [54]
echocardiography.

e Shape:

Edges, regions and boundary information may not
be sufficient for reliable and accurate
segmentation. Rather shape constraints are often
effective in improving results. The shape is a
constraint that have proved to be popular and
successful in all Ultrasound image segmentation
[55],[56].[571,[58],[59].[601.[61],[62],[63],[64].[9
3].

In segmentation methods, information of shape is
often embedded. The most classical shape
constraint is considered to be boundary
regularisation in active contour. We can impose
shape constraints [59] by wusing learned
distributions of the shape parameter over a set of
training examples. The shape constraint can be
imposed by restricting with a set of
transformations that does not require training. The
Point Distribution Model (PDM) [64] is the most
widely used method of employing a shape
constraint, which describes average shape and
shape variations of a set of training samples using
principal component analysis (PCA). PDM
segmentation is known as the active shape model
(ASM), which are more suitable to describe free
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form transformations. The active appearance
model (AAM) is an extension to intensity prior
information was proposed [65], another extension
is the inclusion of motion information [66] and
extension of AAM to 3D was proposed later [68]
AAM approach could be used to address both the
geometric shape and boundary model. The only
limitation of AAM is it assumes a similar
appearance of clinical images from different
subjects. Since there are subject to subject tissue
property variations, operator to operator variations
during acquisition make it challenging to achieve
routine clinical images. Bosch et al. [68], Leventon
et al. [67] proposed a nonlinear normalisation step
to reduce these effects. They proposed to use a
level set representation of shape to overcome point
to point correspondence limitation in the learning
stage. However, the shape model is only as good
as training samples. We can use it as a model
framework. The aptitude of shape constraints is
still an important issue of consideration.

e Time:

Echocardiographic images, or all Ultrasound
images, are generally employed in real time, so the
data available for segmentation is a temporal
image sequence rather than a static frame. It
becomes essential to use temporal priors in the
spatiotemporal segmentation process, particularly
in echocardiographic segmentation where the
motion is periodic. The introduction of unwanted
motion is due to respiration. The only way to deal
with motion is before segmentation when we
register the data. Sometimes correction or
estimation can also be considered in the
segmentation process via temporal prior. Hence
there are various forms of temporal priors. It
depends on parameterisation done on the motion
and whether the segmentation method's designing
has the determining factor of required computation
speed. Few authors have considered the space
parameters to be treated differently from time
parameters [5], while others have added time as an
extra-dimensional segmentation problem [68].
There is a need for a better understanding of the
strengths and limitations of segmentation methods
through comparisons to validate the type of
segmentation and databases available as ideally
standard databases. Even though Ultrasound and
echocardiography, in particular, are widely used in
clinical diagnosis and image-guided interventions,
this field is far behind the other areas of clinical
image analysis. We have also emphasised in the
methodology section that segmentation methods
should utilise priors. But for generic image
segmentation, the choice of these constraints is
application-specific.

B. Comparison of the segmentation of B-Mode,
Continuous wave Doppler (CWD), Color Doppler
(CD) images and synthetic test images with
intensity inhomogeneity is carried out in the paper.
The segmentation techniques employed were
based on concepts of edge, region, watershed [71],
fuzzy and active contour [72] and Chan Vese
[69],[70]. The images acquired in two parasternal
and three apical views along with CWD and CD
images [73],[74].[75].,[76],[78] were used in the
analysis of segmentation techniques, which
highlighted the importance of integrated analysis
Multiview images. An overview of segmentation
techniques analysed for CWD, B-Mode and CD
images are tabulated in Table 1. These methods
are employed in the delineation of various types of
images with intensity inhomogeneity and low
contrast. The methods depicted in Fig 1 and 2
employed for delineation of the outer boundaries
of the CWD spectrum are described. These
methods were advocated for segmentation of
images such as MRI, CT and synthetic images.

1. Magagnin method: Magagnin et al. [75] had
proposed a semi-automatic segmentation
method. The fundamental steps of this
technique are shown in Fig 1 as Method 1

2. Wavelet-based scale multiplication edge
detection (SMED) was advocated by Bao et al.
[83] to improve edge detection accuracy in
synthetic and natural images. It could be a
method for outer boundary detection in
echocardiographic images. The fundamental
steps of this technique are shown in Fig 1 as
Method 2. The approach includes the
estimation of a threshold at each scale and
wavelet transform of the input image. The
steps employed consist of computing the
thresholds and estimating the correlation
between the pixels. The correlation between
pixels row-wise and column-wise are
calculated on the application of wavelet
transform. Before estimating correlation, the
wavelet coefficients are thresholded. This is
followed by the construction of the modulus
matrix and direction estimation. The estimated
pixels in various directions are subjected to
nonminimum suppression. The resultant image
is filtered for the suppression of noise. The
boundaries are traced and superimposed on the
original image. Details of the SMED method
& its implementation steps are brought out in
[83].

3. Charia and Ray [84] proposed a distance
measure called intuitionistic fuzzy divergence
(IFD) for edge detection in brain image, Rice
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image, lung image Aorta image and
cameraman images. IFD based edge detection
[82]is employed to trace echocardiographic
images' boundaries since it was based on
hesitation degree, hon-membership degree and
membership degree. The approach consists of
the  formation of sixteen templates
initialisation, finding the hesitation degree,
estimation of the maximum divergence
transforming fuzzy domain image into pixel
domain, thresholding and morphological
operators [89],[81],[84],[82]. All these steps
are shown in Fig 1. Chaira and Ray [84]
provided the step-wise details of this approach.
The method is referred to as Method 3 in Fig
1. The significant effects of IFD techniques
are (i) formation of the edge detected
templates (ii) Application of edge template
over the image (iii) Computation of IFD
between each element of every template and
the image window (iv) Selection of the
maximum of template among the minimum
IFD values (v) Positioning of the maximum
values (vi) Selection of positioning of max-
min value (vii) Construction of new
divergence matrix (viii) Thresholding of
divergence matrix and obtain edge detected
image.

the medical images by Aja Fernandes et al.
[85]. The core idea of soft thresholding was to
relate each image pixel with others in terms of
membership
membership functions are derived from
histograms of various regions in the image.
Each of the pixels would thus belong to
multiple regions with different membership
functions. Therefore, the pixels are segregated
from the noisy ones easily in any given noisy
segregation
the
echocardiographic images, which are inherent
with speckle noise. The steps used in the
implementation of these methods are shown in
Fig 1. Every pixel is correlated to other pixels
image
membership functions
decision like wavelet-based thresholding. The
fuzzy C-Means (FCM) clustering is employed
for sorting the pixels followed by computation
of the pseudo trapezoidal-shaped membership
functions. Various aggregation approaches
such as maximum. Median, recursive average
maximum

fuzzy

image. These
employed  for

in  various

aggregation
aggregation

Method 4 in Fig 1.

and
were
experimentations. This method is referred to as

functions.

methods
segmentation

parts using

absolute
employed

4. A fuzzy soft thresholding approach based on
fuzzy aggregation methods were proposed for
Table 1 Overview of Segmentation Techniques for B-Mode, Cwd and Color Doppler Images
Ref Year Type Abbrevia tion Expansion Application of the Method
[195] 2006 Edge Magagnin Magagnin Method Pulsed Doppler Images
[287] 2005 Edge SMED Scale Multiplication Synthetic and Natural
[288] 2008 Fuzzy IFD Intuitionistic fuzzy divergence CT and standard
Images
[289] 2010 Fuzzy FTS Fuzzy soft threshold Head MRI, XRay, TTE.
[46, 2005 Topologica l DTD Discrete Topological Derivative CTAngiography, head MRI
289] Derivative
[199] 2006 Edge Kiruthika Edge Based Segmentation CW-Doppler images.
[184] 2013 Level Set RD Reaction Diffusion Synthetic and MRI Image
[184] 2013 Level Set GDRLSE1 Generalized Distance Synthetic and MRI Image
[184] 2013 Level Set GDRLSE2 Regularized Level set Evolution. | Synthetic and MRI Image
[184] 2013 Level Set GDRLSE3 Synthetic and MRI Image
[154] 2008 Level Set RSF Region Scalable Fitting Brain MR , Vessel Image
[304] 2010 Active Contour LIF Local Image Fitting Energy Synthetic and MRI Image
[292] 2011 Level Set LSEBFE Intensity In homogeneities CT Image of Vessel
[293] 2010 Active Contour IVC Regularized Level Set MRI
[183] 2007 Active Contour GMAC Global Minimization of Active Synthetic Images
Contour
[294] 2009 Active Contour LFE Laplacian Fitting Energy Synthetic Images
[175] 2010 Level Set SVMLS Multiphase Level Set. MRI image
[295] 2007 Clustering FCM Fuzzy C-Means. US Carotid Artery
[25,2 2009 - Region Region Region Growing Ultrasound Images, Weld
96, 2011 Edge Adaptive Canny | Canny Edge detection images.
297] Watershed Multiwater Multi stage water shed
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Topological derivative-based segmentation,
the topological sensitivity provides
information of the edges in the image and
derivative speaks about the incremental
changes in topology Larrabide et al. [86] had
advocated this technique to overcome iterative
processing of images during segmentation.
The method was tested for segmentation of CT
and MRI. This segmentation method was
analysed for tracing the outer boundaries of
the echocardiographic images acquired in
multiple views from patients diagnosed with
Aortic Regurgitation [77],[79],[80]. The major
steps of the topological derivative based
segmentation are shown in Fig 1. The images
are normalised, and an initial guess is made
regarding the class of images. The total
variation of the initial guess computed,
followed by the application of a fixed-point
algorithm.  The pixels with negative
topological derivatives are traced. A class is
formed with smaller values of each of the
pixels. The class is optimised, resulting in the
required segmented image. The total variation
for the segmented image is estimated, and the
original intensities are restored. This method is
referred to as Method 5 in Fig 1.

Segmentation using histogram equalisation.
The histogram equalisation enhances the

image's contrast by redistributing the Gray
values equally over the entire image. It
enhances the contrast for values close to
histogram maxima and decreases contrast near
minima [89],[90]. The histogram equalisation
homomorphic filter and Canny edge detection
were employed for tracing the outer
boundaries of the echocardiographic CWD
images. The brightness levels of the image are
equally distributed for full scale by using
MATLAB function "histeq". The enhanced
images are filtered using the homomorphic
filter. On application of filtering, the image's
contrast is reduced and to compensate for this,
adaptive contrast enhancement is performed.
The enhancement is based on the difference
between each pixel value and its deviation.
The enhanced images are filtered using a
median filter with a window size of 7x7. The
edges in the image are detected using Canny
edge detection. The obtained boundaries have
discontinuities and  unwanted  objects
connected to the boundary, addressed using
morphological operations such as dilation and
erosion. The resultant image is superimposed
on the enhanced image. The steps incorporated
in the algorithm are shown in Fig 2 for quick
reference and better understanding. This
method is referred to as Method 6 in Fig 2.

‘ B-Mode ., CWD, CD Echocardiographic Image ‘
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regions templates
)’ v v v Y
: - Make initial guess of a class
Histogram of regions and . Initializati imati . - : E
stog z Wavelet Transform nitialization estimation of Smoothing of the image ‘ ‘
estimate threshold of each Max. Value convert to fuzzy = - v
Tegion. domain increase border line . —
obtain border fuzzy image ¢ Compute total vanation for the
¢ v T initial guess.
Thresholding of resions Compute comelation n ¥ FCM Clustering v
- - row after Thresholding st ] ] ]
¢ correlation in column. Apphcai;gnj]g:fl‘g'l;.emp]ates i, ‘ Fixed Pomt algonthm ‘
Median Filtering ¥ Compute PTS bership . 4' -
(55, 7x7)’ Y functions. Find pixels with negative
. . Estimation of infuitionistic topological derivative.
Formatien of Modulus 3
¢ Matrix and edge fuzzy divergence (IFD) ‘L
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v
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Thresholding of ID matrix
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Edge detected Image [

Formation of intuitionistic
divergence matrix.
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Fig. 1: Segmentation techniques for B-Mode, CWD and CD images —Method 1 to Method 5
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‘ B-Mode , CWD, CD Echocardiographic Image ‘
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Smooth the image using
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Fig. 2: Segmentation techniques for B-Mode, CWD and CD images —Method 6 to Method 10

watershed  transforms  based
segmentation. It comes under the family of the
region-based segmentation. It is based on
mathematical morphology. This technique
combines concepts of thresholding, detection
of discontinuities and region processing. The
advantage of using watershed is when
employed on another level will assist in
forging the fragmented regions [86],[87],[88].
Some of the essential steps in this method of
segmentation are the images need to be
converted into greyscale and resized to
512x512. These images are pre-processed
using an adaptive Wiener filter employing the
MATLAB function "wiener2". The pre-
processed image is then employed to compute
the gradient where various gradient operators
such as Sobel, Prewitt, Roberts or Gaussian
derivatives are used. The gradient image is
subdivided into initial regions employing
gradient magnitude.

The edges so obtained are grouped to form
contour. The initial watershed may result in
many smaller regions, often reflecting over-
segmentation or generating undesired smaller
regions. The boundaries within the
homogeneous region are weaker. The
neighbourhood relation is in terms of the
connectivity graph from the image. The
thresholded image is converted into a binary
image. The morphological operations and
watershed top head transformation are

10.

employed to compute the bright objects
present in the image. The peak values which
significantly differ from the local background
are estimated. The partially overlapping
regions are separated using the watershed. The
smaller objects are weeded out using
morphological operations. The Euclidean
distance map (EDM) is computed for the
resultant image. The resultant labelled image
is eroded to match the content and background
borders. This region provided a Region of
interest ROI with the boundaries marked. The
smaller regions with some homogeneous
intensity characteristics are merged. Thus, the
multistage watershed transform-based
segmentation provided better tracing than edge
and region growing based segmentation.

Segmentation using texture filters. The
texture-based filters play an important role in
the boundary detection of the images
[91],[92]. The three texture filters available in
MATLAB are “stdfilt", "rangefilt", and
"entropyfilt" employed for CWD image
segmentation. The steps employed in the
implementation of texture-based segmentation
are shown in Fig 2 as Method 8. This method
is implemented in two stages.

Segmentation using the adaptive and
maximum  filter. The combination of
maximum filter, adaptive Wiener and Canny
edge detection are employed to segment CWD
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images. The CWD images are denoised using
the combination of maximum and adaptive
Wiener filters. Implementation steps of this
approach are shown in Fig 2 as Method 9. The
despeckled images are subjected to Canny
edge detection and morphological operations
for tracing the outer boundaries. The other
edge detection techniques such as Sobel,
Prewitts and Roberts were also tested. It was
observed that performance using Canny edge
was better; hence results based on this were
better. The sequential combination of adaptive
Wiener and maximum filter followed by
Canny edge detection stood out. The
morphological operations are performed for
the reasons already discussed in watershed-
based segmentation.

11. Kiruthika method of segmentation. Kiruthika
et al. [78] had proposed a method for tracing
out boundaries of the CWD images acquired
during Aortic regurgitation. This method
employed the combination of median filter,
contrast enhancement, Gaussian filter,
morphological operations, intensity
adjustments, and Canny edge detection to trace
the CWD spectrum's outer boundaries. The
adaptive Wiener filter's performance was
superior to Gaussian in terms of speckle-noise
suppression and edge preservation. The
necessities of Gaussian filter after contrast
enhancement could overcome the problem.
The images were initially filtered using
median filter followed by Wiener filter. Then
the  images were  processed  using
morphological closing operation, and then
intensities were adjusted using inbuilt function
"imadjust" and "imfill" operations. The edges
in the resultant images were obtained using
Canny edge detection, combined with the
morphological opening operation. Finally, the
output image was superimposed on the
enhanced image. The steps employed are
shown in Fig 2 as Method 10.

A. K-nearest
segmentation:

The K-nearest neighbours (KNN) algorithm is a
unique, user-friendly approach with a wide range
of applications, including machine learning
algorithms which are majorly used for the various
image  processing  applications,  including
classification, segmentation and regression issues
of image processing. On the other hand, it is an
efficient algorithm that can be implemented easily
as per the user needs. Still, with the limiting factor,
the computational speed is significantly less when

neighbor  method  for

the number of data sets increases, which also
interprets the computational speed, is quite high
for the fewest number of data for the processing.

This KNN algorithm operates with the basic
principle of the number of weights or the
calculated distance among the query and the
selective examples in the data set by the specific
number, a variable defined as 'K', and this 'K' is the
closest among the query. The selection will be
made on the relevant frequency label of the data to
classify pixels in the image data, or it identifies the
average labels for the regression operations. In the
regression-based operation, it can be quoted that
the selection of the suitable 'K' for the required
data serve for the best of the 'K' states which will
be the best one for the exchange and selection of
pixel data. In contrast, the KNN algorithm is the
best for query and processing.

A weighted directed graph is a perfect term to
define the KNN graph. In this graph, every node is
represented by a cluster and the edge of each
pointer to the neighbour cluster if we consider that
each node has K adjust, then also having K nearest
clusters.

Classification of the images in medical imaging is
very important. KNN is one suitable algorithm
technique that is simple. It is conceptual and
computational, which provides excellent accuracy
in classification. The algorithm KNN is based on
the distance function voting.

The Contrast, when the scale of local texture is
larger the distance

C=Xk2ZM(i,j)|i—j|=km—1k=0. )
k->neighboring pixels

Homogeneity is represented as

H=XX(M(i,j)))2ji. (2)

Entropy is the measure of randomness: close to either 0
orl

E=35(M(i,))log(M(i,j))ji (3)
Local Homogeneity (LH) is given as
LH= XXM (i,)1+(i—j)2ji. (4)

The aforementioned four features/parameters of
the medical image given in equations 1,2,3,4 are
essential for the KNN based image segmentation,
which will be done at the pixel level for the query
and reference pixel. In this regard, the first
parameter contrast is given by equation (1), in
which the texture decision is made on the
difference of the test image with the neighbouring
pixels. The secondary parameter is homogeneity,
which decides the pixel region and background
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image, which is not our concern. On the other
hand, it is most required for the data extraction
from the region of interest to the medical image
data, given by the equation (2). The following
parameter is the entropy provided by equation (3),
in which it plays a decision parameter for the 1 or
0 for pixel exchange. The last parameter, Local
Homogeneity, which is similar to the
homogeneity, is done among the inter and intra
pixel analysis given by equation (4).

The KNN based approach for the segmentation
can be listed into four different phases, namely:
Pre-Processing

Feature extraction

Classification

Post processing

Post processing

Phase 1: Pre-processing

The removal of noise and the conversion of the
image to grayscale is completed in the process of
pre-processing.

The median filter is used here.

The median filters have the following

advantages:

1. The contrast in the steps is not reduced.

2. The boundaries are not shifted in the median
filtering.

3. The median filtering is not affected by the
outliers.

Phase 2: Feature Extraction

The main intention of feature extraction is to
reduce the original set of databases that are
distinguishable on the input patterns. Haralick's
texture feature extraction method extracts features
such as correlation, Homogeneous, entropy,
contrast and local Homogeneous.

Phase 3: classification

The pixels are classified into similar classes by the
training data, which has the same level of
intensity. This classification is done in the nearest
neighbourhood algorithm. To avoid the errors that
occur because of the single neighbourhood outliner
of other classes and improves the robustness of the
approach, the classifier works with k patterns [94-
103]. Hence, it is called K nearest neighbourhood
algorithm.

The KNN algorithm has the following:
1. Classes are Included in training set

2. The items to be classified are examined
towards the k term.

3. Most of the closed items are placed near the
new item.

4. 0O(q) for each tuple to be classified.

Phase 4: Post Processing

The extraction of abnormal region from the echo
image is done in the step of post processing.
Firstly, the removal of cult involves removal of
Grey matter and hence the abnormal region
extracted segmented image is obtained with the
KNN. The results of the KNN algorithm are

shown in Fig 3.

(a) (b)
Fig. 3 (a) original image with contour marked.
(b) Segmented image with the KNN
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Fig. 4: Comparative graph of SNR & PSNR

It should also be noted that the developed
algorithm can also be applied to any of the real
time or other untrained databases for the
applications. An advanced algorithm can be
designed for video applications, satellite images,
and other image formats as a future enhancement.
The next improvement can also be extended to the
comparative analysis among other available
database.

CONCLUSION

Of the various methods discussed in the
comparative analysis of the paper, Method 9 and
Method 10 stand out in performance. The
algorithm developed is processed with the G-L
based algorithm for denoising and combined with
the KNN based segmentation.

The algorithm is better than the existing methods,
with various standard medical images and other
image databases. The desired algorithm is also
tested with the non-medical image database, and
its comparative analysis is done with the existing
and proposed algorithms. The standard image
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database for the various analysis is described by
calculating SNR & PSNR, as shown in figure 4.
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