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ABSTRACT:

Color image has the potential to convey more information than
monochrome or gray level images, RGB color model is used in many
applications of image processing and image analysis such as Image
Segmentation. The standard approaches to image analysis and
recognition beings by segmentation of the image into regions (objects)
and computing various properties and relationships among these
regions. Image segmentation algorithms, have been developed for
extracting these regions. Due to the inherent noise an degradation of the
input cues to the algorithm , meaningful image segmentation is difficult
process. However, the regions are not always defined, it is sometimes
more appropriate to regard them as fuzzy subjects of the image. In this
work the way is described an algorithm, which are used to
segmentation of color images with clustering methods. This algorithm
is tested on ten different color images, which are firstly transformed to
R*B*G* color space. Conditions, results and conclusions are described
lower. The results are compared using both Mahalanobis and Euclidean
distances in the clustering algorithm.
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1.1 INTRODUCTION:

Image segmentation was, is and will be a major research topic
for many image processing researchers. The reasons are obvious and
applications endless: most computer vision and image analysis
problems require a segmentation stage in order to detect objects or
divide the image into regions which can be considered homogeneous
according to a given used in biomedical areas such as in the
identification of lung diseases, in automated classification of white
blood cells, in the detection of cancerous cells and in chromesome
karyotyping. The application of image segmentation are numerous.
Image segmentation has been(1]

Clustering is the search for distinct groups in the feature space. It
is expected that these groups have different structures and that can be
clearly differentiated. The clustering task separates the data into
number of partitions, which. are volumes in the n-dimensional feature
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space. These partitions define a hard limit between the different groups
and depend on the functions used to model the data distribution.
1.2 Image segmentation:

To humans, an image is not just a random collection of pixels; it
is a meaningful arrangement of regions and objects. There also exits a
variety of images: natural scenes, paintings, etc. Despite the large
variations of these images, humans have no problem to interpret them.
Considering the large databases on the WWW, in our personal
photograph folders, a strong and automatic image analysis would be
welcome.[2]

Image segmentation is the division of image into different
region, each region having certain properties. It is critical component of
an image recognition system because errors in segmentation might
propagate to further processing steps such as feature extraction and
classification.

Image segmentasion is the first step in image analysis and pattern
recognition. It is a critical and essential component of image analysis
system, is one of the most difficult tasks in image processing, and
determines the quality of the final result of analysis. Image
segmentation is the process of dividing an image into different regions
such that each region is homogeneous. One natural view of
segmentation is to identify regions of an image that have common
properties while separating regions that are dissimilar .this is a problem
known as clustering. Classical clustering assigns each object to exactly
one class, whereas in fuzzy clustering the objects are assigned different
degrees of membership to the different classes. Fuzzy clustering is an
interactive approach of segmentation of image using principles of both
cluster analysis and fuzzy logic. Image segmentation methods can be
categorized as follows:



1. Histogram thresholding: assumes that images are composed of
regions with different gray (or color) ranges, and separates it
into a number of peaks, each corresponding to one region.

2. Edge-based approaches: use edge detection operators such as
Sebel, Laplacian for example. Resulting regions may not be
connected, hence edges need to be joined.

3. Region-based approaches: based on similarity of regienal
image data. Some of the more widely used approaches in this
category are: Thresholding, Clustering, Region growing,
Splitting and merging.

4. Hybrid: consider both edges and regions.

The project is done using Image Segmentation by fuzzy Clustering.

It is based on color image segmentation using Mahalanoebis distance.

Euclidean distance is also used: for comparing between the quality of
segmentation between the Mahalanobis and Euclidean distance.[3]

1.3 Image Segmentation by Clustering

Clustering is a classification technique. Given a vector of N
measurements describing each pixel or group of pixels (i.e., region) in
an image, a similarity of the measurement vectors and therefore their
clustering in the N-dimensional measurement space implies similarity
of the corresponding pixels or pixel groups. Therefore, clustering in
measurement space may be an indicator of similarity of image regions,
and may be used for segmentation purposes.

The vector of measurements describes some useful image feature
and thus is also known as a feature vector. Similarity between image
regions or pixels implies clustering (small separation distances) in the
feature space. Clustering methods were some of the earliest data
segmentation techniques to be developed.[7]
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Figure 1 : shows similar data points grouped together into clusters.

Most popular clustering algorithms suffer from two major drawbacks:

e First, the number of clusters is predefined, which makes them
inadequate for batch processing of huge image databases.

e Secondly, the clusters are represented by their centroid and built
using an Euclidean distance therefore inducing generally an
hyperspheric cluster shape, which makes them unable to capture
the real structure of the data.

This is especially true in the case of color clustering where clusters

are arbitrarily shaped
1.4 Clustering Algorithms

There are many type of clustering algorithms can be used in
image segmentation and classification such as :

e K-means

e C-Mean

¢ Gustafson- Kessel

e K-medoids
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e Hierarchical Clustering

C-means algorithm was used in the project and the distances were
calculated using Mahalanobis and Euclidean distances
1.5 EFCM Clustering Overview

The Extended Fuzzy C-means clustering algorithm is

based on the minimization of an ebjective function called C-
means functional. C-Mean clustering follows the same principles
as the K-means in that it compares the RGB- value of every pixel
with the value of the cluster center. The main difference is that
instead of making a hard decision abeut which cluster the pixel
should belong to, it assigns a value between 0 and 1 describing
"how much this pixel belongs to that cluster" fer each cluster.
Fuzzy rule states that the sum of the membership value of a pixel
to all clusters must be 1. The higher the membership value, the
more likely that pixel is to belong to that cluster{2]. The EFCM
clustering is obtained by minimizing an objective function-shewn
in equation (1):

Jzzzﬂmpi_vklz ................... (1)

i=l k=1

Where:
© « Jis the objective function.
« nis the number of pixels in the entire image .
« cis the number of clusters .
o u is the fuzzy membership value .
« mis a fuzziness factor (a value> 1).
o p;is the i'th pixel in E
« v, is the centroid of the k'th cluster



« |pi — v4 is the Euclidean distance between p; and v, defined by
equation (2):

The calculation of the centroid of the kth cluster is achieved using

equation (3):
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The fuzzy membership is calculated using the original equation (4):

My = ; SO ()
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Figure 2 : shows Block Diagram to Proposed System EFCMC

1.5.1 C-Means Algorithm Properties
o There are always K clusters.
« There is always at least one item in each cluster.
« The clusters are non-hierarchical and they do net overlap.
« Every member of a cluster is closer to its cluster than any other

cluster because closeness does not always involve the center of
clusters.
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1.5.2 C-Means Algorithm Process

Step 1: Set the number of clusters, the fuzzy parameter (a
constant > 1), and the stopping condition

Step 2: Initialize the fuzzy partition matrix

Step 3: Set the loop counter k=0

Step 4: Calculate the cluster centroids, calculate the objective
value J .

Step 5: For each pixel, for each cluster, compute the membership
values in the matrix

Step 6: If the value of J between consecutive iterations is less
than the stopping condition, then stop; otherwise, set k=k+1 and
go to step 4

Step 7: clustering and segmentation

1.6 How the problem was approached

Step 1: an image is taken as an input. The input image is in the form of
pixels and is transformed into a feature space (RBG).

Step 2: Next similar data points, i.e. the points which have similar
color, are grouped together using any clustering method.

A clustering method such as c-means clustering is used to form

clusters as shown in the figure2. The distances are calculated using
Mahalanobis and Euclidean distant.
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Figure 3 :Flow-chart of an image segmentation method
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Figure 4 : shows how the data points
are clustered in the 3-d RGB space
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As one can see all similar colors are grouped together to form a
cluster. The data points with minimum Mahalanobis distance or
Euclidean distance are grouped together to form the clusters.
Mahalanobis and Euclidean are described later below.

Step 3:After clustering is done, the mean of the clusters is taken. Then
the mean color in each cluster is calculated to be remapped onto the
image.

1.7 How Mahalanobis and Euclidean distance is calculated

Classical C-Mean and K-Mean clustering are used the Euclidean
method to computing the distance. IN this work both Mahalanobis and
Euclidean distances are described below clearly.

1.7.1 Mahalanobis Distance

There are a number of properties that can be summed up as

follows:

e Mahalanobis Distance is a very useful way of determining
the “similarity” of a set of values from an unknown”:
sample to a set of values measured from a collection of
"known” samples

e Superior to Euclidean distance because it takes distribution
of the points (correlations) into account

e Traditionally to classify observations into different groups

e It takes into account not only the average value but also its
variance and the covariance of the variables measured

e It compensates for interactions (covariance) between
variables

e [t is dimensionless

The formula used to calculate Mahalanobis distance is given below.

Dt(x) = (x — Ci) * Inverse(S) * (x — Ci)  -eevesenrees (5)
Where:
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The X is a data point in the 3-D RGB space, Ci is the center of a
cluster.

S is the covariance matrix of the data points in the 3-D RGB space
Inverse(S) is the inverse of covariance matrix S.

Mahalanobis
Distance

Figure 5 : shows how the Mahalanobis distance is calculated
considering the variances of the data points in the 3-D RGB space.
1.7.2 Euclidean Distance:
The Euclidean distance is the straight-line distance between two
pixels.
Euclidean distance = V((x1 - X2)2+ (y1 - y2)?),  eevvsveesennans (6)
where (x1,y1) & (x2,y2) are two pixel points or two data points.
In C-Mean clustering the distance has been calculated bases on
equation 2:

Ipi—vklz\/_Z(p,-—vk)z ............................ )

The only difference between Mahalanobis and Euclidean distance is
that Mahalanobis considers the Inverse of the covariance matrix of the
set of data points in the 3-d space.
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So,
Mahalanobis distance = (P, — V; )* INV( Cov (S))* (Pi= Vi)® = ™
Euclidean distance = (P; - V) * (Pi-V;)’ SN (1)

Here P; is a data point and V}, is the center of a cluster.
S is a vector containing all the data points the 3-d color space.

1.8 Result and Discussion

Different color images have been tested by the proposed system
EFCMC using Mahalanobis distance as shown in the below figures(6-
9) and compared with the results (segmented images) obtained by the
EFCMC using Euclidean distance.

a- Origiﬁal Image (peppers) b- segmented image
Figure 6: show a- original image b- segmented image with 6-clusters
by proposed system EFCMC using Mahalanobis distance



Figure 7: shown (a) Canary Original Image (b) Segmented Image using
EFCMC by Mahanalobis distance with 3-clusters and (c) Canary
Segmented Image using
K-mean by Euclidean distance with 3-clusters.

(a) (b)
Figure 8: shown (a) Parrot Original Image (b) Segmented Image using
EFCMC by Mahanalobis distance with 6-clusters and (c) Parrot
Segmented Image using
K-mean by Euclidean distance with 6-clusters.



Figure 9: shown (a) Color Pepper Original Image (b) Segmented Image
using EFCMC by Mahanalobis distance with 12-clusters and (c) Color
Pepper Segmented Image using K-mean by Euclidean distance with 12
-clusters.
Table 1:Shows the quality measures for 10 color images after
application the proposed system (EFCMC) consist No. of Clusters =3
, Max Iteration =20 and Precision= 0.00001

] .. | Duratio
iinape Cluster | Iteratio | Precisio 0 PSNR
S n n )

(minute)
Canary 3 15 0.00001 | 0.15.29 |30.749
Parrot 3 15 0.00001 | 0.53.13 | 30.966
Peppers |, 20 | 0.00001 | 0.26.09 |30.560
color

Table 2:Shows the quality measures for color image after

application the proposed system (EFCMC) consist No. of Clusters =6
, Max Iteration =25 and Precision=0.00005
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ati
Image Clusters | Iteration | Precision Du?'a on PSNR
(minute)
Canary 6 21 0.00005 1.26.58 | 31.052
Parrot 6 25 0.00005 1.26.16 | 31.305
Peppers 6 22 0.00005 | 1.20.09 | 32.931
coler

Table 3:Shows the quality measures for color images after
application the proposed system (EFCMC) consist No. of Clusters =12

, Max Iteration =30 and Precision=0.00001

Dursatien:
Image Clusters | Iteration | Precision uf:a PSNR
(minute)
Canary 12 26 0:00001 3.34.65 34010
Parrot 12 28 0.00001- 4.06.74 33.788-
Feppers 12 28- | 0.00001 | 2.58.12 | 34.875
color :

Table 4: Shows the quality measures for color images after
application EFCMC using Mahalanobis and K-Mean using Euclidean

distance .
EFCMC (Mahalanobis) K-Mean (Euclidean)
Image | Clusters
Iteration PSNR- Iteration. PSNR-
Canary 3 15 30.749 8- 29.419
Parrot 3 15 30.966 12 29.314
P :
CPROTS 3- 20- 30560 10 20,073
color:

Table 5 :Shows the quality measures for color images after
application EFCMC using Mahalanobis and K-Mean using Euclidean
distance .




EFCMC ~ K-Mean
Image Clusters (Mahalanobis) (Euclidean)
Iteration PSNR Iteration PSNR
Canary 6 12 30.943 21 31.052
Parrot 6 18 29.806 25 31.305
Peppers color 6 12 30.210 22 32.931

Table 6 :Shows the quality measures for color images after
application EFCMC using Mahalanobis and K-Mean using Euclidean
distance .

EFCMC K-Mean
Image Clusters (Mahalanobis) (Euclidean)
Iteration PSNR Iteration PSNR
Canary 12 26 34.010 56 32.082
Parrot 12 28 33.788 32 31.004
HEppeLs 12 28 34.875 44 31.319
color

1.9 CONCLUSION
1. The EFCM clustering algorithm improved the result of the hard
clustering for an unsupervised classification where Fuzzy
clustering methods allow objects to belong to several clusters
simultaneously, with different degrees of membership. Any data
set is thus partitioned into number fuzzy subsets. The segmented
images show more homogenous regions when compared with the
hard clustering.
2. The image segmentation is done using C-Means clustering in 3-
D RGB space, so it works perfectly fine with all images.



The clarity in the segmented image is very good compared to
other segmentation techniques.

The clarity of the image also depends on the number of clusters
used.

. The results are compared using both algorithms EFCMC using

Mahalanobis and K-Mean using Euclidean distance.

The results obtained from the proposed algorithm more accurate
than the results obtained from traditional methods such as K-
Mean. Where the proposed algorithm can extract the information
and the features of colored images by adapting the value of
precision of the image input to the algorithm

As one can see from the above image in the previous page that
the image segmented with Mahalanobis distance did come better
than Euclidean Distance when the image is segmented with 4
clusters.

That has to be true because the Mahalanobis distance considers
the variances also.
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