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5

Abstract6

Colour Image segmentation is one of the prime requisites for computer vision and7

analysis.Much work has been reported in literature regarding colour image segmentation8

under HSI colour space and Gaussian mixture model (GMM). Since the Hue and Saturation9

values of the pixel in the image are non-negative. And may not be meso-kurtic, it is needed10

left truncate the Gaussian variate and is used to represent these two features of the colour11

image. The effect of truncation can not be ignored in developing the model based colour12

image segmentation. Hence in this paper a left truncated bivariate Gaussian mixture model is13

utilized to segment the colour image. The correlation between Hue and Saturation plays a14

predominant role in segmenting the colour images which is observed through experimental15

results. The expectation maximization (EM) algorithm is used for estimating model16

parameters. The number of image segments can be initialization of the model parameters are17

done with K-means algorithm. The performance of the proposed algorithm is studied by18

calculating the segmentation performance techniques like probabilistic rand index (PRI),19

global consistency error (GCE) and variation of information (VOI). The utility of the20

estimated joint probability density function of feature vector of the image is demonstrated21

through image retrievals. The image quality measures obtained for six images taken from22

Berkeley image dataset reveals that the proposed algorithm outperforms the existing23

algorithms in image segmentation and retrievals.24

25

Index terms— Image Segmentation, Hue, Saturation, Finite Left Truncated Bivariate Gaussian distribution,26
K-means algorithm, Image Quality Metrics, EM- algorithm.27

groups. It is an important technology for image processing and understanding. The structural characteristics28
of objects and surfaces in an image can be determined by segmenting the image using image domain properties.29
One of the major advantages of image segmentation is denoising. Denoising is the process of removing unwanted30
noise from the image. Segmentation specifically attempts to separate structure from noise on a local scale. It is31
one of the most important steps in computer vision and analysis.32

For the last three decades lot of work has been reported in literature regarding image segmentation methods33
(Lucchese L. et al (2001), Srinivas Y. and Srinivas ??ao K. (2007), Majid Fakheri et al (2010), Siddhartha34
Bhattacharyya (2011)). The image segmentation methods can be divided into two categories depending upon35
the type of image. The images can be broadly categorized into two types namely, gray level images and colour36
images. A gray level image is usually characterized by pixel intensity (Farag A..A.. et al (2004), Seshashayee37
M. et al (2011), Srinivas Yerramalle et al (2010)). But in colour images the colour is a perceptual phenomenon38
related to human response to different wavelengths in the visible electro-magnetic spectrum. In colour images39
the features that represent the image pixel are highly influenced by three feature descriptions namely, intensity,40
colour and texture. Among these features colour is the most important one in segmenting the colour images since41
intensity and texture features also be embedded in colour features. (Fesharaki and Hellestrand (1992), Kato Z.42
et al (2006), Kang Feng et al (2009), Kaikuo Xu et al (2011)). A better colour space than the RGB space in43
representing the colours of human perception is the HSI space, in which the colour information is represented44
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1 II. FINITE LEFT TRUNCATED BIVARIATE GAUSSIAN MIXTURE
MODEL

by Hue and Saturation values. Thus the human perception of image can be characterized through a bivariate45
random variable consisting of Hue and Saturation which can be measured using generic structure of a colour46
appearance model (Sangwine et al (1998)). Ferri and Vidal (1992), Lee E. et al(2010), Dipti P. and Mridula47
J. (2011) and others have reviewed colour image segmentation techniques. Among these mage segmentation is48
a process of extracting useful information from the images through features and dividing the whole image into49
various homogeneous groups in which, the pixels within the group are more homogeneous and are heterogeneous50
between the I model based image segmentation methods are more efficient than the edge based or threshold or51
region based methods (Lucchese L. et al (2001)). In model based image segmentation the whole image is divided52
into different image regions and each image region is characterized by a suitable probability distribution. For53
ascribing a probability model to the feature vector of the pixels in the image region, it is needed to study the54
statistical characteristics of the feature vector.55

In image segmentation it is customary to consider that the whole image is characterized by a finite Gaussian56
mixture model. That is, the feature vector of each image region follows a Gaussian distribution (Haralick and57
Shapiro (1985) ??010)). The image segmentation methods based on Gaussian mixture model work well only when58
the feature vector of the pixels are having infinite range and the distribution of the feature vector is symmetric59
and meso-kurtic. But in many colour images the feature vector represented by Hue and Saturation are having60
finite values (say nonnegative) and may not be mesokurtic and symmetric. Hence, to have an accurate image61
segmentation of these sorts of colour images it is needed to develop and analyze image segmentation methods62
based on truncated bivariate mixture distributions.63

Here, it is assumed that the feature vector in different image regions follows a left truncated bivariate Gaussian64
distribution and the feature vector of the whole image is characterized by a finite left truncated bivariate Gaussian65
mixture model. This assumption is made since the Hue and Saturation values of the pixel which represents the66
bivariate feature vector can take nonnegative values only. Hence, the range of the Hue and Saturation values are67
to be left truncated at zero. The effect of the truncated nature of Hue and Saturation cannot be ignored, since68
the leftover probability is significantly higher than zero in the left tail end of the distribution. This left truncated69
nature of the bivariate feature vector can approximate the pixels of the colour image more close to the reality.70

In this method of segmentation, the number of image regions is obtained by Using the estimated joint71
probability density functions of the feature vector of pixels of each image, the images are retrieved. The efficiency72
of the developed algorithm in image retrieval is also studied by computing the image quality metrics like maximum73
distance, image fidelity, mean square error, signal to noise ratio and image quality index and the results are74
presented. A comparative study of these quality measures with those obtained from the Gaussian mixture model75
with K-means revealed that this algorithm performs better.76

1 II. FINITE LEFT TRUNCATED BIVARIATE GAUSSIAN77

MIXTURE MODEL78

The effect of truncation in bivariate Gaussian distribution has been discussed by several researchers (Norman79
L.Johnson, Samuel Kotz and Balakrishnan (1994)). The probability density function of the left truncated80
Gaussian distribution (truncated at zero) is,0 0 ; ( , ) ( , ; ) , 0 0 ( , ) x y f x y g x y f x y dxdy ? ? ?81
< < < < ? ? = ? ? (1)82

Where, zero is the truncation point for both the Hue and saturation, ( , ) f x y is the probability density83
function of the bivariate Normal distribution is2 2 1 1 2 2 2 2 1 1 2 2 1 2 1 1 2 1 ( , ) exp 2(1 ) 2 x x y y f x y µ84
µ µ µ ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? = ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?85
? ? ? ? ? ? ? ? + ? ? 1 2 1 1 < < + ; < y < + , 0 ; 0 ; < < , x ? ? ? ? ? ? ? > > ? ? ? 1 2 < < + ; < < +86
µ µ ? ? ? ? ? ?87

The value of0 0 1 ( , ) f x y dxdy ? ? ? ? ? ? ? ? ? ? ? is significant88
based on the values of the parameters. This distribution includes the skewed, asymmetric bivariate89

distributions as particular cases for limiting and specific values of the parameters. The various shapes of the90
frequency curves of the left truncated bivariate Gaussian distribution are shown in Figure1.91

Fig1 : Shapes of left truncated bivariate Gaussian frequency surfaces92
Following the heuristic arguments given by Bengt Muthen (1990), the mean value of ’X’(hue) is obtained93

asE(X) = 1 µ + 1 ? A(3)94
Where,1 1 1 2 1 2 A = 1 1 1 1 1 2 1 2 c c µ µ µ µ µ µ ? ? ?? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + ? ? ? ? ? ?95

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?96
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?97

and c = ( )1/ 2 2 1 ? ? ?98
, ? , ? are the ordinate and area of standard Normal distribution. Similarly the mean value ’Y’(saturation)99

isE(Y) = 2 µ + 2 ? B (4) Where, 2 2 2 1 2 1 2 2 1 2 1 B = 1 1 2 c c µ µ µ µ µ µ ? ? ?? ? ? ? ? ? ? ? ? ?? ? ?100
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?101
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?102

and c is as given in equation ( 3)103
The Variance of X isV(X) = 2 1 ? R -2A 1 ? A +A 2 = 2 1 ? R -A 2 (2 1 ? -1)(5)104
Where,2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 - - - - - - - - R ( ) ( ) 1 ( ) -( ) ( ) ( ) 1 ( ) -( ) c c µ µ µ µ µ µ µ µ ? ? ?105
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? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? = + ? ? + ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?106
? ? ? ? ? ? ? ? ? 1 1 1 1 1 1 1 - - - ( ) ( ) -( ) , c c µ µ µ ?? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?107
? ? ? ? ? ? ?108

and c and A is given in equation .109
(3) The Variance of Y isV(Y) = 2 2 ? T -2B 2 ? B +B 2 = 2 2 ? T -B 2 (2 2 ? -1) (6) Where, 2 2 2 2 2 2 2 2110

2 2 2 2 2 2 2 2 2 - - - - - - - - T ( ) ( ) 1 ( ) -( ) ( ) ( ) 1 ( ) -( ) c c µ µ µ µ µ µ µ µ ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?111
? ? ? ? ? ? ? ? ? ? ? ? ? = + ? ? + ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 1 2 2112
2 2 2 2 - - - ( ) ( ) -( ) , c c µ µ µ ?? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?113

c and B are as given in equations ( 3) and ( ??)114
respectively. The Covariance of (X, Y) isCOV (X, Y) = 1 2 U ? ? -AB ( 1 ? + 2 ? -1)(7)115
where,1 1 1 2 1 1 2 1 1 1 2 1 1 2 1 - - - - - - - U ( ) ( )1 ( ) -( ) ( ) ( ) -( ) c c c µ µ µ µ µ µ µ ?? ? ? ? ? ? ? ?116

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? = + ?? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?117
? ? ? 2 2 1 2 2 2 1 2 - - - - ( ) ( ) 1 ( ) -( ) , c µ µ µ µ ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + ?? ? ? ? ? ? ? ? ? ? ?118
? ? ? ? ? ?119

c, A and B are as given in equations ( 3) and ( ??) respectively.120
Since the entire image is a collection of regions, which are characterized by left truncated bivariate normal121

distribution, it can be characterized through a K-Component finite left truncated bivariate Gaussian distribution122
and its probability density function is of the form 1 ( , ) ( , ; )K i i i i i h x y g x y ? ? = = ?(8)123

Where, K is the number of regions, i ? >0 are weights such that1 1 K i i ? = = ? and { } 2 2 1 2 1 2124
= , , , ,i i i i i125
? µ µ ? ? ? is the set of parameters. ( , / )i i i i126
g x y ? given in equation (1) represent the probability density function of the i th image region. i ? is the127

probability of occurrence of the i th component of the finite left truncated bivariate Gaussian mixture model128
(FLTBGMM) i.e., the probability that the feature belongs to the i th image region.129

The mean vector representing the entire image isT ( ) 1 (W ) ( ) 1 K E X i i i E K E Y i i i ? ? ? ? ? ? ? =130
? ? = ? ? ? ? ? = ? ?(9)131

Where, ( ) L (?) = 1 ( , ; ) N s s s h x y ? = ? = 1 1 ( ( , ; )) N K i i s s s i g x y ? ? = = ? ? (10) ( ) 2 2 1132
1 2 2 2 1 1 2 2 1 1 2 1 2 0 0 1 2 exp 2 (1 ) 2 1 , ; N s i s i s i s i i i i i i i s i i i i i K x x y y i f x y dxdy µ µ µ µ ?133
? ? ? ? ? ? ? ? ? ? ? ? ? = = ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + ? ? ? ? ? ? ? ? ? ? ?134
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? = ? ? ? ? ? ? ? ? ? ? ? ? ? This implies log L (? ) = 1 1 log( ( , ; ))135
s s N K g x y i i s i ? ? ? ? = =(11)136

The updated equations of EM-algorithm for estimating the model parameters are137
) ?? ; )N l l k k s s s t x y N ? ? + = ? ? = ? ? ? ( )( ) ( ) ( ) 1 1 ( , ; ) 1 (l l k k s s K l l s k i s s i N g x138

y N g x y ? ? ? ? = = ? ? ? ? = ? ? ? ? ? ? ? ?(12) Where, ( ) ( , ;139
)l k s s140
g x y ? is as given in equation (1).141
For updating 1k µ we have,( ) ( ) ( 1) ( ) ( ) ( ) ( ) ( ) 2 1 1 ( ) 1 1 1 2 ( ) ( , ; ) ( , ; ) ( , ; ) A B 0 l l N N N l142

l l l l l k s k k k s s k s s s k s s k k l s s s k y t x y t x y x t x y ? ? ? µ µ ? ? ? + = = = ? ? ? ? ? ? + + ? =143
? ? ? ? ? ? ? ? ? ? ? (13)144

Similarly for updating 2k µ , we have ,( ) ( ) ( 1) ( ) ( ) ( ) ( ) ( ) 1 2 2 ( ) 1 1 1 1 ( ) ( , ; ) ( , ; ) ( , ; ) B A 0145
l l N N N l l l l l l k s k k k s s k s s s k s s k k l s s s k x t x y t x y y t x y ? ? ? ? µ µ ? ? ? + = = = ? ? ? ?146
? ? + + ? = ? ? ? ? ? ? ? ? ? ? ? (14)147

Where,( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )1148
, ; , ; , ; , ; , ;l l l l k k s s k k s s l k s s K l l l s s i i s s i g x y g x y ? ? ? ? ? ? = = = ? , ( ) 2 2 1 1 2 2 2 1149

1 2 2 ( ) 2 1 2 0 0 1 exp 2 2(1 ) ( , ; ) = 2 1 , ; s k s k s k s k k k k k k k l k s s k k k k x x y y g x y f x y dxdy ?150
? µ µ µ µ ? ? ? ? ? ? ?? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + ? ? ? ? ? ? ? ? ? ? ? ? ? ?151
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?152

A and B are as given in equations ( 3) and ( ??) respectively. The updated equations for 2 1k ? at ( 1) l +153
th iteration is, ( ) 2 ( 1) ( ) 1 2 2 ( ) ( 1) 1 1 ( ) 1 ( ) ( ) ( )( ) ( , ; ) + 0 k k l k l l k k l s s s k s s l s k l k N l l k154
x x y t x y D E ? µ ? µ µ ? ? ? ? + + = ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?? ? = ? ? ? ? ? ? ? ? ? ? ? ? ?(15)155

Where, ( ) ?? , ; )k s s l t x y ?156
is given in equation ( ??4), ( )1 1 1 1 1 2 1 2 1 1 1 2 1 1 1 2 1 1 1 1 - - - ( ) -( ) - - - 1 (-) 1 ( ) -( ) , k k k k k k157

k k k k k k k k k k k k k k k k D c c c µ µ µ ?? ? ? ? ? ? ? ? ? ? ? µ µ µ ? ? µ ? ? ? ? ? ? = + + + ? ? ? ?158
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?159

And1 2 1 2 1 1 2 1 1 2 1 2 1 2 1 2 2 1 2 - - - ( ) - ) - - - (-) 1 ( ) -( ) k k k k k k k k k k k k k k k k k k k k k E160
c c k c µ µ µ ? ?? ? ? ? ? ? ? ? ? ? µ µ µ ? ? µ ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? = + ? ? ? ? ? ? ? ? ? ? ?161
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ( ) 1162
2 1 2 1 1 2 1 - - - + - 1 ( ) -( ) k k k k k k k k k k c µ µ µ ? ? µ ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?163
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?164

The updated equations for 2 2k ? at ( 1) l ?? , ; ) ?? , ; )+ th iteration is 1 ( ) 2 ( ) ( 1) 1 2 2 ( )( 1) 1 2 ( )165
1 ( ) ( ) ( )( )+ 0 k k l k l l k k l s s s k s s l s k l k N l l k y x y t x y G E ? µ ? µ µ ? ? ? ? + + = ? ? ? ? ?166
? ? ? ? ? ? ? ? ? ? ? ? = ? ? ? ? ? ? ? ? ? ? ? ? ?(16) ( )k s s l t x y ?167

and E are as given in equations ( ??4) and ( 15) respectively and Therefore the updated equation for estimating168
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k? is ( ) ( ) ( ) ( ) 2 2 1 2 2 2 1 2 2 2 1 2 2 2 2 2 22 1 2 ( ) 1 1 1 (1 1 1 ( , ; ) = () ) 0 1 k s k s k k s s k k k169
k s k s k k k k k k k k N l x y t x y s x y D F E ? ? µ µ ? ? ? ? µ µ ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + ? ? ?170
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?? ? + ? ? + + ? + + = ? ? ?? ? ? ? ? ? ? ? ? ?? ? ? ? ?(17)171
Where, ( ) ( , ;172

)k s s l t x y ?173
, D, E and G are as given in equations ( ??4) ,( 15) and ( 16) respectively and .174
where, ( )2 2 2 2 2 2 2 2 2 2 2 2 2 1 21 2 1 1 ( ) - ( ) 2 1 (- ) ( ) - ( ) , - - - -- - 1 k k k k k k k k k k k k175

k k k k k k c c k k c k k G ?? ? ? ? ? ? ? ? ? ? ? ? µ µ µ ? ? ? µ µ µ µ ? ? ? ? ? ? = + ? ? ? ? ? + + ? ? ?176
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?177
? 2011 October ( ) 2 2 2 2 1 2 2 2 2 1 2 - - - ( ) 1 ( ) -( ) k k k k k k k k k k k c µ µ µ ? ? µ ? ? ? ? ? ? ? ? ? ?178
? ? ? ? ? ? ? + ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + 1 2 2 2 2 2 2 - - - ( ) ( ) -( ) k k k k k k k k k c c179
µ µ µ ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?180

Solving equations ( 12), ( ??3), ( ??4), ( 15), ( 16) and ( 17 ??000)). This method performs well, if the181
sample size is large, and the computation time is heavily increased. When the sample size is small, some small182
regions may not be sampled. To overcome this problem, we use K-means algorithm to divide the whole image183
into various homogeneous regions. In K-means algorithm the centroids of the clusters are recomputed as soon as184
pixel joins the cluster. The initial values of i ? can be taken asi ? = K 1185

, where, K is the number of image regions obtained from the K-means algorithm (Rose H. Turi (2001)). K-186
means algorithm uses an iterative procedure that minimizes the sum of distances from each object to its cluster187
centroid, over all clusters. This procedure consists of the following steps.188

1) Randomly choose K data points from the whole dataset as initial clusters. These data points represent189
initial cluster centroids. 2) Calculate Euclidean distance of each data point from each cluster centre and assign190
the data points to its nearest cluster centre. 3) Calculate new cluster centre so that squared error distance of191
each cluster should be minimum. 4) Repeat step 2 and 3 until clustering centers do not change. 5) Stop the192
process.193

The efficiency of the EM-algorithm in estimating the parameters is heavily dependent on the number of regions194
in the image. The number of mixture components taken for K-means algorithm is obtained,195

2 IV. INITIALIZATION OF PARAMETERS BY K-196

3 MEANS197

In the above algorithm, the cluster centers are only updated once all points have been allocated to their closed198
cluster centre. The advantage of K -means are that it is a very simple method, and it is based on intuition about199
the nature of a cluster, which is that the within cluster error should be as small as possible. The disadvantage of200
this method is that the number of clusters must be supplied as a parameter, leading to the user having to decide201
what the best number of clusters for the image is ?? ? for each image region and with the method of moments202
given by Bengt Muthen (1990) for Truncated Bivariate Normal Distribution with initial parameters as? i = 1/K203
for i=1,2,?,K 1k µ = 1k204

x is the k th region sample mean of the Hue angle. Substituting these values as the initial estimates, we obtain205
the refined estimates of the parameters by using the EM-algorithm.206

V.207

4 SEGMENTATION ALGORITHM208

After refining the parameters the prime step is image segmentation, by allocating the pixels to the segments.209
This operation is performed by segmentation algorithm. The image segmentation algorithm consists of four steps210
( )2 2 2 1 2 1 2 2 2 2 - - - ( ) 1 ( ) -( ) k k k k k k k k k k k F c µ µ µ ?? ? ? µ ? ? ? ? ? ? ? ? ? ? ? ? ? ? = ?211
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? . That is ( ) 2 2 1 1 2 2 2 1 1 2 2 2 1 2 0 0 1 exp 2 2(1 ) max 2 1 , ,212
s k s k s k s k k k k k k k j j k k k k k x x y y L f x y dxdy µ µ µ µ ? ? ? ? ? ? ?? ? ? ? ? ? ? ? ? ? ? ? ? ? ?213
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? + ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ?214
? ? ? ? ? ? ? ? ? VI.215

5 EXPERIMENTAL RESULTS216

To demonstrate the utility of the image segmentation algorithm developed in this paper, an experiment is217
conducted with six images taken from Berkeley images dataset (http://www.eecs. Step4) Assign each pixel into218
the corresponding j th region (segment) according to the maximum likelihood of the j th component L j . 1219
2 3 4220

1© 2011 Global Journals Inc. (US)
2© 2011 Global Journals Inc. (US) Global Journal of Computer Science and Technology Volume XI Issue

XVIII Version I
3October © 2011 Global Journals Inc. (US)
4© 2011 Global Journals Inc. (US) Global Journal of Computer Science and Technology Volume XI Issue

XVIII Version I 28
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Figure 2: 1

Figure 3:
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1k

Figure 4: 2k µ = 1k y

12212

Figure 5: Step 1 ) 2 1k ? , 2 2k ? , k ? and k ? for i= 1 , 2 ,

Figure 6:
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222

Figure 7: Figure 2 : 2 1i ? , 2 2i?

Figure 8:

Figure 9:

and k ? . ? 1k µ
, 2k µ ,
2 1k ? ,
2 ? 2k

by plotting the histogram of the pixel intensities of the
whole image. The mixing parameter k ? and the region
parameters 1k µ , 2k µ , 2 1k ? , 2 2k ? , k ? are unknown as
prior. A commonly used method in initializing
parameters is by drawing a random sample in the entire
image data (Mclanchan G. and Peel D. (

Figure 10:
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.1 PERFORMANCE EVALUATION

Substituting the final estimates of the model parameters, the probability density function of the feature vector221
of each image are estimated. Using the estimated probability density functions and the image segmentation222
algorithm given in section V, the image segmentation is done for each of the six images under consideration. The223
original and segmented images are shown in Figure ??.224

.1 PERFORMANCE EVALUATION225

After conducting the experiment with the image segmentation algorithm developed in this paper, its performance226
is studied. The comparison is based on three performance measures namely, Probabilistic Rand Index (PRI) given227
by Unnikrishnan R. and et.al ??2007), the Variation of Information (VOI) given by Meila M. (2005), and Global228
Consistency error (GCE) given by Martin D. and et al (2001). The objective of the segmentation methods are229
based on regional similarity measures in relations to their local neighborhood.230

The performance of developed algorithm using finite left truncated bivariate Gaussian mixture model231
(FLTBGMM) is studied by computing the segmentation performance measures namely, PRI, GCE and VOI232
for the six images under study. The computed values of the performance measures for the developed algorithm233
and the earlier existing finite Gaussian mixture model (GMM) with K-means algorithm are presented in Table234
?? for a comparative study. ??, it is observed that all the image quality metrics for the images are meeting235
the standard criteria. This implies that using the proposed algorithm the images are retrieved accurately. A236
comparative study of proposed algorithm with that of algorithm based on finite Gaussian mixture model (GMM)237
and Finite left truncated bivariate Gaussian mixture model with K-means reveals that the mean square error238
of the proposed model is less than that of the finite GMM and FLTBGMM. Based on all other quality metrics239
also it is observed that the performance of the proposed model in retrieving the images is better than the finite240
Gaussian mixture model.241

.2 VIII.242

.3 CONCLUSION243

In this paper we introduce a novel and new colour image segmentation method based on left truncated bivariate244
Gaussian mixture model. Here it is assumed that the colour image is characterized by HSI colour space, in245
which the Hue and Saturation values are non negative. they are characterized by left truncated Bivariate246
Gaussian mixture model. The left truncated bivariate Gaussian distribution includes the Bivariate Gaussian247
distribution is a limiting case when the truncation points tends to infinite. It also includes several platy, meso,248
lefty and skewed distributions as particular cases for different values of the parameters. The model parameters249
are estimated by using EMalgorithm. The initialization and the number of image segments are determined250
through K-means algorithm and moment method of estimation. The segmentation algorithm is developed251
with component maximum likelihood. The experimentation with six colour images reveals that this algorithm252
outperforms the existing algorithms in both image segmentation and image retrievals. The image quality metrics253
also supported the utility of the proposed algorithm. It is possible to develop image segmentation algorithm with254
finite mixture of doubly truncated multivariate Gaussian distribution with more image features which require255
further investigations.256
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