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Abstract 

In a content-based image retrieval (CBIR) system, 
indexing feature vectors and the similarity measure 
between feature vectors are two key factors for 
retrieval performance. In this paper, we present a new 
CBlR system with statistical-model based image 
feature extraction io the wavelet domain and a 
Kullback divergence based similarity measure. A two 
component Gaussian Mixture Model (GMM) in the 
wavelet domain is employed and the model parameters 
are used to form features for image indexing. A new 
Kullback divergence based similarity measure is then 
presented for image retrieval. The experimental results 
demonstrate that the similarity measure based on the 
Kullback divergence is more effective than 
conventional similarity measures, such as the City- 
block distance and the Euclidean distance. It is shown 
that the new CBIR system with the combination of the 
GMM and the new Kullback divergence based 
similarity measure outperforms most other methods in 
retrieval performance for texture images, while 
keeping a comparable level of computational 
complexity. 

1. Introduction 

With the development of the Internet and digital 
storage techniques, digital image libraries have been 
widely used for commercial and research purposes. 
Content-based image retrieval (CBIR) provides an 
effective way to search and browse the image libraries 
based on their indexing features. Feature extraction 
and similarity measurement are two major factors that 
affect the performance of a CBIR system. 

This work is supported by Canadian NSERC research grant 
RCPtN23903 I and a MICRONET research grant. 

The image texture features, along with the color 
features and shape features, are always the focus of 
research in image feature extraction. Some researchers 
use the codebook concept to extract texture features 
and compose the indexing feature vector, in which 
images are divided into blocks and each block is coded 
and becomes a part of the codebook. Other researchers 
notice the multiresolution advantage of image 
transforms in tbe compressed domain and extract 
texture features by employing Gabor filters [l], 
pyramid-structured wavelet transform (PWT) and tree- 
structured wavelet transform (TWT) [2]. 

Based on the extracted texture features, similarity 
measurement is computed between the query image 
and each image in the database so that the top matched 
images to the query can be retrieved. The similarity 
measurement used to rank the images has direct impact 
on the retrieval performance. One commonly used 
approach for similarity measurement in many retrieval 
systems is the norm-based distance between two 
feature vectors, such as the City-block distance and the 
Euclidean distance. However, it is far from optimal 
since the extracted texture features are different from 
each other in global variances. The features cannot be 
compared on a same scale if the simple Euclidean 
distance is used for similarity measurement. 

In our previous work [3], a Gaussian Mixture 
Model (GMM) is shown to be effective to extract 
image texture features in the wavelet domain for image 
retrieval. However, the employed simple normalized 
Euclidean distance similarity measurement is 
somewhat arbitrary for a statistical model such as 
GMM. 

In this paper, we present a new Kullback 
divergence approach to measure the similarity between 
two Gaussian mixture distributions. Although there is 
no simple closed form for such Kullback divergence 
computation, we are able to approximate it by first 
dividing the Gaussian mixture distribution into two 
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separate Gaussian distributions and then combining 
their results together. Therefore its computational 
complexity remains at the same level as that of the 
Euclidean distance approach. Experimental results 
show that the similarity measurement based on 
Kullback divergence outperforms those norm-based 
distance computations (City-block or Euclidean). 
Compared with other conventional approaches, the 
new CBIR system based on GMM and Kullback 
divergence achieves a higher retrieval rate while 
keeping a comparable level of computational 
complexity. 

2. Texture feature extraction based on the 
Gaussian mixture model (GMM) 

A 2-D wavelet transform decomposes an image 
into wavelet subspaces at different scales. By applying 
GMM to each wavelet subspace, we fmd the obtained 
GMM parameters are effective texture feature 
descriptors [3]. The whole process has three steps. 

First, the GMM is employed to model the marginal 
distribution of wavelet coefficients in the wavelet 
subspaces. Wavelet coefficients have a peaky, heavy- 
tailed marginal distribution [4] that can be well 
expressed by a two component Gaussian mixture: 

P ( w , ~ = P ; ~ ~ , , o , ~ ~ ~ + P , ~ ~ Y , O , o : ~ ~  (1) 
P ,  +PI = 1 ,  (2 )  

where the class of small coefficients is represented by 
subscript “s” and the class of large coefficients by 
subscript “P‘. The a priori probabilities of the two 
classes are represented by p ,  and p e  respectively. The 
Gaussian component g(w,, 0, as2) corresponding to the 
small coefficients has a relatively small variance a?, 
capturing the peakiness around zero, while the 
component g(w,, 0, a;) corresponding to the large state 
has a relatively large variance q2, capturing the heavy 
tails. Note w,, i= l ,  ... ,K, represent the wavelet 
coefficients in a single wavelet subspace. 

In the second step, an Expectation Maximization 
(EM) algorithm can be applied to obtain the model 
parameters bs, PI, o:, a:] of the GMM. 

In the third step, the GMM parameters of all 
wavelet subspaces are integrated to construct the 
indexing feature vector. As known, the 2-D wavelet 
transform decomposes an image into three wavelet 
subspaces (horizontal, vertical and diagonal) at each 
scale. The three wavelet subspaces contain different 
image texture information. Therefore, the GMM is 
applied to extract the texture features in wavelet 
subspaces at different scales. The final indexing 
feature vector includes all GMM parameters and can 
be expressed as follows: 

F=[W;,, W;v> W I D ,  ..., w,, Wj“,  W,,l. (3) 
where Wis the GMM parameter set k, pi ,  a:, o;] of a 
single wavelet subspace. Subscripts H, V, and D 
represent the three different directions (Horizontal, 
Vertical and Diagonal) of the wavelet transform at 
each scale and subscript j represents the number of 
scales the image is decomposed to. 

3. Similarity measurement based on the 
Kullback divergence 

Many similarity measurements use the Minkowski 
distance to compare two feature vectors. Suppose we 
have two N dimensional feature vectors X and Y, the 
general Minkowski distance betweenXand Y is: 

(4) 

If r=1, @e distance is known as the City-hlock or 
Manhattan distance. If r=2, the distance is the 
Euclidean distance. It can be seen that these distance 
functions are not very effective because the features in 
the feature vector are so different from one another 
that some features with large values will dominate the 
entire distance function. The normalized Euclidean 
distance [3] is one way to alleviate the problem such 
that all features have approximately the same influence 
on the overall distance. However, it is still not optimal 
since the features in the feature vector represent 
measurements of different characteristics. It is very 
difficult to assign appropriate weights to each feature 
in the feature vector so that they can be compared on a 
same scale in the distance function. 

The Kullback divergence provides an effective 
approach for similarity measurement of two 
distributions. Suppose we have two probability density 
h c t i o n s  (PDFs) p ( x )  and q ( x )  that are for wavelet 
coefficients in a wavelet subspace. Their Kullback 
divergence is calculated as follows [5]: 

In order to measure the similarity between an image 
and the query, we need to compute the Kullback 
divergence between their Gaussian mixture 
distributions for each decomposed wavelet subspace 
and then sum them up to get an overall distance. By 
substituting (1) into ( S ) ,  we obtain the Kullback 
divergence for a single wavelet subspace for GMM: 

d@I(x)>P2(x)) = jPSl . g ( x 3 4 4 J  + P,, .d*O,O;:)). 
In @,I .d4O>dO+P,, .g (x ,OP3)  dr 

, (6) 

@*2~g(x>o>42:;)+P,, .scx>o,42)) 
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where&) is the Gaussian mixture distribution of the 
image compared to the query and p&) is the Gaussian 
mixture distribution of the query. It can be seen that all 
GMM parameters b3, p/, a:, q2] are involved in the 
Kullback divergence to measure the similarity of two 
images as given by (6), no matter how different are 
these parameters (features) in mean and global 
variance values. 

However, there is no closed form for the Kullback 
divergence given in (6) and it can only he numerically 
calculated. Its computational complexity is so high that 
the approach is not practical for a CBIR system. It is 
observed that by dividing the Gaussian mixture 
distribution into two separate Gaussian distributions, 
the simple closed form of the Kullback divergence for 
each separate Gaussian distribution can he easily 
computed. Therefore, we present a new Kullhack 
divergence based similarity measure for GMM as 
follows: 

d ' ( p , ( x ) , p , ( x ) ) = ~ ( x ) + I . ; ( x ) ,  (7) 

Scales of 
decompositio 

The two separate Kullback divergences F&r) and F&) 
have simplified closed forms after integral calculation, 
as given by (10) and (1 1): 

Type of similarity measurement 
Normalized I Complete I Separate 

.. 
This new Kullback divergence based similarity 
measure can be calculated very efficiently using GMM 
parameters. The computational complexity is retained 
at the same level as other conventional similarity 
measures using Minkowski distances. As will be 
shown in the next section, the similarity measurement 
based on the separate Kullback divergence approach 
(7) has nearly the same efficiency as that based on the 
complete Kullhack computation (6). Both Kullback 
approaches outperform traditional similarity measures 
by significantly improving the retrieval rate. 

4. Experimental results 

The Brodatz image database is used to demonstrate 
the effectiveness of the texture features extracted by 
GMM and the similarity measurement using Kullback 
divergence. The database consists of 1,856 images in 
116 different classes, with each class containing 16 

n 
2 scales 
3 scales 

similar images. Given a query from any class, the ideal 
condition is that all 16 images in the same class as the 
query are retrieved. The retrieval performance is 
evaluated by the overall retrieval rate which is defined 
as the average percentage of images belonging to the 
same class as the query in the top 16 matched [I]. 
Since the initial retrieval rate reflects objectively the 
effectiveness of extracted features and similarity 
measurement, we use the initial retrieval rate to 
benchmark the retrieval performance and no relevance 
feedback is applied in this experiment. 

The GMM is used to extract texture features for 
each image in the Brodatz database. In the 
experiments, two levels and three levels of 
decomposition are performed respectively. According 
to (3), the two-level decomposition generates six 
wavelet subspaces and has twenty-four features (four 
features for each subspace) in the feature vector, while 
the three-level decomposition generates nine wavelet 
subspaces and has thirty-six features in the feature 
vector. Then three different kinds of similarity 
measurement (normalized Euclidean distance, 
complete Kullback divergence and separate Kullhack 
divergence) are applied on the texture features to 
compare their retrieval performances, as shown in 
Table 1. 
Table 1. Initial Retrieval Rate based on Similarity 

Euclidean Kullback Kuilhack 
69.12% 71.63% 71.87% 
73.72% 75.68% 75.50% 
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GMM & Kullback PWT 
2 scales I 3sca1es 

Number 

Gabor 

We then compare the GMM and the separate 
Kullback based approach with other traditional 
methods, such as the PWT (Pyramid Wavelet 
Transform) based and the Gabor filter based methods. 
Like GMM, they also extract image texture features 
kom the compressed domain. Table 2 lists the 
comparison result. The new method achieves a higher 
retrieval rate than the PWT and Gabor methods, with 
equal or fewer features in the feature vector. Figs. 1-2 
show the top 16 matched images to the query retrieval 
of a query image “d12-1” based on the Euclidean 
distance and the Kullback divergence, respectively. 
The correctly retrieved images are marked with check 
boxes. It can be seen that the similarity measure based 
on Kullback divergence has a better performance than 
that,based on Euclidean distance. 

5. Conclusions 

In this paper, a Gaussian Mixture Model (GMM) is 
presented to extract image texture features in the 
wavelet domain. A new Kullback divergence approach 
is developed for similarity measurement of texture 
features extracted by GMM. Compared with the 
conventional norm-based distances (City-block or 
Euclidean), the Kullback divergence is more 
appropriate and efficient in similarity measurement for 
features extracted by statistical models including the 
GMM. Simulation results indicate that the Kullhack 
divergence approach achieves a higher retrieval rate, 
while keeping the same level of computational 
complexity as those Euclidean distance-based 
methods. It is shown that the new CBIR system with 
the combination of the GMM and the new Kullback 
divergence based similarity measure outperform many 
other existing methods. 
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a G E G G G  
Fig. 1. Retrieval based on C M M  and normalized 
Euclidean distance. 7 images are retrieved correctly 
out of top 16 matches. 
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f C l l i t l j  
Fig. 2. Retrieval based on CMM and separate 
Kullback divergence similarity measure. 11 images 
are retrieved correctly out of top 16 matches. 
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