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ABSTRACT 

In this pape,: a new image feature extraction method 
based on the statistical analysis in the wavelet domain is 
developed for content-based image retrieval (CBIR). A 
!WO component Gaussian mixture model is developed to 
describe the statitistical characteristics of images in the 
wavelet domain. The model parameters are obtained by 
an EM (Expectation-Maximization) algorithm and then 
employed to construct the indexing feature space for CBIR. 
The new method is applied on the Brodatz image database 
to demonstrate its perjormance. The preliminary 
experimental results indicate that the composed indexing 
feature space through the statistical approach is very 
effective in representing image features and provides a 
high retrieval rate in CBIR. Compared with other CBIR 
feature extraction methods, the new method achieves 
comparable retrieval perjormance with less number of 
features in the feature space, which means the new 
method is more computationally eficient. 

Keywords: Content-based image rem'eval, wavelet 
transforms, feature extraction, EM algorithm 

1. INTRODUCTION 

Content-based image retrieval (CBIR) bas been very 
active in recent years with the advancement of the 
multimedia storage technologies and the development of 
the World Wide Web. In a CBIR system, low-level image 
features such as color, texture, and shape are extracted so 
that users can index and retrieve images in the large image 
databases. The performance of a CBIR system depends on 
the effectiveness of the feature extraction method and the 
composed feature space. Based on low-level feature 
indexing and matching, a lot of feature extraction tools 
and image retrieval systems have been developed, e.g. the 
USC system, the Phonebook system, the Mars system, etc. 

In this paper, we analyze image features in the wavelet 
domain and propose a statistical model to extract features 
and compose the feature space. The extracted features are 
able to represent image contents (edges, textures) 
effectively and the composed feature space is compact, 
which means less computational complexity involved. 

This paper is organized as follows. Section 2 reviews 
the basic concepts and practices of a CBIR system. In 
section 3, the Gaussian mixture statistical model and 
related EM algorithm are presented for image feature 
extraction in the wavelet domain. Section 4 demonstrates 
some experimental results on the Brotadz image database. 
Finally, section 5 draws some conclusions. 

2. CONTENT-BASED IMAGE RETRIEVAL 

Figure 1 shows the architecture of a typical CBIR 
system. For each image in the image database, its features 
are extracted and the obtained feature space (or vector) is 
stored in the feature database. When a query image comes 
in, its feature space will be compared with those in the 
feature database one by one and the fmt K similar images 
with the smallest feature distance will be retrieved. 

Because there is always a gap between the high-level 
semantics of human perception and the low-level features, 
the K retrieved images will he passed to the user for 
discrimination. The user will determine which image is 
relevant to the query image and which is not among these 
K images depending on his visual perception. Based on 
the discrimination result, the feature space of the query 
image will then be updated by some query models and 
applied in the next round of feature comparison. Through 
this iterative process, the gap between human perception 
and low-level features will be compensated and the 
retrieval rate will be improved. 
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3. FEATURE EXTRACTION BY THE MIXED 
GAUSSIAN MODEL IN THE WAVELET DOMAIN 

The proposed feature extraction method is based on a 
multi-scale statistical modeling of images in the wavelet 
domain. The obtained model parameters of the wavelet 
subspaces at multiple scales are employed to construct the 
indexing feahue space. The feature extraction process 
contains tbree steps. 

In the fmt step, a Gaussian mixture statistical model is 
developed to describe the distribution characteristics of 
wavelet coefficients in the wavelet subspaces. The wavelet 
coefficients record image texture and edge information at 
different wavelet scales and have a peaky, heavy-tailed 
marginal distribution [l]. Only a few coefficients have 
large values at the positions where edges occur, while 
most others have small values. This statistical 
characteristic can be expressed by using a two component 
Gaussian mixture: 

P(Y)=P" .dY,44)+Pl 3 t Y , 4 4 )  (1) 

P , + P I = l ,  (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, , respectively. The 
Gaussian component g(W,,o,u;) corresponding to the 

small coefficients has a relatively small variance af , 
capturing the peakiness around zero, while the component 
g(w,,O,a,?) corresponding to the large state has a 

relatively large variance of, capturing the heavy tails. 

Note w, , i=1, ...J, represents the wavelet coefficient. 

In the second step, we apply an EM algorithm [Z] on 
the Gaussian mixture model to obtain the model 
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parameters [ps,PI,u:,a:] pertaining to a certain 
wavelet subspace. The EM algorithm is iterative and 
consists of two steps for each iterative cycle. For the n-tb 
iterative cycle, the E step calculates the individual hidden 
state probabilities for each wavelet coefficient: 

Y 

C wj 'psi (n) 2 w, 'pt. (n) 
u: (n + 1) = '=' ,u,?(n+l)= , (6) 

Kp*(n+l) KP~ (n  + 1) 

In the thud step, the model parameters of different 
wavelet subspaces are integrated to construct the inde:ring 
feature space. As hown, the 2-D wavelet transform 
decomposes an image into three wavelet subspaces 
(Horizontal, Vertical and Diagonal) at each wavelet scale. 
The three wavelet subspaces contain different inlage 
information. Therefore, the statistical model needs to be 
applied to each of them to extract the features. Besides the 
wavelet subspace, the 2-D wavelet transform also generate 
a scaling subspace at the coarsest scale. Since the scaling 
subspace is a low-frequency approximation to the original 
image, we can take the mean value of its coefficients as a 
stand-alone feature. Thus, the integrated feature space can 
be expressed as follows: 

F = [W,,W,,W,, ... WjHWj ,Wj~Sj  J (7:) 
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where w i s  the model parameters bs ,p , ,c : ,u ,?]  of 
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the wavelet subspace and s is the mean value of the 

coefficients in the scaling subspace. Subscripts H, V ,  D 
represent the three wavelet subspaces (Horizontal, Vertical 
and Diagonal) at each scale and subscript j represents 
the number of scales the image is decomposed. 
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4. EXPERIMENTAL RESULTS 

The Brodatz image database is used to demonstrate the 
effectiveness of the proposed feature extraction method. 
The database consists of 1,856 images in 116 different 
classes, with each class containing 16 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. 

In ow experiment, each image in the database is 
decomposed to two wavelet scales for feature extraction. 
Therefore it has a total of 6 wavelet subspaces and I 
scaling subspace. Since each wavelet subspace has 4 
parameters (or features), the total number of features in 
the feature space is 6 x 4 + 1 = 25. Fig.2-Fig.5 shows 
the retrieval results of 4 image queries, each from a 
different class. Table 1 lists the retrieval results: 

Table 1 .  Retrieval results o f 4  different queries 
Query Correctly Rcbievcd lmagcs Among Top 16 
Class I Initial Retrieval I Second Round Retrieval 

Figure 2 and 3 shows the retrieval results of two 
simple queries which are from class 1 and 37 respectively. 
The images in these two classes are not complicated so the 
retrieval results are very satisfactory. Figure 4 shows some 
interesting staffs. The retrieved images are mainly from 
two classes and the images in the two classes are very 
similar to each other. The only big difference is at the 
texture colors. One is white while the other is black. To 
distinguish this kind of difference, a good method is to 
add the mean of the pixel values as a new feature in the 
feature space. Figure 5 gives a complicated query image 
which contains rich image information. The retrieval 
result is satisfactory as far as the complicacy of the image 
is concerned. In all above 4 cases, if we pick out the 
relevant images and perform a second round retrieval, we 
can get a perfect retrieval result with nearly all relevant 
images being retrieved. This fact explains that the features 
we selected are appropriate and effective. 

The performance of the proposed feature extraction 
method is evaluated hy 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. Table 2 
lists the overall retrieval rate with the method applied on 
the Brodatz image database: 

Table 2. Overall retrieval rate 
I Wavelet I Retrieval Rate (“h) 

~~~ 

Scales r R =  I I R = 2  I R = 3  1 R = 4  
2 I 73.12 I 84.8 I 87.6 I 88.7 

R is the round of retrieval. In this test, each image is 
decomposed to only 2 wavelet scales. With more scales 
decomposed, the retrieval rate will be further improved. 

We also compared the experimental result with other 
feature extraction methods, such as the PWT 
(Pyramid-structured Wavelet Transform) based, TWT 
(Tree-structured Wavelet Transform) based, and Gabor 
filter based methods. Table 3 shows the comparison result. 
The new method outperforms PWT and TWT based 
methods. When compared with the Gabor filter based 
method, the new method achieves a comparable 
performance with only half number of features in the 
feature space, which means it is more computationally 
efficient. 

Table 3. Retrieval rate and feature space 
dimensions 

I Gaussian PWT I TWT 1 Gabor 
Retr. Rate I 73.12% I 68.70% 1 69.41% I 74.37% 

FeatureNum I 25 I 24 I 104 I 48 

5. CONCLUSIONS 

In this paper, we proposed a statistical method to 
extract image features in the wavelet domain. The 
obtained features and feature space are quite effective in 
representing image contents. The new method also 
achieves comparable or better retrieval performance with 
a more compact feature space, if compared with other 
feature extraction methods. 
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(a) Initial retrieval (b) First iteration 
Fig. 2. Image query from class 7 
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(a) Initial retrieval (b) First iteration 
Fig. 3. image query from class 37 
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(a) Initial retrieval @) First iteration 
Fig. 4. Image query from class 66 

(a) Initial retrieval (b) First iteration 
Fig. 5. Image query from class 40 
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