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ABSTRACT 

In this paper, two fundamental aspects for content-based 
image retrieval system are studied: visual feature extraction 
and retrieval system design. (i) Feature extraction shares 
some common properties with image compression where the 
multiresolution nature of wavelet decomposition can be 
exploited. When wavelet coefficients are vector quantized, 
the information content in each spatial-frequency subband is 
mapped onto coding labels. Thus, the statistics of these labels 
will reflect subband characteristics of an image. This 
constitutes a feature vector that is then used for image 
matching. (ii) The proposed retrieval system supports queries 
based on system-user interaction that utilise non-Euclidean 
similarity measure. A non-linear function based on a radial 
basis function (RBF) is adopted for characterising the 
behaviour of human users in an interactive section where 
relevance feedback is applied. Experimental results show that 
the retrieval efficiency is considerably improved by 
implementing the proposed approach. 

1. INTRODUCTION 

Content-based retrieval in digital libraries has been 
recognized as a key research area in multimedia. In this 
paper, two fundamental aspects for content-based image 
retrieval are studied: visual feature extraction and retrieval 
system design. We first propose a new algorithm for content 
extraction that allows for fast and efficient searching through 
a large collection of digital images using texture features. 
Then we study retrieval-system architecture which supports 
queries based on system-user interaction that provides a non- 
linear criterion for image matching. This system results in an 
increase of retrieval accuracy and effectiveness. 

Visual feature extraction: Recently, image compression 
techniques using wavelet transformationhector quantization 
(WTNQ) coders have been reported widely in the literature 
[1]-131. The way of exploiting the multiresolution nature of 
wavelet decomposition for image compression allows us to 
design a sharable algorithm for feature extraction and 
indexing. This sharable approach offers a benefit of 
minimizing additional operations. Image indices are derived 
from the compressed domain, thereby performing a statistical 

coding label which is referred to as "multiresolution- 
histogram indexing (MHI)". An advantage of the indexing in 
the compressed domain is that it provides great potential for 
reducing computational complexity, because it avoids the 
costly operation of decompressing the images. In addition the 
technique introduced in this paper is highly desirable, as it is 
compatible with the new standard JPEG2000 which uses 
WTNQ for still image coding. 

Retrieval system design: Since the Euclidean measure 
does not effectively simulate human perception [4], we 
consider a system that utilizes non-Euclidean similarity 
measure and supports more accurate search strategies. To 
evaluate non-linear nature in similarity matching, we exploit 
an interactive technique called relevance feedback [5]. The 
proposed system can automatically leam important features 
in accordance with different users' preference and different 
type of images, and it can approximate the non-linearity 
using a radial basis function for determining the similarity. 

2. FEATURE EXTRACTION AND INDEXING 

Wavelet is a method of representing an image with different 
resolution subimages. It provides a spatial-frequency 
informative view at various resolution levels that can give 
insight into the texture and thus aid in the evaluation of 
distinct characteristics. Wavelet possesses a spatial 
localization property which preserves the logical spatial 
relationship between image textural regions. We propose to 
generate image features that reflect this property. 

Feature extraction is obtained simultaneously with image 
compression. Two techniques: bi-orthogonal wavelet and 
vector quantization coders are employed for the compression. 
These techniques have been proven to achieve high 
compression while maintaining good visual quality [3]. The 
process is described below: 

First, the process starts with a multiscale pyramid 
decomposition of the image (see Figurela). The outcomes of 
the decomposition are subimages corresponding to different 
resolution levels and orientations. Each subimage is then 
vector quantized using a multiresolution codebook which is 
generated off line using the Linde-Buzo-Gray (LBG) 
algorithm. Note that the multiresolution codebook (see 
Figure1 c) contains subcodebooks for each resolution level 
and preferential direction (horizontal, vertical, and diagonal). 
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Figure 1. (a) The image encoding scheme; (b) Subimages bit 
rate allocation for a total bit rate of 1 bpp and for a two-level 
decomposition. Note that each subcodebook has the same size 
N=256; (c) Multiresolution codebook. 

Each subimage is vector quantized using only one 
appropriate subcodebook. In order to minimize the overall 
distortion of the coder, a method of bit allocation is designed. 
Figure I(b) shows bit rate allocation of subcodebooks and the 
size of each subcodebook. 

Second, for each subimage, the outcomes of the VQ are 
the labels that represent the corresponding codeword 
locations in the particular subcodebooks. To capture the sub- 
image characteristics provided by the wavelet decomposition, 
histogram of the labels is obtained for each subimage (one 
histogram per subimage). The histogram is referred to as 
subhistogram that records how often the codewords are used 
for coding. This technique makes use of the fact that the 
usage of codewords reflects the content of input subimage 
encoded. Since vectors put into VQ are formed from 
coefficients from the same subimages, the vectors have the 
same resolution or perceptual importance [9] ,  so that the 
subhistogram of the coding labels of these vectors represents 
one particular subimage. Thus, on the whole, subhistograms 
from different subimages reflect different resolution 
information. As a result, a MHI obtained by assembling all of 
these resulting subhistograms, is reflected in the 
multiresolution representation of an image. 

If all subimages are used to obtain the feature vectors, 
the process above leads to a very high dimensional MHI. One 
modification we propose is to exclude some subimages. It 
has been demonstrated that lowpass wavelet coefficients at 
the coarsest resolution level contain lowest frequency 
components, which are variant according to image brightness 
or illumination level [7] [8 ] .  This makes the feature vector 
variant to the change of illumination level. The problem can 
be solved by normalising the lowpass coefficients before 
obtaining the feature vectors. However, the proposed feature 

vector excludes the lowpass subimage, since the remaining 
subimages contain enough information to characterise the 
feature vectors. This makes the feature vector robust to the 
change of illumination level, and has less complexity than the 
original. We also propose to exclude a subimage at the 
diagonal orientation of the finest resolution, because it has 
less perceptual importance [3]. The proposed MHI 
corresponding to two-level decomposition and the bit rate 
allocation in fig 1, is represented as MHI={H,; ...; H,; ...; H,}, 
where H, is the histogram obtained from sub-image i. 

3. RETRIEVAL SYSTEM DESIGN 

In image retrieval, evaluating the similarity between the 
feature vectors is as important as extracting the visual feature 
vectors. Since similarity of images is determined by 
comparison of the vectors in the feature space rather than 
comparison in the image domain, the measuring techniques 
that can simulate human perception of visual contents are 
required. Linear techniques have been widely used. For 
example, the Euclidean distance measures the similarity 
between vectors as: 

d(x,x,)=llx-x, II= i:? C(X, - x q , )  

where x. and x,, are the i-th elements of the input feature 
vector x and the query feature vector x,, respectively. 

A problem that arises, however, is that the linear 
measuring techniques do not effectively determine the 
similarity because the similarity does not spread or vary in 
the same proportion in all directions in N-dimensional feature 
space. Only some features are important for representing 
similar contents between two particular images [6]. 

As an altemative, we propose a search engine based on 
non-linear criteria, which evaluates the similarity by 
interacting with the user. The relevance feedback 
demonstrated in [5] [6] is exploited to allow the system to 
leam important (“relevant”) features from user’s feedback. 
The learning process stimulates the system to estimate a 
suitable non-linear function for determining the similarity. A 
Gaussian shaped radial basis function (REW) is the proposed 
non-linear function and it is defined as: 

where a, i= 1 , .  . . ,N are the tuning parameters, an input feature 
vector is represented as x=(x ,,..., x ,,..., xN), and the center of the 
curve or a query feature vector is represented as 

The magnitude of G(.) indicates the similarity between 
vector x and x, by measuring the distance between x, and x, in 
all directions N .  The magnitude of the G,(.) in each direction 
is normalised to unity for computing overall similarity, so 
that the overall similarity is not influenced by some directions 
that have a large distance between x and x,. 

x,=(x,,, . . . ,x,, . . . ,Xd .  
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It is observed that the magnitude of G,(.) is always unity 
regardless of the distance of x, and x,,, when a >> p-xq,l. Thus 
the tuning parameter a is the parameter that controls the 
usage of the function. If the similarity of the content depends 
on only one direction i=n, the distance between x. and x, is 
critical to determine the similarity of x and x,. In this case, 
the value of om should be small to ensure that only small 
distance between x. and x, makes the magnitude of Gm(.)g1. 
In such a case we could say that the direction n is important 
or relevant to determine the similarity. 

In order to use Eq. 2 for evaluating the similarity, the 
function is characterized by suitable tuning parameters. The 
set of tuning parameters is obtained by the user's feedback 
information in the learning process. This process allows the 
system to leam the relevant features of visual content which 
is defined by the user. For a given query vector x,, the 
learning and searching algorithm are obtained as the 
following steps: 

Learning and Searching Algorithm 
a. Compare x, to the image feature vectors stored in the 

database using Eq. 1 and storing the distances d, in 
increasing order, wherej is the label of the feature vectorj 
in the database 

b. Use k-nearest neighbour rule to determine the closest set of 
vectors which indicates the retrieved images, 
y={x,,x*,. . .,XkI 

c. Present the retrieved images, y to the user and allow the 
user to distinguish the relevant image group, y'={ x"]. 
Then y' is fed back to the system. 

d. Use y' to obtain a feature metric R as: R=[xb]= 
[ x',, ... x', ,..., x'Jr= [x:] J=1,2 ,..., M ,  i=1,2 ,..., N ,  where x: 
is the i-th element of the feature vector x', corresponding to 
one of the relevant images, and M is the number of 
relevant images. 

e. Obtain a set of tuning parameters a as: w={a),  where 
a=max(x',-x,), j =  1,2,. . . ,M, i= 1,2,. . . ,N. 

f. Make a new search using w and Eq. 2 to determine the 
similarity as: 

s(x, x q )  = t G i  ( x i  - x q i )  = 
i=l 

g. Store S in decreasing order and obtain the top k new best- 
matched images. Note that the higher the similarity level, 
the higher the value of S. 

4. EXPERIMENTS AND RESULTS 

To assess the performance of the proposed indexing 
technique (MHI) and the proposed searching algorithms, two 
sets of experiments were designed. The first was to extract 
the feature and to index the texture images in a database 
using the MHI texture features in comparison with Gabor 
wavelet texture features [lo]. Since the reference in [lo] has 
proved that the Gabor wavelet texture features give the best 
retrieval performance among other multiresolution texture 

image features including pyramid-structured WT features, 
tree-structured WT feature, and the multiresolution 
simultaneous autoregressive model features, our concem here 
is to see if the proposed technique (MHI) does provide any 
better performance in comparison with the Gabor wavelet 
(GW). The second experiment was to compare the retrieval 
performance with interactive learning versus the performance 
without learning. The proposed searching algorithms are 
applied to the MHI feature vectors stored in a database 

The original test images were obtained from MIT Media 
Lab at ftp://whitechapel.media.mit.edu/pupNisTex/. There 
are 74 512x512 texture images manually classified into 36 
classes. Each of these images is then cut into 16 128x128 
non-overlapping images. Therefore, there is a total of 1,184 
images in the database. The number of small images in each 
class varies from 16 to 80. The images in the same class are 
considered relevant to one another. 

The two feature extraction techniques, MHI and GW, 
were applied to the texture images in the database. In the 
MHI technique, the indexing was performed with 
simultaneous WTNQ coding. Each image was decomposed 
using the 15-tap biorthogonal filters, with two-level 
decomposition. The transform coefficients were vector 
quantized, using the multiresolution codebook at the total bit 
rate of 1 bpp [ 3 ] .  During the VQ of the coefficients, the MHI 
was obtained by recording the usage of codewords. Each 
image was represented by a MHI vector and a set of labels. In 
the GW technique, the texture images in the database were 
represented by 48-dimensional feature vectors. We used 
Gabor wavelet transform (four scales and six orientations) for 
extraction of coefficients. Then the mean and standard 
deviation of the magnitude of the transform coefficients were 
calculated to obtain the feature vectors. 

Thirty six query images, one from each class, were 
selected from the database. The top k images were retrieved, 
where k is the total number of images in the class which the 
corresponding query belongs to (1 64430).  The performance 
was measured in terms of average retrieval rate which is 
defined as the average percentage number of relevant images 
in the top k matches. 

In the first experiment, all query images were used to 
search the similar images stored in the database employing 
feature vectors, MHI and GW. The similarity between vectors 
was computed by Euclidean distance as in Eq.1. In the 
second experiment, the same queries were used with the MHI 
feature vectors, and the proposed searching algorithm was 
applied. The results of both experiments are summarised in 
table 1 which shows the retrieval accuracy of the two 
different texture features. A comparison of the average 
retrieval shows that the MHI features perform better (62.4%) 
than the GW features (50.3%). We observed that after the 
proposed learning algorithm is applied to the MHI features, 
the retrieval rate showed a considerable improvement: using 
non-linear measure instead of Euclidean distance improved 
the performance from 62.4% to 70.2%. Some of the retrieval 
results are shown in Fig.2. 
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(b) (c) 
Figure 2. (a) The 36 query images, each from different classes. 
From left to right, the first image is the query no.1, the second 
image is the query no.2, etc. (b) Top 32 retrieved images of the 
query no.29 when using the MHI texture vectors with no 
application of interactive leaming. (c) Top 32 retrieved images 
of the same query as (b) with the application of interactive 
learning. The improvement of using the proposed method is 
apparent. Note that top 48 images are retrieved for query no.29, 
but only top 32 images are shown in the Figures. 

5. CONCLUSION 

We have presented two fundamental aspects for content- 
based image retrieval: visual feature extraction and retrieval 
system design. The multiresolution nature of wavelet 
decomposition is demonstrated to be an excellent feature 
extraction tool. Feature vectors are generated simultaneously 
with the compression process and, hence, the process 
minimizes additional operations. The image indices are 

derived from the compressed images which result in faster 
execution. The retrieval system is designed based on the 
system-user interaction. The system learns the relevant 
features defined by the user, and it estimates the non-linear 
function used for the matching. Human perception is taken 
into account for the similarity measurement. The experiment 
results show that the proposed system provides a 
considerable improvement of retrieval performance over the 
Euclidean distance measure. 
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