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Abstract 
The unsupervised learning network is explored to incorpo- 
rate self-learning capability into image retrieval systems. 
More specifically, we propose the adoption of a Self Or- 
ganizing Tree Map (SOTM) to implement a self-learning 
methodology that allows minimization of the role of users in 
an effort to automate interactive retrieval. This automatic- 
learning mode is applied to interactive retrieval strategies 
such as the radial basis function method and the relevance 
feedback method. The proposed method has been applied 
to retrieve the images compressed by wavelet transform 
and vector quantization coders. Retrieval performances 
are compared with conventional retrieval systems employ- 
ing both non-interactive and user controlled interactive re- 
trieval using the MIT texture database. The results ob- 
tained are compared favorably with preceding methods. 

1. INTRODUCTION 

Content-based image retrieval (CBIR) deals with the rep- 
resentation, storage, organization of, and access to media 
items [1]-[3], [6], [9]. One central problem regarding im- 
age retrieval systems is the issue of predicting relevancy of 
images being retrieved. Such a decision is typically depen- 
dent on a ranking algorithm which attempts to establish a 
simple ordering of the retrieved images. Images appearing 
at  the top of this ordering are likely to be more relevant. 
Thus, ranking algorithms are at the core of image retrieval 
systems. 

A ranking algorithm operates according to similarity 
evaluation of the query image against the corresponding 
pre-extracted feature vectors in the database. Conventional 
pre-defined metrics (e.g., the Euclidean distance), which are 
usually adopted for this task in simple CBIR systems, are 
not usually sufficient to deal with the complex evaluation of 
image contents. A more effective way is to adopt a learning- 
based approach [l], [2], [3] where the users directly teach the 
system of what they regard as significant image features and 
their notion of image similarity. More specifically, in each 
interactive learning session, the user is asked to select, from 
the set of retrieved images, those which are most similar to 
the query imagc. The system then learns from the selection, 
and accordingly makes the proper adjustment to improve 
its performance. 

Although learning-based approaches have an advantage 
of increasing retrieval performance, most of the works SO 

far have been concentrated only on human controlled inter- 
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active methodology. This requires the user to work more 
on bringing the system into the desirable level of pcrfor- 
mance. However, on many occasions, an automatic system 
is preferred, in which the users submit their queries only 
once instead of as a series of queries through the interactive 
learning. 

In this paper, we propose an recursive approach based 
on Unsupervised learning to minimize human involvement 
and automate interactive retrieval process. This learning is 
implemented by a novel neural network, the Self-organizing 
Tree Map (SOTM) [4]. Specifically, in a search session, a 
new set of feature vectors extracted from the retrieved im- 
ages are incorporated as training examples to perform the 
self-organization of the tree map which enables the network 
to analyze and interpret the relevance of the input samples. 
The network output is then used as the supervisor for fur- 
ther adjustment in the second phase of the learning process. 
In other words, through the learning process, the system 
implements an adaptive retrieval, which progressively ad- 
justs its retrieving ability, analogous to the learning-based 
approaches. Compared to the previous supervised-learning 
approaches where user input is required to enable retrieval 
accuracy, the current approach offers independent learning, 
which allows automatic retrieval and less work to the user 
in performing the task. 

The proposed approach has been applied to a com- 
pressed domain retrieval system, where the images are com- 
pressed by wavelet transform (WT) and vector quantization 
(VQ). Here the retrieval system is compatible with a hybrid 
WT/VQ coder [5]. Because WT/VQ has been partially 
adopted as the base line coding techniques in new image 
compression standards such as JPEG2000, it is encourag- 
ing to see that the proposed method has the potential to 
support such standard. 

2. IMAGE COMPRESSION AND FEATURE 
EXTRACTION 

The image compression approaches used in our work are 
based on a combination of wavelet decomposition and vec- 
tor quantization which has been proven to achieve high com- 
pression while maintaining good visual quality [5]. Spccif- 
ically, a two-level wavelet decomposition scheme with the 
15-coefficient biorthogonal filter is adopted for analysis of 
an image. The decomposition scheme produces three sub- 
bands at resolution level 1, and four subbands at resolu- 
tion level 2. To capture the orientational characteristics 
provided by the wavelet-based subband decomposition, a 
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codebook is designed for each subband. This results in 
a multzresolutzon codebook that consists of subcodebooks 
for cach resolution level and preferential direction. Each 
of these subcodcbooks is generated using thc Lindc-Buzo- 
Gray (LBG) algorithm as well as a mcthod of bit allocation 
to minimize the overall distortion. Codcbook design divides 
a subband bclonging to diffcrcnt images into m x m square 
blocks and the resulting vectors are used as the training 
vectors, in which separate codebooks are trained for each 
resolution-orientation subband. 

For thc encoding cif input images at a total bit rate of 
1-b/pixcl, bit assignment is organized as follows: resolution 
1 (diagonal orientation) is discarded. Resolution 1 (hori- 
zontal and vertical Orientations) and resolution 2 (diagonal 
orientation) arc coded using 256-vector codebooks (m = 4) 
resulting in a 0.5-b/pixcl rate, whereas resolution 2 (hori- 
zontal and vertical orientations) is coded at a 2-b/pixel rate 
using 256-vector codcbooks (m  = 2). Finally, the lowest 
resolution is coded by scalar quantization at 8 b/pixel. 

The outcome of the coding process, referred to as cod- 
ing labels, are used to constitute a feature vector by com- 
putation of the labels histograms, in which each subband is 
characterized by one liistogram. Each subband represents 
thc original image at a different resolution; thus, the re- 
sulting histograms are also called multaresolutzon hzstogram 
zndexzng (MHI) [6]. MHI features make use of the fact that 
the usagc of codewords in the subcodebook reflects the con- 
tent of input subimage encoded. To address invariant issues 
of the illumination level, only five subbands containing the 
wavelet detail coefficients are concatenated to obtain the 
MHI features, 

wherc hp) denotes the number of times codeword i in sub- 
codebook j is used for encoding an input image. 

The important advantage of MHI is that it preserves 
multircsolution representation of an image, hence provid- 
ing more accuracy for image matching. In addition, during 
the indexing process, no decompression and additional op- 
eration are required. 

3. A U T O M A T E  RETRIEVAL 

The user’s judgment of relevance retrieval is closely related 
to the classification problems in the supervised learning of 
the computational neural networks, in which the teacher’s 
information is used to optimize the nonlinear discrimination 
functions for enhancing the network’s classification power. 
A special class of computational neural networks known as 
self-organizing maps can achicve the desired discrimination 
functions based on competitive learning wzthout an exter- 
nal teachcr [8]. Such an unsupervised learning network is 
employed in our work for rclcvancy judgment required in 
the interactive retrieval procedure. More specifically, we 
propose thc adoption of an efficient data clustering, the 
Self Organizing Tree Map (SOTM) [4] to achieve this pur- 
pose. Thc map starts from an isolated node and is built up 
through self-organization, in which a suitable map can be 
constructed even if the input space has a high dimensional- 
ity (i.e., sparse data). 

However, a direct application of SOTM to cluster the 
training samples associated with the retrieved images may 
cause unsatisfactory rcsults. This is due to the fact that all 
the retrieved items have becn selected from the database ac- 
cording to the nearcst object search, in which those items 
are close to each othcr in a Euclidean sense. Therefore, 
clustering on the Euclidean space with the same feature 
representation (i.e., MHI features) will lead to incorrcct 
classification unless the additional information about the 
distinct descriptions of thc images is provided. In view of 
this, we calculate a set of new, more sophisticated features 
that allow a more distinct description of the properties in 
the retrieved images. This new feature set is based on the 
spatial domain implementation of the Gabor wavelet tex- 
tures [9]. 

3.1. Pre-processing with spatial  domain features 

Each retrieved image in the training set is described by a 
48-dimensional feature vector which characterizes the cocf- 
ficients after applying Gabor wavelet transform to the im- 
age. The set of basis functions consists of Gabor wavelets 
spanning four scales and six orientations. The mean and 
standard deviation of the transform coefficients are then 
used to form the feature vectors. To be precise, let F = 
{ X I , .  . . , X k , .  . . , X K }  be the training image set. We per- 
form the Gabor wavelet transform denoted by GW : Rspatia‘ 
+ R4’, which results in the set of training vectors F(GW)  = 
{XI,. . . ,xkr. . . ,XK} where x = [pooaoopol  . . . p35035IT is 
the feature vector of the training image X ,  and pij, ai, are 
the mean and the standard deviation of the transform coef- 
ficients at the i-th scales and j-th orientations, respectively. 

3.2. Self Organizing Tree Map (SOTM) 

The SOTM can classify input vectors into clusters and find 
the center of each cluster [4], in which the distinct centers 
are constructed by different input vectors. Thus, the dif- 
ferent descriptions of relevant and non-relevant images can 
generate their own centers in the tree map. 

Given the training vector set F(GW)  = {XI,. . . , XK}, 
the SOTM algorithm is summarized as follows [4]: 

(i). 

(ii) . 

(iii). 

(iv). 

Initialize the root node with a randomly selected train- 
ing vector. 
Randomly select a new input vector x, and compute 
the Euclidean distances, dj between thc input vector 
and all the root nodes w j , j  = 1,. . . , J ,  where J is 
the total number of nodes. 
Select the wining node, j ’ ,  with minimum dj. 

dj- (x, wj)  = mindj (x, wj) 
j 

If dj. (x, wj)  5 H ( t ) ,  then assign x to the j- th clus- 
ter, and update the weight vector w j  according to 
the reinforced learning rule: 

Wj ( t  + 1) = wj(t)  + a ( t ) [ X ( t )  - ~ j ( t ) ] ,  (3) 

where a(t)  is the learning rate, which decreases with 
time, 0 < a < 1 
Else form a new subnode starting with x. 
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(v). Continue from step (ii). 

The hierarchy control function H ( t )  controls the levels 
of the tree. It is initialed with a large value and decreases 
with time. After the algorithm converts, a new set of cluster 
centers,w;, 1 = 1,. . . , L is obtained. The centers, 

{w;, [ I ’  = 1, . . . , L’, L‘ < L}  (4) 

that are closest to a given query z are then decided to be 
the relevant classes, so that the vectors partitioned in these 
classes are associated as the relevant images. Ideally, the 
number of centers L’ is chosen to optimize the classification 
performance. In the experiment, the performance of SOTM 
with L = 2 is reported. 

4. SIMILARITY LEARNING METHODS 

The fundamental principle of interactive approaches has 
been previously explored and established by many authors, 
e.g., [l], [2], [3]. In an interactive session, the training pat- 
terns (e.g., images) are provided by the user. The retrieval 
system will be told which retrieved images are relevant and 
which are not, and accordingly makes proper adjustment to 
improve the performance. There are two factors to analyze 
in the training system: (1) the query representation [l]; and 
(2) the feature relevance [3], which are then used for feature 
weighting that provides a controlled process designed to 
emphasize some features (relevant ones) and de-emphasize 
others (non-relevant ones) through proximity evaluation. 

We will test the automatic search strategy to two inter- 
active approaches, the radial basis function (RBF) method 
[3] and the traditional relevance feedback [l], [2]. 

Algorithm 1 (RBF method): Suppose that S = {XI,. . . , 
XK} is a set of given training patterns, each correspond- 
ing to one of the two classes: relevant class {xh}:=1, non- 
relevant class class {x:},”=~ (according to the user judg- 
ment). The non-linear RBF is estimated as: 

M I  where rr’ = ( l / M )  x, is the centroid of relevant im- 
ages, Z‘’ = (1/N) E,”=, x: is the centroid of non-relevant 
images, Std, is a standard deviation of a sequence { G ~ ~ ,  2 1 2 ,  

. . . , xirn}  representing a set of the i-th component of the rel- 
evant samples xk, m = 1,. . . , M I  and cv,~andP are positive 
const ants. 

provides the non-linear similarity evaluation between an in- 
put vector x = [XI,. . . , xE, . . . , xp]’ associated with an im- 
age in the database and a given query (i.e., the centroid 
c). By applying the antireinforce learning formula (6), the 
new centroid dnew) can be moved towards the new region 
populated by the relevant images, as well as moved away 
from those regions populated by the non-relevant images. 
In addition, due to the differential degree of relevance be- 
tween features, the tuning parameters g%, a = l,. . . P are 

In the above definitions, the discriminant function f(x, c) 

estimated (Eq (7)),  which provide local weighting that con- 
trols the features contributing to similarity evaluation. The 
RBF approach has proven to be effective, in particular when 
image similarity is subjective to the user and is highly non- 
linear [3]. 

Algorithm 2 (Traditional Relevance Feedback): For a 
given training patterns S = {XI,. . . , XK}, a new query is 
formulated according to the following formula: 

where z(Old) represents the query from the previous search 
operation, DR and DJR represent the set of relevant and 
non-relevant images (among the retrieved ones) respectively. 
The next search is performed by the cosine measure of the 
formulated query and the input vectors. 

Note that the main idea of query modification Eq (8) 
consists of selecting important terms (e.g., important fea- 
tures) attached to the images that have been identified as 
relevant by the user, and of enhancing the importance of 
these terms in a new query formulation. In the original con- 
cepts, query formulation (8) needs to be compatible with 
feature representation that has been treated in a form of 
weight-term vector model. This requirement is, however, 
not performed in our work because the MHI feature repre- 
sentation is fundamentally similar to the term vector model. 
More specifically, an image is decomposed into a set of VQ 
codewords, and MHI features reflect the frequencies with 
which the codewords appear, whereas the basis for the term 
vector model is the term frequencies [7]. 

5. EXPERIMENTAL RESULTS 

This system was tested using a standard texture collection 
developed by MIT Media Laboratories. It consists of 39 tex- 
ture images from different classes, each of which is 512 x 512 
pixels in size. Each of these images was divided into 16 non- 
overlapping images of 128 x 128 pixels in size. As a result, 
there was a total of 624 images in the database, where each 
class contains 16 similar texture patterns. The images in the 
same class are considered as relevant to one another. In the 
simulation study, a total of 39 queries, one from each class, 
has been used (Fig.1). The performance was measured in 
terms of the average retrieval rate [9] which was defined as 
the average percentage number of images belonging to the 
same class as the query in the top 16 matches. 

The MHI feature representation described in Section 2 
was applied to the texture images in the database, where 
it was performed with simultaneous WT/VQ coding. Each 
image was represented by an MHI vector and a set of coding 
labels. We also employed the spatial domain implement& 
tion of the Gabor wavelet features [9] (Section 3.1) to de- 
scribe the images in the database. This gives us a better 
feature set in unsupervised learning since the Gabor wavelet 
features are optimal among all other multiresolution texture 
image features based on the standard similarity measures 
[9]. Since the dynamic range of each feature component 
is different, the features are scaled by their corresponding 
standard deviations. This removes some artifacts due to 
different magnitudes of feature variables obtained from dif- 
ferent frequency bands. 
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Retrieval with no learning is used as the basis for eval- 
uating our proposed method. Table 1 shows that avcrage 
retrievals of 39 queries are 62.18% (MHI features based on 
normalized Euclidean measure) and 66.51% (MHI features 
based on cosine measure). Next we compare these results 
to the learning-based approaches. 

The learning apprciach based on RBF method is de- 
noted by RBF, and tht: one based on the traditional rele- 
vance feedback method is denoted by RFM. Let procedu- 
ral parameters be ( Y N  = 0.3, /3 = 0.5 for the RBF and 
a = 1 , y  = 8 , e  = 2 for the RFM. The retrieval perfor- 
mance for the 39 queries is summarized in Table 1, showing 
very satisfactory convergence speeds and retrieval accura- 
cies: thc average retrieval rate improves from 62.2% up to 
84.9% (RBF) and from 66.51% up to 82.7% (RFM). Note 
that the initial retrieval results corrcsponding to the one- 
pass retrieval were used as training samples for SOTM al- 
gorithm to obtain the new result in the next iteration. 

Method 1 Iter. 2 Iter. 3 Iter. 4 Iter. 5 Iter. 
RBF 62.18 73.56 77.72 81.25 84.94 - 
RFM 66.51 77.08 80.77 82.53 82.69 

Figure 1: Pattern Retrioval example. (a) The 39 query images 
from the MIT database. :Each texture image has 15 other similar 
patterns in the database. (b)-(c) Retrieval results without (1 
Iter.) and with (2 Iter.) learning similarity. In each case, the 
images are ordered accoxding to decreasing similarity in the 16 
best matches from left to right and top to bottom. 

We observed that the values for ( a ~ , p )  and (a ,y ,e )  
significantly affected the results and confirmed the findings 
of other studies with rezard to these procedural parameters. 
We also observed that allowing many iterations meant that 
performance deteriorated gracefully: 83.3% at the sixth it- 
eration of RBF and 82.05% at the sixth iteration of RFM. 
This is because at the higher iterations most of the relevant 
images were already found. Thus, if all relevant images are 
inputted to the SOThA algorithm as a training set, they 
will be split into two classes (according to Eg (4)), i.e., 
miss-classification has occurred. 

Next let the learning systems interact with the user to 
perform the retrieval task. The best retrieval rates obtained 
were: 88.14% (RBF) alnd 86.01% (RFM) which were 3.2% 
and 3.3% higher than the ones performed by the automatic 
learning. However, these results have to be performed with 
user interaction. 

Figure 1 shows an example of a retrieval session per- 
formed by RBF with automatic learning. Fig.l(b) shows 
the retrieval result without learning, and Fig.l(c) shows 
the result after learning. The improvement given by the 
proposed method is apparent. 

Table 1: Average retrieval rate (%) for thc 39 queries imagcs 
in MIT database; comparison of the performance without and 
with learning similarity using MHI featurcs: without learning (1 
Itcr.), with self-organized learning (2 Iter. to 5 Iter.) 

6. CONCLUSION 

We have demonstrated the application of a sclf-lcarning- 
bascd approach for content-based image retrieval to WT/VQ 
coded images. It has been shown that a Self Organizing 
Tree Map (SOTM) can be used for selecting relevance in a 
flexible fashion that allows for the minimization of the role 
of users in an effort to automate interactive retrieval. Thc 
self-organizing architecture provides a unified frarncwork for 
optimizing interactive models (e.g., RFM and RBF), and 
offers an attractive facility for practical use of adaptive rc- 
trieval. 
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