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Abstract 
The self-organizing tree map (SOTM) has been 

successfully applied to image retrieval with automatic 
relevance feedback, but may provide inaccurate 
relevance identz$cation when dealing with complex 
image database. We developed an improved SOTM 
method which treats relevance identification as a one 
(the relevant class) vs. many (the irrelevant classes) 
problem. Experimental results demonstrated the superior 
peformance of the proposed approach. 
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1. INTRODUCTION 
Accurate characterization of visual information is an 

essential requirement for effective content-based image 
retrieval (CBIR) systems. Capturing all aspects of 
characteristics of the human visual system is an important, 
but currently impossible, task in designing such a system. 
Therefore, one of the feasible and practical approaches in 
designing a CBIR system is to apply human-computer 
interaction mechanisms to connect the individual users' 
needs to the search process. In such a system, users directly 
inform and teach the search engine about their individual 
needs and their meaning of significant features of an image. 

One of the major problems of such an interactive system 
is its dependence on the inputs of users. Different users have 
different interpretations of an image. Over-involvement of 
the users may cause excessive human errors. In addition, 
such an approach is not suitable for searching distributed 
image libraries over the Internet due to the frequent high 
bandwidth request to transmit images to the users. 

In the past, we developed an automatic method based on 
an unsupervised learning approach using a self-organizing 
tree map (SOTM) [3]. SOTM has shown an effective 
behavior to minimize the human interaction and automating 
the search process. In the work, images were clustered into 
two classes: relevant images and irrelevant images. 

The problem with such an approach is that irrelevant 
images are spread all over an image library. It is 
inappropriate to categorize them into a single class. 

To overcome this problem, we develop and implement a 
method based on an improved SOTM. Instead of treating 
relevance identification as a two-class problem, we consider 
the scenario of one class of relevant images and multiple 
classes of irrelevant images. We have been able to show that 
our approach has resulted in more accurate and more 
satisfactory retrieval results. 

2. AUTOMATIC RELEVANCE 
FEEDBACK 

The block diagram of a computer controlled relevance 
feedback is depicted in figurel. It has been constructed with 
several blocks, which will be addressed in the following 
subsections. 

In this process a neural network technique has been 
adapted to perform required decision making about 
relevancy of the retrieved images instead of the human user. 
In the neural network technique, a set of nodes or neurons is 
able to perform a predefined simple mathematical operation. 
These nodes are then connected together along with 
progression of a certain process and their strengths are 
specified by network weights. These network weights are 
adjustable through a learning process, which gives a flexible 
ability to the network to perform a variety of computational 
tasks [l]. 

2.1 Feature Extraction and Retrieval 
Modules 

The automatic CBIR system in figurel consists of 
extracting features from a selected query image, compare 
those features with all feature vectors in the database and 
retrieve the most similar images. In this process, features 
from the query image, specified in the first block of figurel, 
are extracted. 16 the most similar images, based on the 
Euclidean distance measurements, are retrieved by 
performing the initial search. Features of the retrieved 
images are then extracted in forth block and control of the 
system will be transferred to automatic retrieval upon users' 
request. In this new cycle, retrieved images are then 
automatically classified in S O W  block and a new query 
based on the selected images from the previous iteration will 
be chosen. New features will be then extracted and this 
process will be continued for two consecutive iterations. 
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Figure 1: Automatic CBIR System. 

Extracted features are in form of low level features such as 
color, texture, and shape. Table1 shows the multiple features 
used in feature extraction modules in figurel. 

Three-level wavelet transform was applied on the 
images and mean (p) and standard deviations (a) of the 
characterized coefficients were used to extract wavelet 
moments. Gabor features were established by calculating the 
p and Q of the Gabor filtered image [2,4]. Sobel filters were 
used for the purpose of edge detection due to the low 
computational cost. Shape parameters were then converted 
from Cartesian coordinate to the Polar coordinate and the 
Fast Fourier Transform (FET) was applied to extract 10 
dimensional feature vectors. 

Color Histogram is one of the most popular features 
used in HSV color space in CBIR systems. Images were 
first converted into HSV color space and 48 dimensional 
color descriptors were generated. 9 dimensional color 
moments were generated from the p and ~7 of R, G, and B 
color spaces. 

2.2 Remodel Query 
Given a query feature vector z , relevant image set 

retrieved from the initial search, will produce an M x P 
training matrix R. 

R = [xri,. . .,x'm,. . ., X ' M ~  

= [ X f m i ]  m=1, ..., M ,  i= l ,  ..., P (1) 

where P is the total number of features, M is the total 

number of relevant images, and xm = [xi, , .  . . , xmi,. . . , xm, 
represents feature vector of a relevant image. This process 
will narrow down our database and will facilitate our 
approach to calculate the relevance of individual features by 
using the tuning parameter calculated from equation (2): 

where q is an additional factor to ensure a large output 
for S(z,x) in equation (3), which indicates the degree of 
similarity. In equation (2), density of i" feature of a relevant 
image ( XI, ) around a particular component ( zi ) of query 
image feature vector is a good indication of relevancy of 

that feature. This density is inversely proportional to the 
length of the interval in the way that a large density 
proposes a high relevancy whereas a low density proposes a 
low relevancy of a particular feature. Therefore, if two 
features are highly relevant, equation (2) will provide a 
small value of tuning parameter and will increase the 
similarity measure of S(z,x) , where S(z,x)is the similarity 
function between vector z and x . High value of S(z,x) 
indicates a high relevancy of the feature in compare to the 
respective query feature. 

P 

S(z,x)=CGi(xi-zi) (3) 
i=l 

where z is the feature vector of query, and x is the feature 
vector of input image. 

Statistical measurements are good descriptors for a 
sequence of feature vectors of relevant images in the i" 
column of training matrix R. For example, mean value of 
this sequence will provide a good description of the i' 
component in the feature vector. Therefore, the mean of a 
sequence of row vectors in R will be a good candidate for 
the modified query. This process of query modification is 
called the radial basis function (RBF) method. 

RBF is a method of query modification that chooses a 
new query z based on the selected images from the previous 
iteration by using: 

(4) 

where xm is the feature vector from the m" row of the 
training matrix R The modified query i is selected as the 
centroid of the set of relevant feature vectors. 

Since the relevant images represent the users' 
preferences, it is evident that the modified query from 
equation (4) will also satisfy the user preferences [ 13. 

2.3 Improved Self-organizing Tree Map 
In order to obtain relevant matrix R described in 

equation (l), we need to firstly identify relevancy of 
retrieved images from the previous search operation. In the 
past, a two-clustering SOTM was used to classify the 
images into two classes [3]. The problem with such an 
approach was that irrelevant images were spread all over an 
image database and it was inappropriate to categorize them 
into a single class. 

To improve the SOTM algorithm a multi-clustering 
approach was taken with random number of clusters in the 
current work. The centroid for each cluster was then 
calculated. This approach will result in grouping irrelevant 
images into several clusters by taking their feature 
similarities and considering the fact that the irrelevant 
images are statistically possessing higher dissimilarities in a 
large image databases [5 ] .  

- 1590 - 

Authorized licensed use limited to: NARESUAN UNIVERSITY. Downloaded on January 5, 2010 at 04:01 from IEEE Xplore.  Restrictions apply. 



0 ndwauhnrps  
x InslmmltrPyy. 
A Centmid 

Figure 2: Polythetic Clustering Approach using SOTM [5 ] .  
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The SOTM algorithm is summarized in following steps 

Initialization: Choose a root node {wix=, from the 

in a random manner. J 

PI: 
A. 

available set of input vectors {xk 
is the total number of centroids (initially set to 1). 

Automatic Relevance 
Identification 

48 bins Color Histogram 
1x9 Dimensional Color 

Moment 
1 x l 0  Dimensional Shape 

Descriptors 
1x48 Dimensional Gabor 

Descriptors [2,4,6-81 

B. Similarity Matching: Randomly select a new data point 
x, and find the winning centroid j ’ by using the minimum 
distance Euclidean criterion in equation (5). 

C. Updating: If l1x(r)-wj,ll I H ( t )  , where H(t) is the 

hierarchy function used to control the levels of the tree and 
decreases in time according to H ( t  + 1) = m(t) where h is 
the threshold decreasing constant and 0 < h < 1. 
Then assign x(t) to the j” centroid, and adjust the synaptic 
vector according to the reinforce learning rule 

where aft) is the learning rate;, which decreases 

monotonically with time, a(t) = 4) 0 5 a(t) 5 1; 
(a(t)+ 0.5) ’ 

and &,t) is the ranking function, which is inversely 
proportional to the ranking of the feature vector x at 
relevance feedback iteration in the previous search operation. 
Else form a new centroid node starting with x and increment 
j by 1. 

D. Continuation: Continue with step (B) until no 
noticeable changes in the feature map are observed. 

In the previous study [3], &,t) was assigned to 1 and 
therefore had no effect in updating the center or creating a 
new center for a new classes of irrelevant images. 

3. EXPERIMENTAL RESULTS 
The following experiments were done to compare the 

performance of two methods: Search without relevance 
feedback using the normalized Euclidean distance 
measurement; and automatic relevance feedback using the 

Figure 3: 17 randomly selected query images from 51 
different categories 

non-linear matching function in (3) for retrieval and the 
modified SOTM for relevance identification. 

The simulations were performed by using an image 
database consisted of nearly 5 100 Joint Photographer’s 
Expert Group (JPEG) color images covering a wide range of 
real-life photos from 5 1 different categories. Each category 
consisted of visually associated objects for simplicity of 
measuring the retrieval accuracy during the experiments. 
The statistical results were taken from 17 randomly selected 
query images, each from a different category (figure 3). 

Table 1 shows a summery of the visual descriptors used 
to perform the experiments. We prefer wavelet moments as 
texture features in indexing and search due to the practical 
consideration that wavelet forms the core technology for 
JPEG2000 standard. The more computationally expensive 
but of high quality Gabor feature descriptors were used only 
to perform the automatic part where we are more concerned 
about the accuracy of relevance identification. 

In the simulations, a total of 16 most relevant images 
were retrieved to evaluate the performance of the retrieval. 
The performance was then measured in terms of Retrieval 
Rate (RR).  

In this project a combination of two-class and multi-class 
(improved) SOTM was used. It was observed that the multi- 
clustering SOTM had an effective behaviour in classifying 
images in a large database and therefore it was used for the 
first iteration in the Automatic Image Retrieval. Two-class 
SOTM was then used for the second iteration based on the 
relevant images retrieved from the first round. It was 
observed that the two-class SOTM had significant 
performance ability in classification of images in a small 
database. It also examined that two iterations would be 
enough to get satisfactory results in compare to more than 
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Retrieval results for 
initial Search 

image databases, but two-clustering SOTM has an effective 
role in smaller databases. 

The self-organizing architecture provides a uniform 
framework to optimize interactive models, and offers a 
practical use of non-interactive retrieval. It was also shown 
that the process of weight detection for the content 
descriptor features (color and texture) is currently awkward 
and time consuming. Therefore finding a universal solution 
to address this problem toward automation of this process is 
an effective way to build a search engine with higher 
accuracies. Based on the simulations and experimental 
results, the proposed automatic system appears to be very 
effective and can be generally applied to many feature 
structures. 

retrieval precision is calculated from total 16 retrieved 
images. 

five iterations in the previous works with just two-class 
SOTM [3]. 

It is also important to pay attention to effects of the 
individual feature descriptors for improving results of the 
retrieval. We studied the application of weight parameters 
for features inputted to SOTM algorithm. It was observed 
that giving proper weights to color and texture of each query 
will improve the retrieval from 10% to 60%. Unfortunately 
there is no universal solution to find the optimum weights 
for each category of images and each image has it own 
demand over the weight corrections. But it is possible to 
estimate a correct range of weights based on the initial 
search. If we think of results from the first search as the 
mean of the process, we can estimate the variance or 
deviation of the weights based on these results. For instance, 
a good result from the first search will limit out weighting 
estimation to a small range (therefore a small variance) from 
0 to 5 but an unsatisfactory result from the first search will 
open our hand to examine higher variances from 5 to 30 
which is a vast range for this kind of estimations. 
Table 2 provides a visual comparison between the initial 
search and automatic image retrieval and also provides 
evidences about the importance of weighting process for 
color and texture. 

4. CONCLUSIONS 
In this paper we demonstrated a novel framework for 

automatic image retrieval in digital image libraries. The role 
of SOTM in minimizing human interactions in image 
retrieval had been shown. It is also demonstrated that the 
multi-clustering SOTM can be used for a wide range of 
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