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Providing a customized result set based upon a user preference is the ultimate objective of many
content-based image retrieval systems. There are two main challenges in meeting this objective:
First, there is a gap between the physical characteristics of digital images and the semantic meaning
of the images. Second, different people may have different perceptions on the same set of images.
To address both these challenges, we propose a model, named Yoda, that conceptualizes content-
based querying as the task of soft classifying images into classes. These classes can overlap, and
their members are different for different users. The “soft” classification is hence performed for
each and every image feature including both physical and semantic features.

Subsequently, each image will be ranked based on the weighted aggregation of its classification
memberships. The weights are user dependent and hence different users would obtain different
result sets for the same query. Yoda employs a fuzzy-logic based aggregation function for ranking
images. We show that in addition to some performance benefits, fuzzy aggregation is less sensitive
to noise and can support disjunctive queries as compared to weighted-average aggregation used
by other content-based image retrieval systems.

Finally, since Yoda heavily relies on user dependent weights (i.e., user profiles) for the aggrega-
tion task, we utilize the users’ relevance feedback to improve the profiles using genetic algorithms
(GA). Our learning mechanism requires less user interaction and results in faster convergence to
the user’s preferences as compared to other learning techniques.

1. INTRODUCTION

As the demand for digital information and the amount of available data increases
dramatically, the task of retrieving accurate information becomes increasingly es-
sential in various domains. Whether we are looking for the latest news on websites,
seeking interesting papers for research from digital libraries, searching for images in
virtual museums, downloading music clips, or purchasing products in e-commerce
sites, we need high-quality mechanisms to locate the information we desire for al-
leviating the problem of information overload.

Content-based retrieval systems are a type of information locating mechanisms
that can find the queried information according to its content. In these sys-
tems [Niblack et al. 1993; Blackburn and DeRoure 1998; Li 2000; Lew 2000; Lin
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et al. 2001], items are represented as a set of different vectors, each extracted from
a physical feature such as color, shape, and texture. Each vector space has its
corresponding distance function for comparing the similarity /dissimilarity between
a pair of items. By aggregating the outputs of the functions, these systems can
retrieve the items similar to the query example from the database.

However, because there is a gap between the physical features of the multimedia
data and the semantic meaning as perceived by the user, retrieving items based
on pure low-level features is unsatisfactory. In addition to physical features, user-
perceived semantic features (such as style and quality) should be considered in
the query processes as well. In practice, semantic features are usually used in
classification tasks. For example, a user might classify images into a specific style,
or he/she may sort images into different classes based on their quality. Hence,
the major difficulty of adopting both semantic and physical features in the system
is to simultaneously consider two types of data - the similarity values and the
classification data.

Building on this premise, we propose a model, named Yoda, that conceptualizes
content-based querying as the task of classification. Although this model can be
adapted for different contents (e.g., see [Shahabi et al. 2001] for application of Yoda
in Web recommendation engines), we concentrate on image retrieval as our applica-
tion domain in this paper. For example, the query “finding images similar to 2” can
be treated as “finding images in class C,, where C,, is the class of all images that are
similar to z.” The images in the database are “softly” classified into overlapping
classes, and the classification could differ for different users. All the conventional
content-based queries (e.g., finding images with similar color /texture/shape) as well
as customized semantic queries (e.g., finding paintings of a specific style) can hence
be uniformly supported by Yoda.

Moreover, by adapting the hypothesis of collaborative filtering, we assume that
“if user = believes in expert(s) y, the images that satisfy the query criteria based on
y’s judgments can be retrieved for z.” Based on this assumption, users can specify
their confidence degrees to different experts (either classification methods or real
human experts) and obtain the customized result set based on their preferences.
Each image will be ranked according to the weighted aggregation of its classification
membership values during the retrieval process. The weights are confidence degrees,
which are user dependent, and stored in the corresponding user profile.

Yoda employs a fuzzy-logic based aggregation method for ranking images. Com-
pared to the weighted-average aggregation used in the majority of content-based
retrieval systems, our fuzzy aggregation is more efficient. To be specific, the time
complexity of the weighted-average aggregation is C' x I, while the time complexity
of our optimized fuzzy aggregation is' f x I, where C' is the number of classes, I is
the number of items in the database, and f is the number of fuzzy sets (which is a
small constant). In addition to the performance benefits, fuzzy aggregation is also
less sensitive to noise and can support disjunctive queries.

On the other hand, because Yoda heavily relies on weights for providing accurate

I Trivially, both Yoda and the other content-based retrieval systems can benefit from multidimen-
sional index structures such as the hash index structure proposed in [Gionis et al. 1999] to reduce
the complexity.
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query results, the system performance will decline if weighting values are inaccu-
rate. For example, some users may be uninterested in providing the data or may
unintentionally input incorrect information. To solve this problem, Yoda utilizes
the users’ relevance feedback to improve the profiles automatically using genetic
algorithms (GA) [Holland 1975).

Instead of acquiring users’ feedback during the learning processes, which eas-
ily frustrates users and is commonly adopted in most learning methods [Aggarwal
et al. 2000; Doulamis et al. 2000; YRui et al. 1998], user feedback is only needed
prior to learning processes with Yoda. Yoda’s learning mechanism not only re-
quires less interaction with the users, but also results in faster convergence to the
user’s preferences as compared to other techniques. Our experimental results indi-
cate a significant increase in the system performance after integrating this learning
mechanism.

In summary, three major contributions of this paper are:

—We propose a model that conceptualizes content-based querying as the task of
classifying images into classes. By this design, both physical and semantic fea-
tures can be uniformly incorporated into the query process.

—We design an optimized fuzzy aggregation method, which has lower time complex-
ity than the weighted-average aggregation used in most content-based retrieval
systems. Moreover, it is less sensitive to noise and can support disjunctive queries.

—We develop a GA-based learning mechanism to improve the accuracy of query
results automatically. Our learning mechanism requires less interaction from the
user and results in faster convergence to the user’s preferences as compared to
other learning techniques.

The remainder of this paper is organized as follows. Section 2 reviews the back-
ground and the related work. In Section 3, we explain the model, Yoda, and its
fuzzy aggregation method. Section 4 discusses the GA-based learning mechanism.
Section 5 reports on our experimental results. Section 6 concludes the paper.

2. BACKGROUND AND RELATED WORK

With the aim of building multimedia systems, researchers extend the traditional
database management systems (DBMSs) and search engines by incorporating the
content-based retrieval methods proposed in various studies [Niblack et al. 1993;
Blackburn and DeRoure 1998; Li 2000; Lew 2000]. This method extracts the low-
level features, such as color, shape, texture, and pitch contour, from multimedia
data as their representatives and uses distance functions to retrieves the similar
data by matching the representative of a query example to those in the database.
Through these distance functions, the multimedia databases not only can support
traditional queries but also “similarity queries”, i.e., users can retrieve items that
are similar to a given example.

Image retrieval systems are the most studied applications among all multimedia
systems because of the popularity of images. The common approach in the majority
of image content-based retrieval systems [Lin et al. 2001; Wu et al. 2000] is designing
or utilizing one ideal distance function. Based on this function, users can retrieve
customized results by performing range queries relative to a selected example or
multiple examples. However, since different people may have different perceptions
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on the same set of items, using one distance function as a universal solution cannot
satisfy all users.

To address this issue, some systems, such as MARS [Ortega et al. 1998] and
Garlic [Fagin and Maarek 2000; Fagin and Wimmers 2000], have adapted query
expansion models, which can simulate a customized distance function for each user
by weighting the relative importance of different features. Items in these systems
are represented as different vectors extracting from the physical features, and each
vector space has its corresponding distance function. By performing a weighted
aggregation of the distance measures in various vector spaces, these systems can
also retrieve customized result sets for each user. Some of the systems [Aggarwal
et al. 2000; Doulamis et al. 2000; YRui et al. 1998; Bartolini et al. 2001] can even
adjust the weights according to users’ relevance feedback.

In general, these weight-based multimedia systems (WMS) go through three
phases for retrieving query results. In the first phase, WMS obtains the subjective
weights from users. The weight w,, , in WMS represents the importance of distance
function (feature) o for user u. In other words, wy,o, > w.,,; means function o; has
been more emphasized than function o;. Furthermore, these weighting values are
constrained by the following equation.

D Wy, =1 (1)
j=1

In the second phase, an aggregation method is performed. Each item is ranked
according to the weighted aggregation of its distances. The majority of WMS, such
as MARS and Garlic, employ a simple weighted average function as follows:

DEFINITION 2.1.: Let o(i, c) be the membership values of item 4 in class ¢ given
by function o. The membership of item 4 in class ¢ for user u is computed by
Equation (2).

n
APME =3 " wy, 0, % 0(i, ) (2)
j=1

In the final phase, learning methods such as Bayesian Inference [Meilhac and
Nastar 1999] and statistical analysis learning methods (see [YRui et al. 1998; Ag-
garwal et al. 2000; Doulamis et al. 2000] for details) are applied for identifying users’
emphasis on functions. WMS first obtains users’ relevance feedback. Subsequently,
with learning methods, WMS evaluates the similarity between user feedback and
its weighted aggregation. Finally, each feature is assigned a weight according to
its overlap degrees. The more similar the user feedback to the distance values of
function o, the larger the weight of wy,,.

Unlike WMS that weighted aggregate different distance values of features, some
multimedia systems turn feedback acquisition into classification tasks. These sys-
tems classify images into relevant and irrelevant classes. Generally, these systems
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