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Abstract

With the expansion of the Internet, searching for information goes beyond the
boundary of physical libraries. Millions of documents of various media types, such as
text, image, video, audio, graphics, and animation, are available around the world and
linked by the Internet.

Unfortunately, the state of the art of search engines for media types other than text
lags far behind their text counterparts. To address this situation, we have developed
the Multimedia Analysis and Retrieval System (MARS). This paper reports some of the
progress made over the years towards exploring information retrieval beyond the text
domain. In particular, the following aspects of MARS are addressed in the paper: visual
feature extraction, retrieval models, query reformulation techniques, e�cient execution
speed performance and user interface considerations. Extensive experimental results
are reported to validate the proposed approaches.

1 Introduction

Huge amounts of digital data are being generated every day. Scanners convert the ana-
log/physical data into digital form; digital cameras and camcorders directly generate digital
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data at the production phase. Owing to all these multimedia devices, nowadays informa-
tion is in all media types, including graphics, images, audio, and video, in addition to the
conventional text media type.

Not only is multimedia information being generated at an ever increasing rate, it is
transmitted all over the world due to the expansion of the Internet. Experts say that the
Internet is the largest library that ever existed, it is however also the most disorganized
library ever.

Textual document retrieval has achieved considerable progress over the past two decades.
Unfortunately, the state of the art of search engines for media types other than text lags far
behind their text counterparts. Textual indexing of non textual media, although common
practice has some limitations. The most notable limitations include the human e�ort required
and the di�culty of describing accurately certain properties humans take for granted while
having access to the media. Consider how human indexers would describe the ripples on an
ocean; these could be very di�erent under situations such as calm weather or a hurricane. To
address this situation, we undertook the Multimedia Analysis and Retrieval System (MARS)
project to provide retrieval capabilities to rich multimedia data.

Research in MARS addresses several levels including the multimedia features extracted,
the retrieval models used, query reformulation techniques, e�cient execution speed perfor-
mance and user interface considerations.

This paper reports some of the progress made over the years towards exploring Infor-
mation Retrieval (IR) beyond the text domain. In particular, this paper will concentrate
on Visual Information Retrieval (VIR) concepts as opposed to implementation issues in this
paper.

MARS explores many di�erent visual feature representations. A review of these features
appears in section 2. These visual features are analogous to keyword features in textual
media. In section 3 describes two broad retrieval models we have explored: the Boolean
and vector models and the incorporated enhancements to support visual media retrieval
such as relevance feedback. Experimental results are given in section 4. Promising research
directions are outlined in section 5 and concluding remarks are discussed in Section 6.

2 Visual Feature Extraction

The retrieval performance of any IR system is fundamentally limited by the quality of the
\features" and the retrieval model it supports. This section sketches the features obtained
from visual media. In text based retrieval systems, features can be keywords, phrases or
structural elements and there are many techniques for reliably extracting for example key-
words from text documents. The visual counterparts to textual features in visual based
systems are visual features such as color, texture, and shape.

For each feature there are several di�erent techniques for representation. The reason
for this is twofold: a) the �eld is still under development, and b) more importantly, certain
features are perceived di�erently by di�erent people and thus di�erent representations cater
to di�erent preferences. Image features are generally considered as orthogonal to each other.
The idea is that a feature will capture some dimension of the content of the image, and
di�erent features will e�ectively capture di�erent aspects of the image content. In this way
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two images closely related in one feature could be very di�erent in another feature. A simple
example of this are two images, one of a deep blue sky and the other of a blue ocean. These
two images could be very similar in terms of just color, however the ripples caused by waves
in the ocean add a distinctive pattern that distinguishes the two images in terms of their
texture. The following sections describe common features.

2.1 Color Features

The Color feature is one of the most widely used visual features in VIR. The Color feature
captures the color content of images. It is relatively robust to background complication and
independent of image size and orientation. Some representative studies of color perception
and color spaces can be found in [McCamy et al., 1976, Miyahara, 1988, Wang et al., 1997].

In VIR, the Color Histogram is the most commonly used color feature representation.
Statistically, it denotes the joint probability of the intensities of the three color channels.
Swain and Ballard proposed Histogram Intersection, a L1 metric, as the similarity mea-
sure for the Color Histogram representation [Swain and Ballard, 1991]. To take into account
the similarities between similar but not identical colors, Ioka [Ioka, 1989] and Niblack et
al. [Niblack et al., 1994] introduced a L2-related metric for comparing the histograms. Fur-
thermore, considering that most Color Histograms are very sparse and thus sensitive to
noise, Stricker and Orengo proposed to use the cumulative Color Histogram. Their research
results demonstrated the advantages of the proposed approach over the conventional Color
Histogram approach [Stricker and Orengo, 1995].

Besides Color Histogram, several other color feature representations have been consid-
ered in VIR, including Color Moments and Color Sets. To overcome the quantization e�ects
present in the Color Histogram representation, Stricker and Orengo proposed the Color Mo-
ments approach [Stricker and Orengo, 1995]. The mathematical foundation of this approach
is that any color distribution can be characterized by its moments. Furthermore, since
most of the information is concentrated on the low-order moments, only the �rst (mean),
second (variance) and third (skewness) central moments are extracted as the color feature
representation. Weighted Euclidean distance is then used to calculate the color similarity.

To facilitate fast search over large-scale image collections, Smith and Chang proposed
Color Sets as an approximation to the Color Histogram representation [Smith and Chang, 1995a,
Smith and Chang, 1995b]. They �rst transformed the (R,G,B) color space into a percep-
tually uniform space, such as (H,S,V) [Foley et al., 1990], and then quantized the trans-
formed color space into M bins. A Color Set is de�ned as a selection of the colors from
the quantized color space. Because Color Set feature vectors are binary, a binary search
tree was constructed to allow fast search. The relationship between the proposed Color Sets
and the conventional Color Histogram was further discussed in [Smith and Chang, 1995a,
Smith and Chang, 1995b].

2.2 Texture Features

Texture refers to the visual patterns that have properties of homogeneity that do not result
from the presence of only a single color or intensity [Smith and Chang, 1996]. It is an innate
property of virtually all surfaces, including clouds, trees, bricks, hair, fabric, etc. It contains
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important information about the structural arrangement of surfaces and their relationship
to the surrounding environment [Haralick et al., 1973]. Because of its importance and use-
fulness in Pattern Recognition and Computer Vision, a rich set of research results exists,
spanning the past three decades. Now, it further �nds its way in VIR. More and more
research achievements are being added to it.

In the early 70's, Haralick et al. proposed the co-occurrence matrix representation for
the texture feature [Haralick et al., 1973]. This approach explored the gray level spatial de-
pendence of texture. It �rst constructed a co-occurrence matrix based on the orientation and
distance between image pixels and then extracted meaningful statistics from the matrix as
the texture representation. Many other researchers followed the same line and further pro-
posed enhanced versions. For example, Gotlieb and Kreyszig [Gotlieb and Kreyszig, 1990]
studied the statistics originally proposed in [Haralick et al., 1973] and experimentally found
out that contrast, inverse di�erence moment and entropy had the biggest discriminatory
power.

Motivated by the psychological studies in human visual perception of texture, Tamura
et al. explored the texture representation from a di�erent angle [Tamura et al., 1978]. They
developed computational approximations to the visual texture properties found to be im-
portant in psychology studies. The six visual texture properties were coarseness, contrast,

directionality, linelikeness, regularity, and roughness. One major distinction between the
Tamura texture representation and the co-occurrence matrix representation is that all the
texture properties in the Tamura representation are visually meaningful whereas some of
the texture properties used in co-occurrence matrix representation may not (for example,
entropy). This characteristic makes the Tamura texture representation very attractive in
VIR, as it can provide a friendlier user interface. The QBIC [Equitz and Niblack, 1994]
and MARS [Huang et al., 1996, Ortega et al., 1997] systems further improved this texture
representation.

In the early 90's, after the Wavelet transform was introduced and its theoretical frame-
work established, many researchers began to study its applications to texture representa-
tion [Smith and Chang, 1994, Chang and Kuo, 1993, Laine and Fan, 1993, Gross et al., 1994,
Kundu and Chen, 1992, Thyagarajan et al., 1994]. In [Smith and Chang, 1994, Smith and Chang, 1996],
Smith and Chang used the mean and variance statistics extracted from the Wavelet sub-
bands as the texture representation. This approach achieved over 90% accuracy on the 112
Brodatz texture images.

2.3 Shape Features

In general, the shape representations can be divided into two categories, boundary-based
and region-based. The former uses only the outer boundary of the shape while the latter
uses the entire shape region [Rui et al., 1996]. The most successful representatives for these
two categories are Fourier Descriptor and Moment Invariants.

The main idea of the Fourier Descriptor is to use the Fourier transformed boundary as
the shape feature. Some early work can be found in [Zahn and Roskies, 1972, Persoon and Fu, 1977].
To take into account the digitization noise in the image domain, Rui et al. proposed a mod-
i�ed Fourier Descriptor which is both robust to noise and invariant to geometric transfor-
mations [Rui et al., 1996].
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The main idea of Moment Invariants is to use region-based moments, which are invariant
to transformations, as the shape feature. In [Hu, 1962], Hu identi�ed seven such moments.
Based on his work, many improved versions emerged. In [Yang and Algregtsen, 1994],
based on the discrete version of Green's theorem, Yang and Albregtsen proposed a fast
method of computing moments in binary images. Motivated by the fact that most use-
ful invariants were found by extensive experience and trial-and-error, Kapur et al. de-
veloped algorithms to systematically generate and search for a given geometry's invari-
ants [Kapur et al., 1995]. Realizing that most researchers did not consider what happened
to the invariants after image digitization, Gross and Latecki developed an approach which
preserved the qualitative di�erential geometry of the object boundary, even after an image
was digitized [Gross and Latecki, 1995].

Some recent work in shape representation and matching includes the Finite Element
Method (FEM) [Pentland et al., 1996], Turning Function [Arkin et al., 1991], and Wavelet
Descriptor [Chuang and Kuo, 1996]. FEM de�nes a sti�ness matrix, which describes how
each point on the object is connected to other points. The eigenvectors of the sti�ness matrix
are called modes and span a feature space. All the shapes are �rst mapped into this space
and similarity is then computed based on the eigenvalues. Along a similar line to the Fourier
Descriptor, Arkin et al. developed a Turning Function based method for comparing both
convex and concave polygons [Arkin et al., 1991]. In [Chuang and Kuo, 1996], Chuang and
Kuo used the Wavelet transform to describe object shapes. It embraced desirable properties
such as multi-resolution representation, invariance, uniqueness, stability, and spatial local-
ization. For shape matching, Chamfer matching attracted much research attention. Barrow
et al. �rst proposed the Chamfer matching technique, which compared two collections of
shape fragments at a cost proportional to linear dimension, rather than area [Barrow, 1977].
In [Borgefors, 1988], to speed up the Chamfer matching process, Borgerfos proposed a hier-
archical Chamfer matching algorithm. The matching was done at di�erent resolutions, from
coarse to �ne.

2.4 Color Layout Features

Although the global color feature is simple to calculate and can provide reasonable discrim-
inating power in VIR, it tends to give too many false positives when the image collection
is large. Many research results suggested that using color layout (both color feature and
spatial relations) is a better solution to VIR. To extend the global color feature to a lo-
cal one, a natural approach is to divide the whole image into sub-blocks and extract color
features from each of the sub-blocks [Faloutsos et al., 1993, Chua et al., 1997]. A variation
of this approach is the quad-tree based color layout approach [Lu et al., 1994], where the
entire image is split into a quad-tree structure and each tree branch has its own histogram
to describe the color content. Although conceptually simple, this regular-subblock based
approach cannot provide accurate local color information while being expensive in terms
of computation and storage. A more sophisticated approach is to segment the image into
regions with salient color features by Color Set Back-projection, and then store the posi-
tion and Color Set feature of each region to support later queries [Smith and Chang, 1995a].
The advantage of this approach is its accuracy while its disadvantage is the di�cult general
problem of reliable image segmentation.
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To achieve a good trade-o� between the above two approaches, several other color lay-
out representations were proposed. In [Rickman and Stonham, 1996], Rickman and Ston-
ham proposed a color tuple histogram approach. They �rst constructed a code book which
described every possible combination of coarsely quantized color hues that might be en-
countered within local regions in an image. Then a histogram based on quantized hues
was constructed as the local color feature. In [Stricker and Dimai, 1996], Stricker and Di-
mai extracted the �rst three color moments from �ve prede�ned partially overlapping fuzzy
regions. The usage of the overlapping region made their approach relatively insensitive to
small region transformations. In [Pass et al., 1996], Pass et al. classi�ed each pixel of a
particular color as either coherent or incoherent, based on whether or not it is part of a
large similarly-colored region. By using this approach, widely scattered pixels were dis-
tinguished from clustered pixels thus improving the representation of local color features.
In [Huang et al., 1997], Huang et al. proposed a color correlogram based on the color layout
representation. They �rst constructed a color co-occurrence matrix and then used the auto-
correlogram and correlogram as the similarity measures. Their experimental results showed
that this approach was more robust than the conventional Color Histogram approach in
terms of retrieval accuracy [Huang et al., 1997].

Along the same line of the Color Layout feature, the layout of texture and other visual
features can also be constructed to facilitate more advanced VIR.

3 Retrieval Models used in MARS

With the large number of retrieval models proposed in the IR literature, MARS attempts to
exploit this research for content-based retrieval over images. The retrieval model comprises
the document or object model (here a collection of feature representations), a set of feature
similarity measures, and a query model.

3.1 The Multimedia Object Model

We �rst need to formalize how an object is modeled [Rui et al., 1998b]. We will use images
as an example, even though this model can be used for other media types as well. An image
object O is represented as:

O = O(D;F;R) (1)

� D is the raw image data, e.g. a JPEG image.

� F = ffig is a set of low-level visual features associated with the image object, such as
color, texture, and shape.

� R = frijg is a set of representations for a given feature fi , e.g. both color histogram and
color moments are representations for the color feature [Swain and Ballard, 1991]. Note
that, each representation rij itself may be a vector consisting of multiple components,
i.e.

rij = [rij1; : : : rijk; : : : rijK] (2)

where K is the length of the vector.
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Figure 1: The Object Model

Figure 1 shows a graphic representation of the Object (Image) model. The proposed
object model supports multiple representations to accommodate the rich content in the
images. An image is thus represented as a collection of low-level image feature representations
(section 2) extracted automatically using computer vision methods, as well as a manual text
description of the image.

Each feature representation is associated with some similarity measure (see section 2).
All these similarity measures are normalized to lie within [0,1] to denote the degree to which
two images are similar in regard to the same feature representation. A value of 1 means they
are very similar and a value of 0 means they are very dissimilar. Revisiting our blue sky and
ocean example from section 2, the sky and ocean images may have a similarity of 0.9 in the
Color Histogram representation of Color and 0.2 in the Wavelet representation of Texture.
Thus the two images are fairly similar in their color content, but very di�erent in their texture
content. This mapping M = f< feature representationi; similarity measurei >; : : :g
together with the Object model O, forms (D;F;R;M), a foundation on which retrieval
models can be built.

3.2 Query Models

Based on the Object model and the similarity Measures de�ned above, Query models that
work with these raw features are built. These Query models together with the Object model
form complete retrieval models used for VIR.

We explore two major models for querying. The �rst model is an adaption of the Boolean
retrieval model to visual retrieval in which selected features are used to build predicates used
in a Boolean expression. The second model is a vector (weighted summation) model where
all the features of the query object play a role in retrieval. Section 3.3 describes the Boolean
model and section 3.4 describes the vector model.

3.3 Boolean Retrieval

A user graphically constructs a query by selecting certain images from the collection. A user
may choose speci�c features from the selected images. For example, using a point-and-click
interface a user can specify a query to retrieve images similar to an image A in color and
similar to an image B in texture. A user's query is then interpreted as a Boolean expression
over image features. A Boolean retrieval model (adapted for retrieval over images) is used
to interpret the query and retrieve a set of images ranked based on their similarity to the
selected feature.
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To see how MARS adapts the Boolean model for image retrieval, consider �rst a query
Q over a single feature Fi (say color represented as a color histogram). Let H(I) be the
color histogram of image I and H(Q) be the color histogram speci�ed in the query and
similarity(H(I);H(Q)) be the similarity between the two histograms. The simplest way to
adapt the Boolean model for image retrieval is to associate a degree of tolerance �i with each
feature Fi such that:

I matches Q = true; if similarity(H(I);H(Q))� �i

= false; if similarity(H(I);H(Q))< �i

Given the above interpretation of a match based on a single feature Fi, an image I matches
a given query Q if it satis�es the Boolean expression associated with Q. For example, let
Q = v1 ^ v2, where v1 is a color histogram, and v2 is a texture representation. Image I
matches Q if its color and texture representations are within the speci�ed tolerances of v1
and v2.

Although the above straightforward adaptation of Boolean retrieval can be used for
retrieval, it has several potential problems. First, it is not clear how the degree of tolerance
�i, for a given feature Fi, should be determined. If an a priori value is set for �i, it may
result in poor performance { two images I1 and I2 at similarity of �i + � and �i � � from
a query Q, where � ! 0, are very similar as far as their relevance to Q is concerned but
would be considered as very di�erent by the system. While I1 would be considered relevant
to the query, I2 would not be considered as relevant. This problem may be alleviated by
dynamically computing �i for each query based on the image collection instead of using �xed
a priori tolerance values for a given feature. However, the approach still su�ers from the
fundamental restriction of the basic Boolean retrieval in that it produces an unranked set of
answers.

To overcome the above discussed problems, we have adopted the following two extensions
to the basic Boolean model to produce a ranked list of answers.

Fuzzy Boolean Retrieval. The similarity between the image and the query feature is
interpreted as the degree of membership of the image to the fuzzy set of images that
match the query feature. Fuzzy set theory is used to interpret the Boolean query and
the images are ranked based on their degree of membership in the set.

Probabilistic Boolean Retrieval. The similarity between the image and the query fea-
ture is considered to be the probability that the image matches the user's information
need. Feature independence is exploited to compute the probability of an image satis-
fying the query which is used to rank the images.

Unlike the basic Boolean model, both the fuzzy and probabilistic Boolean models provide
ranked retrieval over the image collection.

In the discussion below, we will use the following notation. Images in the collection
are denoted by I1; I2; : : : Im. Features over the images are denoted by F1; F2; : : : Fr, where
Fi denotes both the name of the feature as well as the domain of values that the feature
can take. The jth instance of feature Fi corresponds to image Ij and is denoted by fij. For
example, say F1 is the color feature which is represented in the database using a histogram.
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Figure 2: Sample query tree

In that case, F1 is also used to denote the set of all the color histograms, and f1;5 is the color
histogram for image 5. Query variables are denoted by v1; v2; : : : vn j vk 2 Fi so each vk refers
to an instance of a feature Fi (an fij). Note that Fi(Ij) = fij. During query evaluation,
each vk is used to rank images in the collection based on the feature domain of fi (Fi),
that is vk's domain. Thus, vk can be thought of being a list of images from the collection
ranked based on the similarity of vk to all instances of Fi. For example, say F2 is the set
of all wavelet texture vectors in the collection, if vk = f2;5, then vk can be interpreted as
being both, the wavelet texture vector corresponding to image 5 and the ranked list of all
hI; SF2(F2(I); f2;5)i with SF2 being the similarity function that applies to two texture values.
A query Q(v1; v2; : : : vn) is viewed as a query tree whose leaves correspond to single feature
variable queries. Internal nodes of the tree correspond to the Boolean operators. Speci�cally,
non{leaf nodes are of one of three forms: ^(v1; v2; : : : vn), a conjunction of positive literals;
^(v1; v2; : : : vp;:vp+1 : : ::vn), a conjunction consisting of both positive and negative literals;
and _(v1; v2; : : : vn), which is a disjunction of positive literals. Notice that we do not consider
an unguarded negation or a negation in the disjunction (that is, p � 1), since it does not
make much sense. Typically, a very large number of entries will satisfy a negation query
virtually producing the universe of the collection [Beyer et al., 1998]. We therefore allow
negation only when it appears within a conjunctive query to rank an entry on the positive
feature discriminated by the negated feature. The following is an example of a Boolean
query: Q(v1; v2) = (v1 = f1;5) ^ (v2 = f2;6) is a query where v1 has a value equal to the
color histogram associated with image I5 and v2 has a value of the texture feature associated
with I6. Thus, the query Q represents the desire to retrieve images whose color matches
that of image I5 and whose texture matches that of image I6. Figure 2 shows an example
query Q(v1; v2; v3; v4) = ((v1 = f1;4) ^ (v2 = f2;8)) _ ((v3 = f3;8) ^ :(v4 = f1;9)) in its tree
representation.

3.3.1 Weighting in the query tree

In a query, one feature can receive more importance than another according to the user's per-
ception. The user can assign the desired importance to any feature by a process known as
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Figure 3: Various samples for similarity mappings

feature weighting. Traditionally, retrieval systems [Flickner et al., 1995, Bach et al., 1996]
use a linear scaling factor as feature weights. Under our Boolean model, this is not de-
sirable. It has been noted [Fagin and Wimmers, 1997] that such linear weights do not
scale to arbitrary functions used to compute the combined similarity of an image. The
reason is that the similarity computation for a node in a query tree may be based on
operators other than a weighted summation of the similarity of the children. For exam-
ple if the fuzzy model is used, and the node is ^, the similarity computation is done as
similarity^ = min(SFi; SFj ). If Fi carries a weight �, Fj a weight � and the above method
is used, then similarity^ = min(��SFi; ��SFj ) will be in the range [0;min(�; �)] which is
distinct from [0; 1] in general. In [Fagin and Wimmers, 1997], the authors present a way to
extend linear weighting to the di�erent components for arbitrary scoring functions as long as
they satisfy certain properties. We are unable to use their approach since their mapping does
not preserve orthogonality properties on which our algorithms rely [Ortega et al., 1998b]. In-
stead, we use a mapping function from [0; 1]! [0; 1] of the form

similarity0 = similarity
1

weight ; 0 < w <1 (3)

which preserves the range boundaries [0,1] and boosts or degrades the similarity in a smooth
way. Sample mappings are shown in �gure 3. This method preserves most of the prop-
erties explained in [Fagin and Wimmers, 1997], except it is unde�ned for a weight of 0.
In [Fagin and Wimmers, 1997], a weight of 0 means the node can be dismissed. Here,
limweight!0 similarity

0 = 0 for similarity 2 [0; 1). A perfect similarity of 1 will remain
at 1. This mapping is performed at each link connecting a child to a parent in the query
tree.
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3.3.2 Fuzzy Boolean Query Model

Let Q(v1; v2; : : : vn) be a query and I be an image. In the fuzzy retrieval model, a query
variable vi is considered to be a fuzzy set of images and the relevance of any image I to Q
with respect to vi is interpreted as the degree of membership of I in that fuzzy set.

With the above interpretation of the similarity measure between the image feature and
the feature speci�ed in the query, a Boolean query Q is interpreted as an expression in fuzzy
logic and fuzzy set theory is used to compute the degree of membership of an image to the
fuzzy set represented by the query Q. Speci�cally, the degree of membership for a query Q
is computed as follows:

And SQ=Q1^Q2
(I) = min(SQ1

(I); SQ2
(I))

Or SQ=Q1_Q2
(I) = max(SQ1

(I); SQ2
(I))

Not SQ=:Q1
(I) = 1� SQ1

(I)

Consider for example a query Q:

Q = (v1 _ v2 _ v3) ^ (v4 _ (v5 ^ v1)) (4)

The degree of membership of an image I in the fuzzy set corresponding to Q can be deter-
mined as follows:

SQ(I) = min(max(Sv1(I); Sv2(I); Sv3(I)); (5)

max(Sv4(I);min(Sv5(I); Sv1(I))))

The value Svi(I) in (5) is determined using the appropriate similarity or distance measure
for the feature v and appropriately normalized. Once the membership value of the image
in the fuzzy set associated with the query is determined, these values are used to rank the
images, where a higher value of SQ(I) represents a better match of the image I to the query
Q.

Figure 4a) shows how the fuzzy model would work with our running example of blue
sky and blue ocean images.

3.3.3 Probabilistic Boolean Query Model

Let Q(v1; v2; : : : vn) be a query and I an image. In the probabilistic Boolean model, the
similarity SFi(Fi(I); vj) between the query variable vj and the corresponding feature in the
image is taken to be the probability of the image I matching the query variable vj, denoted by
P (vjjI). These probability measures are then used to compute the probability that I satis�es
the query Q(v1; v2; : : : vn) (denoted by P (Q(v1; v2; : : : vn)jI)) which is in turn used to rank
the images. To enable computation of P (Q(v1; v2; : : : vn)jI), an assumption of independence
is made. That is, we assume that for all variables vi; vj following holds:

P (vi ^ vjjI) = P (vijI)� P (vjjI) (6)

Developing a term and feature dependence model and incorporating it may improve retrieval
performance further and is an important extension to our work.
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Once the probability of match is known for a basic feature, we next need to estimate the
probability that the image satis�es the Boolean query Q(v1; v2; : : : vn), denoted by P (QjI).
If Q is a disjunction (Q = Q1 _ Q2), following the laws of probability, P (Q1 _ Q2jI) can be
estimated as follows:

P (Q1 _Q2jI) = P (Q1jI) + P (Q2jI)� P (Q1 ^Q2jI) (7)

Since all probabilities are conditioned on the image I, we will omit this for brevity from now
on. Similarly, P (:Q) can be computed as follows:

P (:Q1) = 1� P (Q1) (8)

To compute conjunction queries, i.e. Q = Q1 ^ Q2 we use

P (Q1 ^Q2) = P (Q1) � P (Q2) (9)

Taking the similarity values to mean the probability that the image matches the query,
we use the following equations to compute the �nal result:

And SQ=Q1^Q2
(I) = SQ1

(I)� SQ2
(I)

Or SQ=Q1_Q2
(I) = SQ1

(I) + SQ2
(I)� SQ1

(I)� SQ2
(I)

Not SQ=:Q1
(I) = 1� SQ1

(I)
Our retrieval results (see section 4) show that even if query terms are considered as

independent, the resulting retrieval performance is quite good. It should be noted that
although SFi(Fi(Ij); vk) has the same value for the fuzzy and probabilistic models, their
interpretation is di�erent and yields di�erent results (see section 4).

Figure 4b) shows how the probabilistic model would work with our running example of
blue sky and blue ocean images.
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3.3.4 Computing Boolean Queries

[Fagin, 1996] proposed an algorithm to return the top k answers for queries with mono-
tonic scoring functions that has been adopted by the Garlic multimedia information system
under development at the IBM Almaden Research Center [Fagin and Wimmers, 1997]. A
function F is monotonic if F (x1; : : : xm) � F (x01; : : : x

0

m) for xi � x0i for every i. Note that
the scoring functions for both conjunctive and disjunctive queries for both the fuzzy and
probabilistic Boolean models satisfy the monotonicity property. This algorithm relies on
reading a number of objects from each branch in the query tree until it has k objects in
the intersection. Then it falls back on probing to enable a de�nite decision. In contrast,
our algorithms [Ortega et al., 1998b] are tailored to speci�c functions that combine object
scoring (here called fuzzy and probabilistic models).

Another approach to optimizing query processing over multimedia repositories has been
proposed in [Chaudhari and Gravano, 1996]. It presents a strategy to optimize queries when
users specify thresholds on the grade of match of acceptable objects as �lter conditions. It
uses the results in [Fagin, 1996] to convert top-k queries to threshold queries and then process
them as �lter conditions. It shows that under certain conditions (uniquely graded repository),
this approach is expected to access no more objects than the strategy in [Fagin, 1996].
Furthermore, while the above approaches have mainly concentrated on the fuzzy Boolean
model, we consider both the fuzzy and probabilistic model in MARS. This is signi�cant since
the experimental results illustrate that the probabilistic model outperforms the fuzzy model
in terms of retrieval performance (discussed in section 4).

3.4 Vector Model

An IR model consists of a document model, a query model, and a model for computing
similarity between the documents and the queries. One of the most popular IR models is
the vector model [Buckley and Salton, 1995, Salton and McGill, 1983, Shaw, 1995]. Vari-
ous e�ective retrieval techniques have been developed for this model. Among them, term
weighting and relevance feedback are of fundamental importance.

3.4.1 Term Weighting in Textual Media

Term weighting is a technique for assigning di�erent weights for di�erent keywords (terms)
according to their relative importance to the document [Shaw, 1995, Salton and McGill, 1983].

If we de�ne wik to be the weight for term tk; k = 1; :::; N , in document i (Di), where
N is the number of terms. Document i can be represented as a weight vector in the term
space:

Di = [wi1; : : :wik; : : : wiN ] (10)

To correctly estimate the weights, we need to consider two aspects. First, if term tk
occurs frequently in document i, then wik should be assigned a high value. This intuition
suggests that a term frequency (tf) factor should be included in the estimation of wik. Second,
tf alone cannot ensure an acceptable estimation. When the high frequency term is not
concentrated in a few documents, but is instead spread over all documents, then this term
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should receive a low weight. This introduces the well-known inverse document frequency
(idf), which varies inversely with the number of documents in which a term appears.

idfk = log2
M

dfk
+ 1 (11)

where dfk is the document frequency for term tk and M is the total number of documents in
the collection. Experiments have shown that the product of tf and idf is a good estimation
of the weights [Buckley and Salton, 1995, Salton and McGill, 1983, Shaw, 1995].

The query Q has the same model as that of a document D, i.e. it is a weight vector in
the term space:

Q = [wq1; : : : wqk; : : :wqN ] (12)

The similarity between D and Q is de�ned as the Cosine distance.

Similarity(D;Q) =
D �Q

jjDjj � jjQjj
(13)

where jj jj denotes norm-2.

3.4.2 Relevance Feedback for term weighting

As we can see from the previous subsection, in the vector model, the speci�cation of wqk's
in Q is very critical, since the similarity values (Similarity(D;Q)'s) are computed based
on them. However, it is usually di�cult for a user to map his information need into a
set of terms precisely. To overcome this di�culty, the technique of relevance feedback has
been proposed [Salton and McGill, 1983, Shaw, 1995, Buckley and Salton, 1995]. Relevance
feedback is the process of automatically adjusting an existing query using information fed-
back by the user about the relevance of previously retrieved documents.

The mechanism of this method can be described elegantly in the vector space. If the
sets of relevant documents (DR) and non-relevant documents (DN ) are known, the optimal
query can be proven to be [Buckley and Salton, 1995, Salton and McGill, 1983, Shaw, 1995]:

Qopt =
1

NR

X

i2DR

Di �
1

NT �NR

X

i2DN

Di (14)

where NR is the number of documents in DR and NT the number of the total documents.
In practice, DR and DN are not known in advance. However, the relevance feedback

obtained from the user furnishes approximations to DR and DN , which are referred as, D0

R

and D0

N .
Putting more weight on the relevant terms and less weight on the non-relevant terms

can modify the original query Q.

Q0 = �Q+ �(
1

NR0

X

i2D0

R

Di)� 
(
1

NN 0

X

i2D0

N

Di) (15)

where �; � and 
 are suitable constants [Salton and McGill, 1983, Shaw, 1995]; NR0 and NN 0

are the numbers of documents in D0

R and D0

N . Q
0 approaches Qopt, as the relevance feedback
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Figure 6: Example Query calculation of Blue Sky image against Blue Ocean image

iteration moves on. Experiments show that the retrieval performance can be improved con-
siderably by using relevance feedback [Buckley and Salton, 1995, Salton and McGill, 1983,
Shaw, 1995].

Termweighting and relevance feedback are powerful techniques in IR. We next generalize
these concepts to VIR.

3.4.3 Vector Query Model and Integration of Relevance Feedback to VIR

As discussed in section 3.1, an object model O(D;F;R), together with a set of similarity
measures M = fmijg, provides the foundation for retrieval (D;F;R;M). The similarity
measures are used to determine how similar or dissimilar two objects are. Di�erent simi-
larity measures may be used for di�erent feature representations. For example, Euclidean
is used for comparing vector-based representations while Histogram Intersection is used for
comparing color histogram representations (see section 2).
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The Query model is shown in �gure 5. The query has the same form as an object, except
it has weights at every branch at all levels. Wi, Wij, and Wijk, are associated with features
fi, representations rij, and components rijk respectively. The purpose of the weights is to
re
ect as closely as possible the combination of feature representations that best represents
the users information need. The process of relevance feedback described below aims at
updating these weights to form the combination of features that best captures the user's
information need.

Intuitively, the similarity between query and object feature representations is computed,
and then the feature similarity computed as the weighted sum of the similarity of the in-
dividual feature representations. This process is repeated one level higher when the overall
similarity of the object is the weighted sum over all the feature similarities. The weights at
the lowest level, the component level, are used by the di�erent similarity measures internally.
Figure 6 traces this process for our familiar example of a blue sky image as a query and a
blue ocean image in the collection.

Based on the image object model and the set of similaritymeasures, the retrieval process
is described below and also illustrated in Figure 5.

1. Initialize the weights W = [Wi;Wij;Wijk] to W0, which is a set of no-bias weights.
That is, every entity is initially of the same importance.

Wi = W0i =
1

I
(16)

Wij = W0ij =
1

Ji
(17)

Wijk = W0ijk =
1

Kij

(18)

where I is the number of features in set F ; Ji is the number of representations for
feature fi; Kij is the length of the representation vector rij .

2. The user's information need, represented by the query object Q, is distributed among
di�erent features fi, according to their corresponding weights Wi.

3. Within each feature fi, the information need is further distributed among di�erent
feature representations rij, according to the weights Wij.

4. The objects' similarity to the query, in terms of rij, is calculated according to the
corresponding similarity measure mij and the weights Wijk:

S(rij) = mij(rij;Wijk) (19)

5. Each representation's similarity values are then combined into a feature's similarity
value:

S(fi) =
X

j

WijS(rij) (20)

6. The overall similarity S is obtained by combining individual S(fi)'s:

S =
X

i

WiS(fi) (21)
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7. The objects in the database are ordered by their overall similarity to Q. The NRT

most similar ones are returned to the user, where NRT is the number of objects the
user wants to retrieve.

8. The user marks each of the retrieved objects as highly relevant, relevant, no-opinion,
non-relevant, or highly non-relevant, according to his information need and subjective
perception.

9. The system updates the weights (described in section 3.4.4) according to the user's
feedback so that the adjusted Q is a better approximation to the user's information
need.

10. Go to Step 2 with the adjusted Q and start a new iteration of retrieval.

In Figure 5, the information need embedded in Q 
ows up while the content of O's

ows down. They meet at the dashed line, where the similarity measures mij are applied to
calculate the similarity values S(rij)'s between Q and O's.

Note that in the proposed retrieval algorithm, both S and S(fi) are linear combinations
of their corresponding lower level similarities. The basis of the linear combination is that the
weights are proportional to the entities relative importance [Fagin and Wimmers, 1997]. For
example, if a user cares twice as much about one feature (color) as he does about another
feature (shape), the overall similarity would be a linear combination of the two individual
similarities with the weights being 2/3 and 1/3, respectively [Fagin and Wimmers, 1997].
Furthermore, because of the nature of linearity, these two levels can be combined into one,
i.e.:

S =
X

i

X

j

WijS(rij) (22)

where Wij's are now re-de�ned to be the weights by which the information need in Q is
distributed directly into rij's. Note that it is not possible to absorb Wijk into Wij, since the
calculation of S(rij) can be a non-linear function of Wijk's, such as Euclidean or Histogram
Intersection.

3.4.4 Update of Wij

The Wij's associated with the rij's re
ect the user's di�erent emphasis of a representation
in the overall similarity. The support of di�erent weights enables the user to specify his or
her information need more precisely. We will next discuss how to update Wij 's according to
the user's relevance feedback.

Let RT be the set of the most similar NRT objects according to the overall similarity
value S:

RT = [RT1; : : : RTl; : : :RTNRT
] (23)

Let Score be the set containing the relevance scores fed-back by the user for RTl's (see
section 3.4.3):

= 3; if highly relevant (24)

= 1; if relevant (25)
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Scorel = 0; if no-opinion (26)

= �1; if non-relevant (27)

= �3; if highly non-relevant (28)

The choice of 3, 1, 0, -1, and -3 as the scores is arbitrary. Experimentally we �nd that
the above scores capture the semantic meaning of highly relevant, relevant, etc. In Equa-
tions (24-28), we provide the user with �ve levels of relevance. Although more levels result
in more accurate feedback, it is less convenient for the user to interact with the system.
Experimentally we �nd that 5 levels is a good trade-o� between convenience and accuracy.

For each rij, let RT ij be the set containing the most similar NRT objects to the query
Q, according to the similarity values S(rij):

RT ij = [RT ij
1 ; : : : RT

ij
l ; : : :RT

ij
NRT

] (29)

To calculate the weight for rij , �rst initializeWij = 0, and then use the following procedure:

Wij = Wij + Scorel; if RT ij
l is in RT (30)

= Wij + 0; if RT ij
l is not in RT (31)

l = 0; :::; NRT (32)

Here, we consider all the images outside RT as marked with no-opinion and have the score
of 0. After this procedure, if Wij < 0, set it to 0. Let WT ij =

P
Wij be the total weights.

The raw weights obtained by the above procedure are then normalized by the total weight
to make the sum of the normalized weight equal to 1.

Wij =
Wij

WT ij

(33)

As we can see, the more the overlap of relevant objects between RT and RT ij, the
larger the weight of Wij. That is, if a representation rij re
ects the user's information need,
it receives more emphasis.

3.4.5 Update of Wijk

The Wijk's associated with rijk's re
ect the di�erent contributions of the components to the
representation vector rij. For example, in the wavelet texture representation, we know that
the mean of a sub-band may be corrupted by the lighting condition, while the standard de-
viation of a sub-band is independent of the lighting condition. Therefore more weight should
be given to the standard deviation component, and less weight to the mean component.
The support of di�erent weights for rijk's enables the system to have more reliable feature
representation and thus better retrieval performance.

A standard deviation based weight updating approach has been proposed in our previous
work [Rui et al., 1997a]. Out of the NRT returned objects, for those objects that are marked
with highly relevant or relevant by the user, stack their representation vector rij's to form a
M 0 �K matrix, where M 0 is the number of objects marked with highly relevant or relevant.
In this way, each column of the matrix is a length-M 0 sequence of rijk's. Intuitively, if all
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the relevant objects have similar values for the component rijk, it means that the component
rijk is a good indicator of the user's information need. On the other hand, if the values for
the component rijk are very di�erent among the relevant objects, then rijk is not a good
indicator. Based on this analysis, the inverse of the standard deviation of the rijk sequence
is a good estimation of the weightWijk for component rijk. That is, the smaller the variance,
the larger the weight and vice versa.

Wijk =
1

�ijk
(34)

where �ijk is the standard deviation of the length-M 0 sequence of rijk's. Here we assume
that the user will mark at least one image, besides the query image, as relevant or highly
relevant, such that �ijk will not be zero. The assumption is valid since otherwise the user
would re-start a new query if nothing relevant is retrieved. Furthermore, just as in Equation
(33), we need to normalize Wijk's in the same way.

Wijk =
Wijk

WT ijk

(35)

where WT ijk =
P
Wijk.

4 Experimental Results

In the experiments reported here, we test our approaches over the image collection from the
Fowler Museum of Cultural History at the University of California-Los Angeles. It contains
286 ancient African and Peruvian artifacts and is part of the Museum Educational Site
Licensing Project (MESL), sponsored by the Getty Information Institute.

The size of the MESL test set is relatively small but it allows us to explore all the
color, texture, and shape features simultaneously in a meaningful way. More extensive ex-
periments with larger collections have been performed and reported in [Ortega et al., 1998b,
Rui et al., 1998b].

In the following experiments, the visual features used are color, texture and shape of
the objects in the image. That is,

F = ffig = fcolor, texture, shapeg (36)

The representations used are color histogram and color moments [Swain and Ballard, 1991]
for the color feature; Tamura [Tamura et al., 1978, Equitz and Niblack, 1994] and co-occurrence
matrix [Haralick et al., 1973, Ohanian and Dubes, 1992] texture representations for the tex-
ture feature, and Fourier descriptor and chamfer shape descriptor [Rui et al., 1997b] for the
shape feature.

R = frijg = fr1; r2; r3; r4; r5; r6g

= fcolor histogram, color moments, Tamura,

co-occurrence matrix, Fourier descriptor,

chamfer shape descriptorg
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Our proposed framework is open in that other visual features or feature representations
can be easily incorporated, if needed. The similarity measures used for the corresponding
representations are the following. Color Histogram Intersection [Swain and Ballard, 1991] is
used for the color histogram representation; weighted Euclidean is used for the color mo-
ments, Tamura texture, co-occurrence matrix, and Fourier shape descriptor [Rui et al., 1997b]
representations; and Chamfer matching [Rui et al., 1997b] is used for the chamfer shape rep-
resentation.

4.1 Boolean Retrieval Model Results

To conduct the experiments we chose several queries and manually determined the relevant
set of images with help of experts in librarianship as part of a seminar in multimedia retrieval.
With the set of queries and relevant answers for each of them, we constructed precision-recall
curves [Salton and McGill, 1983]. These are based on the well known precision and recall
metrics. Precision measures the percentage of relevant answers and recall measures the
percent of relevant objects returned to the user. The precision recall graphs are constructed
by measuring the precision for various levels of recall.

We conducted experiments to verify the role of feature weighting in retrieval. Figure 7(a)
shows results of a shape or color query i.e. to retrieve all images having either the same
shape or the same color as the query image. We obtained four di�erent precision recall
curves by varying the feature weights. The retrieval performance improves when the shape
feature receives more emphasis.

We also conducted experiments to observe the impact of the retrieval model used to
evaluate the queries. We observed that the fuzzy and probabilistic interpretation of the
same query yields di�erent results. Figure 7(b) shows the performance of the same query (a
texture or color query) in the two models. The result shows that neither model is consistently
better that the other in terms of retrieval.

Figure 7(c) shows a complex query (shape(Ii) and color(Ii) or shape(Ij) and layout(Ij)
query) with di�erent weightings. The three weightings fared quite similar, which suggests
that complex weightings may not have a signi�cant e�ect on retrieval performance. We used
the same complex query to compare the performance of the retrieval models. The result is
shown in Figure 7(d). In general, the probabilistic model outperforms the fuzzy model.

4.2 Vector Retrieval Model with Relevance Feedback Results

There are two sets of experiments reported here. The �rst set of experiments is on the
e�ciency of the retrieval algorithm, i.e. how fast the retrieval results converge to the true
results. The second set of experiments is on the e�ectiveness of the retrieval algorithm, i.e.
how good the retrieval results are subjectively.

4.2.1 E�ciency of the Algorithm

The ultimate goal of the relevance feedback technique is to help the user retrieve what he or
she wants. Because of this, it is very important to verify that the above proposed relevance
feedback retrieval algorithm converges to the user's true information need fast.
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The only assumption that we make in the experiments is that the user is consistent
when doing relevance feedback. That is, the user does no change his or her information need
during the feedback process, such that a computer can simulate the feedback process.

As we have discussed in Section 3.1, the image object is modeled by the combinations of
representations with their corresponding weights. If we �x the representations, then a query
can be completely characterized by the set of weights embedded in the query object Q. Let
set s1 be the highly relevant set; set s2 be the relevant set; set s3 be the no-opinion set; set
s4 be the non-relevant set; and set s5 be the highly non-relevant set. The testing procedure
is described as follows:

1. Retrieval results of the ideal case.
Let W � be the set of weights associated with the query object Q. The retrieval results
based on W � are the ideal case and serve as the baseline for comparing other non-ideal
cases.

(a) Specify a set of weights, W �, to the query object.

(b) Set W = [Wij;Wijk] to W
�.

(c) Invoke the retrieval algorithm.

(d) Obtain the best NRT returns, RT �.

(e) From RT �, �nd the sizes of sets si; i = 1; :::; 5, ni; i = 1; :::; 5. si's are marked by
the human user for testing purpose.

(f) Calculate the ideal weighted relevant count as:

count� = 3� n1 + 1� n2 (37)

Note that 3 and 1 are the scores of the highly relevant and relevant sets, respec-
tively (see section 3.4.3). Therefore, count� is the maximal achievable weighted
relevant count and serves as the baseline for comparing other non-ideal cases.

2. Retrieval results of the relevance feedback case.
In the real retrieval situation, neither the user nor the computer knows the speci�ed
weights W �. However, the proposed retrieval algorithm will move the initial weights
W0 to the ideal weights W � via relevance feedback.

(a) Set W = W0.

(b) Set the maximum number of iterations of relevance feedback, Pfd.

(c) Initialize the iteration counter, pfd = 0.

(d) Invoke the retrieval algorithm and get back the best NRT returns, RT (pfd) (see
Section 3).

(e) Compute the weighted relevant count for the current iteration:

count(pfd) = 3 � n1(pfd) + 1� n2(pfd) (38)

where n1(pfd) and n2(pfd) are the number of highly relevant and relevant objects
in RT (pfd). These two numbers can be determined by comparingRT (pfd) against
RT �.
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(f) Compute the convergence ratio CR(pfd) for the current iteration:

CR(pfd) =
count(pfd)

count�
� 100% (39)

(g) Set pfd = pfd + 1. If pfd � Pfd, quit; otherwise continue.

(h) Feed the current 5 sets si; i = 1; :::; 5, back into to the retrieval system.

(i) Update the weights W according to Equations (28-35). Go to step 2(d).

In all the experiments reported here, 100 randomly selected images are used as the
query images and the values of CR listed in the tables are the averages of the 100 cases.
In this paper, we concentrate on the e�ect of Wij. The e�ect of Wijk has been studied in
our previous research in [Rui et al., 1997a]. Speci�cally, only Wij is speci�ed for W � in the
experiments. In the MESL test set, there are 6 rij's as described at the beginning of this
section. Therefore, both W � and W0 have 6 components. In addition,

W0 = [
1

6

1

6

1

6

1

6

1

6

1

6
] (40)

where each entry in the vector W0 is the weight for its corresponding representation.
Obviously, the retrieval performance is a�ected by the o�set of the speci�ed weightsW �

from the initial weights W0. We classify W � into two categories, i.e. moderate o�set, and
signi�cant o�set, by considering how far away they are from the initial weights W0.

The six moderate o�set testing weights are:

W �

1 = [0:5 0:1 0:1 0:1 0:1 0:1]

W �

2 = [0:1 0:5 0:1 0:1 0:1 0:1]

W �

3 = [0:1 0:1 0:5 0:1 0:1 0:1]

W �

4 = [0:1 0:1 0:1 0:5 0:1 0:1]

W �

5 = [0:1 0:1 0:1 0:1 0:5 0:1]

W �

6 = [0:1 0:1 0:1 0:1 0:1 0:5]

The six signi�cant o�set testing weights are:

W �

7 = [0:75 0:05 0:05 0:05 0:05 0:05]

W �

8 = [0:05 0:75 0:05 0:05 0:05 0:05]

W �

9 = [0:05 0:05 0:75 0:05 0:05 0:05]

W �

10 = [0:05 0:05 0:05 0:75 0:05 0:05]

W �

11 = [0:05 0:05 0:05 0:05 0:75 0:05]

W �

12 = [0:05 0:05 0:05 0:05 0:05 0:75]

The experimental results for these cases are summarized in Figure 8.
Based on the curves, some observations can be made:
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� In all the cases, CR increases the most in the �rst iteration. Later iterations only result
in minor increases in CR. This is a very desirable property, which ensures that the
user gets reasonable results after only one iteration of feedback. No further feedback
iterations are needed, if time is a concern.

� CR is a�ected by the degree of o�set. The less the o�set, the higher the �nal absolute
CR. However, the more the o�set, the higher the relative increase of CR.

4.2.2 E�ectiveness of the Algorithm

Experiments in the previous subsections focus on the convergence of the algorithm. This
sub-section will focus on how good the results are subjectively. The only way of performing
subjective tests is to ask the user to evaluate the retrieval system subjectively. Extensive
experiments have been carried out. Users from various disciplines, such as Computer Vision,
Art, Library Science, etc., as well as users from industry, have been invited to judge the
retrieval performance of the proposed interactive approach. A typical retrieval process on
the MESL test set is given in Figures 9 and 10.

The user can browse through the image database. Once he or she �nds an image of
interest, that image is submitted as a query. Alternatively to this query-by-example mode,
the user can also submit images outside the database as queries. In Figure 9, the query
image is displayed at the upper-left corner and the best 11 retrieved images, with W = W0,
are displayed in the order from top to bottom and from left to right. The retrieved results
are obtained based on their overall similarities to the query image, which are computed from
all the features and all the representations. Some retrieved images are similar to the query
image in terms of the shape feature while others are similar to the query image in terms of
color or texture feature.

Assume the user's true information need is to \retrieve similar images based on their
shapes". In the proposed retrieval approach, the user is no longer required to explicitly map
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Figure 9: The retrieval results before the relevance feedback
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Figure 10: The retrieval results after the relevance feedback
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his information need to low-level features, but rather he or she can express his intended
information need by marking the relevance scores of the returned images. In this example,
images 247, 218, 228 and 164 are marked highly relevant. Images 191, 168, 165, and 78 are
marked highly non-relevant. Images 154, 152, and 273 are marked no-opinion.

Based on the information fed-back by the user, the system dynamically adjusts the
weights, putting more emphasis on the shape feature, possibly even more emphasis to one
of the two shape representations which better matches the user's subjective perception of
shape. The improved retrieval results are displayed in Figure 10. Note that our shape
representations are invariant to translation, rotation, and scaling. Therefore, images 164
and 96 are relevant to the query image.

5 Future Research Directions

We have conducted research in several areas. This paper presented a broad overview of our
work on the retrieval model aspect of VIR. There is however much further work required.
Speci�cally, we are developing an integrated multimedia retrieval model that allows queries
not on single media, but truly on multimedia documents. A query would be a document
containing text, one or more images, possibly audio and video data as well. Our work in the
video domain [Rui et al., 1998a] provides a foundation for the video domain. Our current
work revolves around complete integration of these disparate media types in a single uni�ed
model.

We are also actively pursuing research in the evaluation methods for such multime-
dia retrieval models. While our observations indicate that combining textual and visual
retrieval enhances retrieval performance, there is no hard evidence. Our initial work on
metrics designed speci�cally for such models incorporating multiple media types is promis-
ing [Ortega et al., 1998a], but still requires much further work. How to reliably measure
the extent to which incorporating distinct media types enhances retrieval is an important
research area.

To complement the research presented, we are also working on the e�cient implemen-
tation of these retrieval models [Chakrabarti and Mehrotra, 1999], and their incorporation
into database systems.

6 Conclusion

In this paper we have discussed techniques to extent information retrieval beyond the text
document. Speci�cally, we have discussed how to extract visual features from images and
video; how to adapt a Boolean retrieval model (enhanced with Fuzzy and Probabilistic
concepts) for VIR systems; and how to generalize the relevance feedback technique to VIR.

In the past decade, two general approaches to VIR emerged. One is based on text (ti-
tles, keywords, and annotation) to search for visual information indirectly. This paradigm
requires much human labor and su�ers from vocabulary inconsistency problems across hu-
man indexers. The other paradigm intends to build fully automated systems by completely
discarding the text information and performing the search on visual information only. Nei-
ther paradigm has been very successful. In our view, these two paradigms have both their
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advantages and disadvantages; and sometimes are complimentary to each other. For exam-
ple, in the MESL database, it will be much more meaningful if we �rst do a text-based search
to con�ne the category and then use visual feature based search to re�ne the result. Another
promising research direction is the integration of the human user into the retrieval system
loop. A fundamental di�erence between an old Pattern Recognition system and today's VIR
system is that the end user of the latter is human. By integrating human knowledge into the
retrieval process, we can bypass the unsolved problem of image understanding. Relevance
feedback is one technique designed to deal with this problem.
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