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Current image retrieval systems use associated text and visual attributes of images,
such as colors, textures or shapes, as indices for retrieval. The use of these attributes
has been quite successful in retrieving a large proportion of relevant images. However,
as each attribute is able to capture only part of the images’ semantics, retrieval
techniques based on the combination of these attributes could only achieve limited
retrieval effectiveness. In order to exploit the strong points of each attribute in
identifying relevant images, we investigate the use of domain knowledge to guide the
retrieval process. The retrieval model attempts to model the human's mental process
of filtering and identifying dominant attributes in relevant images. In order to make
the system domain independent, the domain knowl edge is considered to be an expert
knowledge supplied by the users as part of the query. A concept specification language
is designed for this purpose. We test the system on a large image collection of over
12,000 images. The results of testing demonstratethat the use of domain knowledge
could lead to substantial improvement in retrieval effectiveness.

Keywords: knowledge-based query; content-based image retrieval; domain

knowledge.

1. Introduction

The advances in computer technology enable us to store and manipulate a massive amount of
color images on the computer. Databases containing large on-lineimage collections are becoming
common. Current and potentid gpplications for imaging and other media include: medicing;
photojourndism; marketing and pramotion; education and training; and entertainment. The
emergence of large and complex image databases has led to the demand for tools that can
manage, organize and retrieve images effectively.

Most early image retrieval systems use keywords or free-text descriptions supplied by
the authors as the basis for retrieval [1, 14]. The problem with text-based retrieval systemsis
that the text descriptions must be entered manually by the authors, and hence the descriptions
tend to be incomplete and inconsistent. Because of this problem, recent systems [5, 6, 8] use



the visua attributes of images, such as colors, textures, and shapes, asindicesfor retrieva. The
visua attributes can often be extracted directly from the images contents. Thus, the indexing
and etrieval of images using these attributes can be fully automated. However, the visua
attributes are only good at describing objects with concrete visuad forms, but not abstract
concepts. Thus, the retrieval results are not very precise. Retrieval system that combines the
use of colors and textures could achieve a retrieval effectiveness of up to 60% in recal and
precision [5].

It is interesting to note that different retrieval models based on different combination of
visual attributes and text descriptions achieve amost Smilar levels of retrieva effectiveness.
Moreover, each modd is able to retrieve a different subset of relevant images. One of the
reasons is that each image atribute is only able to capture part of an image's semantics. Thus, if
we ae able to exploit the strong points of each attribute in identifying rlevant images, the
retrieval effectiveness of the combined system can be improved. A smilar problem is
encountered in freetext retrieval systems using different retrieval models[2].

This paper investigates the use of domain knowledge of the image collection to guide the
section of appropriate attributes for image retrieva. The knowledge-based modd is based
loosdly on human's mental process of filtering and discriminating dominant attributes in
relevant images. The resulting modd is a hierarchy of red-world objects together with clues for
detecting these objectsin terms of colors, textures and text descriptions at the lowest level.

This paper describes the design and implementation of an image retrieval system that
utilizes domain knowledge to retrieve images. In order to make the system domain independert,
the required domain knowledge is not pre-defined by the system; rather, it is considered to be
an expert knowledge that the users will supply based on their information needs. A concept
specification language has been designed for this purpose. The paper discusses the testing of
the system on alarge image callection containing over 12,000 images.

2. Reviews of Related Works

Many exigting image retrieva systems use keywords or free-text descriptions supplied by the
authors as the basis for retrieval [1]. These systems mainly employ best -match information
retrieva (IR) techniques [15] to retrieve a ranked list of relevant images based on users free-
text queries. The effectiveness of a text -based system is only as good as the text descriptions,
which tend to be incomplete and inconsistent. Furthermore, the origina text descriptions often
do not alow for unanticipated search in subsequent retrievals.

One naturd way to overcome some of the problems of text-based systems is to use the
visud attributes of images for retrieval. The visud attributes used include colors, textures and



shapes. Some systems employ heuristic shape measures, such the circularity, eccentricity,
major axis orientation, and agebraic moment of invariant etc., to modd dominant shape
atributes [13]. Practical content-based image retrieva systems tend to use a combination of
colors, textures and heuristic shapes as these attributes can be extracted automatically from the
images contents. In these systems, users formulate their queries ether by supplying a sample
image, or directly specifying a combination of visua attributes. The use of exact shape n
retrieval isless successful and is confined mainly to specidized domain because there is aneed
for a pre-defined database describing the shapes to be matched [6]. [3] considered only the
color contents of an image and employed the fuzzy set theory to express the intrinsic
uncertainty of human in evaluating color smilarities. [5] studied the use of combined query
involving both colors and textures in a similarity-based retrieval that aso takes into account of
perceptualy similar colors. Results from [5] indicated that the use of combined query could
lead to substantial improvements in retrieval effectiveness. [8] considered the use of colors,
textures, shapes and sketchesfor retrieval.

In an attempt to combine colors and object topology in retrieval , [12] used color pairsto
mode the distinct boundaries and relationships between objects in an image. In order to
diminate the contributions of the image background and to perform object-eve retrievd, [6]
considered the use of segmented images in retrieval. Coupled with the use of perceptually
smilar colors, subgtantid improvements in retrieval effectiveness were obtained. [10]
developed a color-spatid modedl, which encodes image contents as a set of dominant colors,
adong with their spatia distributionsthroughout theimage.

Text descriptions and visua attributes tend to be ambiguous in meanings, and hence they
are difficult to be used to express precise query. The problem is aggravated as usars
information needs are usually imprecise. The combination of these factors partly contributed to
the low retrievd effectiveness of image retrievd sysems This problem has long been
recognized in the IR community. Two main approaches have been used to overcome this
problem. One approach relies on user’s reevance judgments of earlier retrievals to enhance
subsequent retrieval  effectiveness. The relevance judgment information has been used
effectively to reformulate the users queries and/or extend the images text descriptions
automaticaly [14]. The relevance judgment information can aso be used explicitly by the users
to specify a new query or to browsing the image database directly. The second approach
consders the judicious use of doman knowledge to achieve higher retrieval effectiveness.
Examples of such systems include RUBRIC [18] and PR [7] for free text, and a prototype
system [19] for multimedia data In these systems, domain knowledge is modeled as a
collection of concepts. Each concept contains the descriptions, the relationships with other
concepts, and the rules for its recognition. In FR and the multimedia prototype [19], the



knowledge base is pre-defined by the authors and is used to assist the users in formulating
queries for more accurate retrieval. RUBRIC takes a different approach of requiring the usersto
define the concept structure as part of the queries.

3. A Modd for Knowledge Based I mage Retrieval

Image has rich contents from which we can derive many concepts. The full semantics of an
image are manifested through multiple visud and non-visual forms. The use of just text or a
visud attribute aone is unable to fully capture the image's semantics as each attribute has
limited expressive power on its own. For example, colors and textures are good at capturing the
visua aspects of an object with concrete form. However, they are not very precise and are
incapable of representing abstract concepts presence in images. Text descriptions, on the other
hand, are good a describing abstract concepts. However, they are week in describing visual
contents, and tend to be incomplete and inconsistent. Thus, each atribute tends to capture
different facets of the images contents. Because of these problems, retrieval models based on
different content attributes tend to retrieve different subset of relevant images, and with limited
retrieval effectiveness.

To overcome the representation problems of each attribute, al attributes should be used
together to provide a more complete description of the images contents. This approach has
been taken by many researchersin utilizing multiple attributes for image retrieva [5, 8, 9]. All
approaches use heurigtic retios to combine evidence arriving from each attribute. Theratios are
determined experimentally. The use of multiple attributes has led to improvement in retrieva
effectiveness [5]. However, it is not very satisfactory as different attributes tend to have
different degree of importance for different classes of queries.

One way to tackle this problem is to use domain knowledge of the image cdlectionsand
queriesto judicioudy combine evidence of different atributes. The use of domain knowledgeis
based loosdly on the human's mental model in filtering and discriminating suitable attributes
when identifying certain types of images. One typically starts with a stereotyped model of the
concept that one is looking for, be it atree or a park. There could be multiple modds of the
same concept. The stereotyped model contains information that can be used to identify the
concept in the image in terms of other sub-concepts and image content attributes. This is
similar to the idea of frames as discussed in [11]. The degree of similarity between the contents
of an image and the concept mode! is used to deduce the relevance of theimage.

For example, if one is looking for images of trees, one would look for, in the order of
importance, certain specific textures and colors that characterize a tree, together with typica
text terms used to describe the tree. Shape might not be an important attribute here. At the



higher levd, if oneislooking for images of a park, one may sart with a menta image of alarge
green field congsting of trees and possibly some flowers and a pond. Thus the stereotyped

mode of the concept park is composed of a number of primitive sub-concepts. Each primitive
concept isin turn defined in terms of a set of image content attributes. With thismode, we can

successvely build up a hierarchicd mode of red -world concepts together with clues for their

detection interms of colors, textures and text descriptions at the primitive level.

4. Modeling of Concept -Based Query for Image Retrieval

Most knowledge-based systems attempt to maintain a knowledge base that encodes al domain
knowledge gathered from various domain experts An image has rich contents that many
different concepts may be derived fromiit. It isimpossible and impractical to attempt to define
a common knowledge base that can be shared by al users. Our approach is to provide a
mechanism for the users to incorporate damain knowledge into their queries. This is the
approach taken in RUBRIC [18] for freetext retrieval. This approach not only overcomesthe
problem of incomplete knowledge inherent in most knowledge-based systems, but aso permits
the usersto structure thar queries based on their perceptions of a concept.

Similar to RUBRIC, we modd the query as a hierarchy of concepts, except that in our
case the leaf concepts are defined in terms of multiple images content attributes including text,
colors and textures. Each concept has three components: its name; its relationships with other
concepts, and in the case of primitive leaf concepts, rules for its identification within the
images contents.

Figure 1 shows the hierarchy for the primitive concept Bird-Flying. Here the concept
Bird-Flying is defined in terms of two attribute, text and content, with the content being further
defined in terms of color and texture attributes. At the primitive leaf level of the concept
hierarchy, the text attribute is defined as a combination of text strings"“bird” and “flying”; the
color attribute is defined as a composition of LIGHT-BLUE, BLUE, and DARK-BLUE colors;
while the texture attribute is defined to be of type SKY. The vaues of text, color and texture
dtributes are used to match againgt the content of an actual image to deduce the presence of
concept Bird-Flying in that image.

Bird- Legend
3 A~ compose
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(0.6 04 /<_>\ AND operator
Text Content /\ OR operator
& 0.7 (0.3)
“bird” “flying” CSI% Texture
LIGHT-BLUE BLUE DARK-BLUE SKY
(0.5) (0.2) (0.2)




Note: Bold words denote the names of attributes or concepts; capital words and words enclosed in
quotes give the values of attributes.

Figure 1: Concept tree of a primitive concept Bird-Flying

In a concept hierarchy, operators must be defined to describe how lower level concepts or
attributes may be combined to form higher level concepts. Consider first the combination of
attribute val ues to derive the vaue of an image attribute. Three operators are defined for this
purpose; they are the AND, OR and COMPOSE operators. The AND and OR are the usud
operators that derive the meaning of an attribute based on the conjunction and digunction of
the specified values respectively. These operators are normally used in boolean “exact match”
environment. In an image retrieva environment characterized by unstructured information and
imprecise query specification, the ability to express similarity-based matching is aso essential.
Similarity-based matching denotes the use of best maich, rather than exact match, to derive the
degree of amilarity between the content of an image and the query. To express Smilarity-based
matching, we introduce an additiond operator, cdled COMPOSE. For example, the
COMPOSE operator is used in Figure 1 to define the composition of color attribute in terms of
50% LIGHT-BLUE, 20% BLUE, and 20% DARK-BLUE. It means that relevant images
should preferably contain the desired color composition. It does not require dl three colors to
be present in the relevant images as for the AND operator. It is aso insufficient for a rdevant
image to contain just 20% of BLUE as expressed by the OR operator.

The same three operators are dso used at the higher level to combine lower level concepts
to form high-level concepts. Here the COMPOSE operator denotes that the meaning of the
higher level concept is derived by taking the weighted evidence of the lower level concepts. In
the Bird-Hying concept shown in Figure 1, the evidentid vaue of Bird-Flying is derived by
combining the weighted evidence of the text and content attributes.

User may attach weight to an attribute or concept to denote its importance in inferring the
higher 1evel concept. With reference to the Bird-Flying concept, weights of 0.6 and 0.4 are
attached to the text and content attributes respectively. The weight denotes the degree of
importance judged by the human user, based upon his or her experience and indght; it isnot a
satistical quantity. The weights will influence the combination of attributes and ultimately the
ranking of theimages retrieved. Theweight isared number in theinterval [0,1]. If theweight is



omitted for an attribute, it is assumed to be 1.0 (i.e. absolute importance). To ensure closure
property when applying the operator, the sum of al weights associated with an operator
should be less than or equa to 1.0.

To facilitate the definition of concept-based query by the users, a concept specification
language has been defined. The specification of concept Bird-Fying is given in Figure 2. In this
language, we use the symbols +, & and | to denote the operators COMPOSE, AND and OR
respectively. The ATTRIBUTE field of a concept is used to define its sub-concepts to form
the concept hierarchy. The rest of concept specification should be sdf explanatory. Further
details on the design and syntax of the concept specification language can be found in [17].

(CONCEPT Bird-Flying)
(DESCRIPTION Bird-Fly ing “Birds of any color flying”)
(ATTRIBUTE Bird-Flying ((TEXT 0.60) + (CONTENT 0.40)))
(TEXT Text “bird” + “flying”)
(CONTENT Bird-Flying Content)
(ATTRIBUTE Content ((COL OR 0.70) + (TEXTURE 0.30)))
(COLOR Content ((LIGHT-BLUE 0.5) + (BLUE 0.2) + (D ARK-BLUE 0.2)))
(TEXTURE Content SKY)
Figure 2: The specification of concept BirdFlying

We can use the definition of primitive concepts to construct higher level concepts. An
example of ahigher-level concept is the scene of birds flying during the sunset. This concept,
Bird-Flying-in-Sunset, is built upon two primitive concepts, namely Bird-Flying and Sunset.
Figure 3 shows its concept tree. In a Similar manner, queries expressing multi-level concepts

can aso be constructed.
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Figure 3: Concept tree of a two-level concept

5. Query Processing

The concept-based query entered will be verified by the system to ensure that it is
syntactically correct and that al the weights and attribute values specified are valid. If no error
is detected, he system will proceed to construct the concept tree starting from the root
concept. Examples of that concept trees maintained by the system are shown in Figures 1 and
3. Basad on the contents of each image, a Smilarity vaue is computed for the root concept of
the concept tree. Thisvalueis used to denote the similarity between the image and the concept-
based query.

The computation of similarity between the root concept and the image starts from its |eef
nodes where a set of image content attributes is specified. For each attribute value (such as
SKY) or agroup of attribute values linked together by the COMPOSE operator (such as the
text strings “bird” and “flying”), we first compute its smilarity with the content of the image.
The similarity is computed using an appropriate smilarity formula depending on the type of
attribute. For text atribute, we employ the vector space IR modd and the cosine similarity
formula [15]. For colors, we employ a variant of histogram-based similarity formulathat takes
into account of perceptualy similar colors [6, 17]. The color computetion is carried out in the
CIE L*u*v color space [4]. For texture attribute, we extend the texture measures developed in
[16] for smilarity computation [17].

The smilarity values computed at the leef level are propagated up the concept hierarchy.
There are three ways of propagating the smilarity vaues -- depending on the types of
operators used to combine the lower-level concepts or attributes. For the OR operator, the
combined Smilarity valueis derived smply by taking the maximum similarity value of its child
nodes. The resulting function is expressed as:

SMOR:MAX{SM1,SM2, ..... ,SMN} (1)

where SM; isthe similarity value contributed by itsith child node.
The combined similarity value of an AND operator is derived by taking the minimum of
the Smilarity values propagated by its child nodes. It is defined as:

IMup =MIN{IM,, IM, , ..., IM} )



Finally, the similarity for a COMPOSE operator is derived by taking the vector sum of the
similarity values propagated by its child nodes. Let W W, ,..Wy represent the weights
assigned to the respective child node, the combined function is expressed as:

N
SIMcomposs = § (Wi* SIMi) ®
i=1
Bird-Flying {0.65
(M)
Text {0.6} Content {0.73}
+
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Figure 4: Computdion of Similarity Value for an Image

Figure 4 illustrates how similarity values are propagated for the hierarchy of concept Bird-
Flying. Note that the arcs without the weight specifications are assumed to have the weights of
1.0. For clarity, smilarity vaues are underlined and enclosed by braces. Assuming thet for a
given image, the smilarity values of 0.6, 0.7 and 0.8 are obtained for text, color and texture
attributes respectively. Figure 4 shows clearly the process of propagating these weights up the
concept hierarchy. The final weight obtained for the root concept is 0.65. This vaue denotes
the degree of Smilarity between the concept-based query and the specific image.

6. System Design and I mplementation

The overdl design of the system is given in Figure 5. At the heart of the system is the
knowledge-base retriever, which performs the task of andyzing the users concept-based
queries and retrieving the images. It activates the gppropriate attribute (text, color and texture)
retrievers to perform the content level matching.

The image database holds the set of 12,000 images used for testing. The images, together
with the associated text descriptions, are acquired commercialy from Kagema Corporation.
The images are divided into eighteen categories by the image supplier. Mgor categoriesinclude:



art, computer, food, nature, travel, animal, etc. In order to speed up query processing, images
are pre-processed to extract the appropriate attribute representations. These attribute
representations are dored in different index files. The inverted index file is used for text, while
signature files are used for colors and different texture measures.

Figure 5: Overall design of the system

The graphica interface is designed to display the tg 120 retrieved images ranked in
decreasing order of similarity. The interface supports the input of different types of queries. A
textud interface is provided to facilitate the usersin entering, editing, viewing and executing the
concept-based queries. Usars are dso able to specify content -based queries by: (a) directly
choosing from the palette of colors and texture patterns, and/or entering the text descriptions;
and (b) sdecting asampleimage.

The sysem is implemented on the SiliconGraphcis Indigo workdation usng C++
programming language. The user interface iswritten in X/Moatif.

7. Tegting and Evaluation

Wetest the system on an image database containing about 12,000 images, covering awide range
of categories. As it isimpossible to design queries that test al categories of images, we design
our queries based only on two categories: animals and nature. These two categories are chosen
arbitrarily. Note however that the retrieval process does not redtrict to searching for images
only in these two categories, dl 12,000 images of the database are searched.

A totd of eight queries are designed and they are summarized in the table 1. Each query is
based on a sample image taken from the database. For each query, a concept-based query is



formulated. The concept-based specifications of queries 1 and 2 are given in Figures 6 and 2
respectively. A sample screen showing the top eighteen images retrieved using query 1 is
shown in Fgure 7b.

For each query, we predetemine a s&t of rdevant images. The rdevant images are
obtained manually by a combination of retrieva and exhaugtive browsing. Typicaly, we start
the search by issuing the query involving text and color attributes to get an initid image s&t.
This set is then refined and expanded by using query by sample image and exhaugtive browsing
The estimated number of relevant images for each query is dso shown in Table 1. Please note
that the number of relevant images for each query isonly an estimate asit is difficult to get the
exact figuref or a database of over 12,000 images.

To demonstrate the effectiveness of the concept-based queries, the result of the
knowledge-based system is compared with a system that do not utilize domain knowledge. The
non-knowledge-based system is similar to the ane developed in [5, §]. It uses multiply content
atributes for retrieval. The content attributes used are text, colors and texture. A fixed set of
ratios is used to combine the similarity vaues derived from each content attribute. The ratios
are determined through exhaustive experiments to provide the best retrieva effectiveness. The
sample image characterizing each query is used as input query to the non-knowledge-based
system.

Domain | Query | Query Name Query Description # of relevant
Id images
Q1 Ape Monkey, Orang-utan and 40
gorilla
Animals Q2 Bird Flying Flying birds of any color 40
Q3 Red or White Bird | Red or white birds only 50
Q4 Horse Horse in outdoor environment 50
Q5 Pink Flower Flower in any shade of pink 40
color
Nature Q6 Sunset Scenes of sunset 50
Q7 Scenery Scenes of mountain, sea, river 50
and sky
Q8 Red or Yellow Images of red or yellow 70
Flower flowers only

Table 1: Summary of queries used for testing

(CONCEPT Ape)
(DESCRIPTION Ape “Monkey, Orangutan and Gorilla")




(ATTRIBUTE Ape ((TEXT 0.60) + (CONTENT 0.40)))
(TEXT Text (“monkey” | “gorilla’ | “orangutan”))

(CONTENT ApeImage-Ape)

(ATTRIBUTE Imeage-Ape ((COL OR 0.60) + (TEXTURE 0.4)))
(COL OR Image-Ape (DARK-BROWN 0.10))
(SAMPLETEXTUREA pe-Image “~/animals/1281006a.jpg”)

Figure 6: Concept-based specification of query 1 (Ape)

Sinceit isnot possible to retrieve dl relevant images in an image collection of over 12,000
images, our experiment evauates only the top 60 images ranked by the system. Since not all
relevant images are retrieved, the commonly used eva uation measures such as Recdl-Precision
tables or graphs are not appropriate. Instead, we compute the normalized precision (Pwm) and
normalized recal Rom) [15] for each query. This is done both for our system (KB system)
and the system that does not utilize domain knowledge (non-KB system). Table 2 summarizes
the results of both systems. Table 2 aso gives the percentage improvements in normdized
precision and recal for the KB system over the non-KB system.

KB System Non-KB System Change (%)

Query Id Prom Room Poom Room Prom Room

01 0.84 0.91 0.27 052 211 76

Q2 0.68 0.77 0.61 0.74 11 5

Q3 0.59 0.74 0.36 057 66 31

Q4 0.83 0.90 0.78 0.85 7

Q5 0.83 0.90 0.76 0.85 10

Q6 0.90 0.94 0.73 0.83 23 14

Q7 0.68 0.81 052 0.69 31 17

Q8 0.63 0.74 0.41 0.62 54 20
Average 0.75 0.84 0.55 0.71 35 19

Table 2: Normalized precision and recall of KB vs. non-KB systems

From Table 2, it is obvious that the use of domain knowledge leads to significant
improvements in both precison and recadl over dl the queries tested. The average
improvements of KB system over nonKB system are 35% for normaized precision and 19%
for normalized recall.

For completeness, Figure 7 shows the screen outputs of top 18 imagesretrieved using
both the non-KB and the KB systems. The outputs are generated with respect to query 1 --



the Ape. From the Figure, it is clear that the KB system is able to retrieve more Ape pictures
among the top ranking images.

8. Conclusions

This paper describes the design and implementation of a prototype that utilizes domain
knowledge for image retrieval. Users formulate the query as a concept tree incorporating
domain knowledge. A concept can be a basic concept, a higher-level concept or aconcept with
multiple definitions. The leaf nodes of the concept tree provide clues for their detection within
the contents of the images. These dlues include specifications for text, color and texture
atributes. The weights computed are propagated up the concept tree to arrive at the weight of
the root concept, which corresponds to the degree of similarity between the concept-based
query and theimage.

The prototype was tested with a set of queries chosen from a database containing over
12,000 images. Todemondreate the effectiveness of the knowledge-based system, the results
are compared with a system that does not utilize domain knowledge. Experimenta results
show dgnificant improvements in retrieval performance for our system over the non
knowledge-based system. The testing also demonstrates that the use of domain knowledge is a
promising approach to improving the retrieva effectiveness of image retrieval systems.
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Figure 7: Top eighteen images retrieved for Query 1 (the Ape)
(7.a) The non-knowledge-based system




(7.b) The knowledge -based system




