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ABSTRACT

New developments in intelligent infrastructure-based content retrieval systems are explored in this article. In this context, “in-

telligence” is defined as a system’s capacity to reason and learn effectively, use context to its advantage, construct and maintain

models of the world or specific situations, and make use of dynamic representations of information. In order to build efficient

systems for retrieving audiovisual material at semantic levels comparable to human perception and cognition, we contend that

these components are necessary. We survey studies from cognitive psychology, Al, semiotics, and computer vision that provide
light on the nature of intelligence and how intelligent systems are built. We go on to talk about how content-based retrieval
systems might take use of new possibilities made possible by some of the key concepts in these areas. Lastly, we highlight a few
of our initiatives in these areas. A multimedia knowledge presentation system called MediaNet and some MPEG-7 description
tools that allow intelligent content-based retrieval are specifically introduced.
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INTRODUCTION

he first generation of multimedia information systems, made

possible by recent studies on audiovisual content analysis,
can already handle content-based retrieval, automated but limited
scene and object categorization, and basic learning mechanisms
including user relevance feedback. We still haven’t seen these fea-
tures significantly distinguish operational multimedia information
systems, but they’re a big step forward from just using textual key-
words for indexing and retrieval. Developing these technologies
has been a good start, but we still have a long way to go.

Full integration of intelligence into systems will characterize the
future generation of multimedia information systems, in our opin-
ion. Research in areas like computer vision, cognitive psychology,
Al and semiotics will propel this advancement by building upon
the groundwork laid by signal processing and pattern analysis. In
our opinion, for content-based retrieval systems of the future to be
useful, they must have the ability to grasp audiovisual information at
a higher semantic level and communicate with the user. Object and
scene identification, complicated scene interpretation, sophisticated
reasoning and learning, and many other well-known challenges are
naturally brought to light by this.

2. RECENT WORK ON CONTENT-BASED RETRIEV-
AL

Visage 2, QBIC 11, and VisualSeck 31 are just a few examples of the
many content-based retrieval (CBR) systems that have investigated
the prospect of indexing visual material such as images and videos
using basic visual attributes. First, these systems automatically extract
characteristics from the visual data. Second, they index the extracted
descriptors for rapid access. Third, they get the visual data by que-
rying and matching the descriptors. There has been an attempt to
go beyond these fundamental capabilities and provide relevant feed-
back in order to improve searches and understand the uset’s possible
search terms via examples 26.

Recent years have seen concentrated efforts to automate the pro-
duction of certain semantic labels that may make substantial con-
tributions to visual data retrieval. To address the who, what, when,
and where of visual material, there has been a lot of recent work
on topics like portrait vs. landscape detection, indoor vs. outdoor
classification, city vs. landscape classification, sunset vs. woodland
classification, and many more. Traditional machine learning algo-
rithms are the backbone of most of these approaches, and they have
shown promise on limited and sometimes biased test sets. These are
great first steps, but they won’t get you very far towards mastery of
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the material.

3. UNDERSTANDING AND CONSTRUCTION OF INTELLI-
GENCE

Intelligence in humans is defined as the mental capabilities to per-
ceive, learn, remember, behave, and reason. These innate skills are
used by humans in everyday life. By examining insights on human
intelligence, such as those provided by psychology, we hope to bet-
ter understand users of content-based retrieval systems (human
intelligence) and construct more intelligent content-based retrieval
systems (system intelligence). We hope to gain additional insight by
studying the important principals and developments in artificial in-
telligence, semiotics, and computer vision.

5.1 Psychology

The goal of psychology is to understand human intelligence. Two
important trends can be distinguished in psychology: behaviorism
and cognitive psychology. Behaviorism investigates the correlation
between percepts (information acquired from senses) and the re-
sulting responses and human actions rejecting any theory involving
specific mental processes to describe human behavior. On the other
hand, cognitive psychology models the brain as an information pro-
cessing system. The field of cognitive psychology considers human
behavior to be a result of mental processes such as beliefs, goals,
and reasoning. Developments in cognitive psychology have been a
dominant influence on the foundations of artificial intelligence and
semiotics.

Cognitive psychology has provided ample support for the notion
that human knowledge consists of not only nodes of a textual na-
ture but also nodes of audio-visual nature. The cognitive model pro-
posed in 14 uses text and images to represent information about
objects. Johnson-Laird 12 asserts that mental representations include
text, static images, and dynamic visual and auditory content. Rumer-
lhart et al. 27 states that aspects of the world may be represented
through multiple representational formats taking advantages of the
strengths of each representation system. Other psychological studies
mentioned in 8 have provided the following important insights into
human intelligence: (1) humans have multiple models of the world
that may be sometimes incoherence and indexed by modality; (2)
humans have a distributed control center; and (3) humans are not
good at performing all the tasks.

5.2. Artificial Intelligence

To comprehend intelligent beings and to build intelligent systems
are the principal goals of the area known as artificial intelligence
(AI). There are two primary schools of thinking when it comes to
Al those that emphasize action over cognition and those that em-
phasize human performance over reason, or the ideal definition of
intelligence. The difference between symbolic and non-symbolic or
intermediate techniques is another key point (6, 7).

Any physical symbol system possesses the required and enough
means for general intelligent behavior, according to the physical
symbol system hypothesis, which is followed by symbolic methods.
Symbols and the processes that govern them are the building blocks
of a physical symbol system. A symbol is an abstract representation
of a real-world experience or activity. The term “car” stands for the
idea of a tangible vehicle, for instance. Physical symbol systems are
the backbone of Al methods for rational action and thought. To
simulate human behavior and thought, however, researchers have
looked at symbolic, non-symbolic, and, more lately, intermediate
techniques.

The creation of knowledge representation models based on com-
puters and the computerization of reasoning and logic systems ate
two major contributions of symbolic approaches to Al. The de-
velopment of increasingly sophisticated reactive systems based on
processed or direct perceptions has been spurred by non-symbolic
and intermediate methods. A long-standing aim has been to imitate
human cognitive processes in intelligent systems, such as robots, so
that they can autonomously accomplish predetermined objectives
by navigating and reasoning their surroundings. The next parts will
go over logics, models of knowledge representation, and reactive
systems.

3.2.1.  Logics

By offering a vocabulary for representing world assertions and a
set of rules for deducing new statements from old ones, logics at-
tempt to mimic the laws of mind. The syntax and semantics of a
representation language describe it, with the former outlining the
language’s structure and the latter its assertions” meaning; There ate
a variety of logics, each of which makes a unique claim about the
universe and its contents (e.g, facts) and assertions (e.g, true/false/
unknown). First-Order Predicate Logic (FOPL), more commonly
known as First-Order Logic (FOL), is the most popular and well-un-
derstood branch of logic. It presupposes two things: first, that facts,
objects, and relations among them exist; and second, that there are
truth, false, and unknown beliefs. The world’s propositional asser-
tions, whether vocal or written, are represented by logics.

3.2.2.  Knowledge Representation Models

Evidence suggests that scripts, frames, and semantic networks are
viable options for representing knowledge. Using these techniques,
any logic, like FOL, might be used to define knowledge bases. To
illustrate the idea that “Bill is a person,” a semantic network 25 may
look like this: “Bill Clinton Node - Is-A Arc - Person Node.” Here,
“node” stands for an item, concept, or circumstance, and “arc” for a
link between nodes. Semantic networks aren’t very expressive, lack-
ing features like negation and disjunction, despite their simplicity and
support for modular inheritance.

The difference between instance and stereotype circumstances is
highlighted by frames and scripts. In a frame 20, the nodes and rela-
tions are organized in a network with higher-level representations of
situational features and lower-level information about particular oc-
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currences of the scenario. You have the option to set and remove de-
fault settings for frame properties. An expanded version of a frame,
a screenplay details not only the intended events and their order
but also the objectives and strategies of the players. One argument
against scripts and frames is that definitions are crucial. Another is
that default values and cancellation are problematic. Lastly, it’s hard
to think about every critical detail of everyday circumstances.

The 9th Cyc Knowledge Server is an encyclopedia-style representa-
tion and reasoning system for common knowledge. With the addi-
tion of support for equality and default reasoning, CycL., version 10
of the Cyc representation language, extends FOL. Grouping and
positioning facts about the world in distinct contexts allows for fast
input and access to the information. Absolute time (like on January
1, 2000), type of time (like at night), absolute location (like in New
York City), type of location (like outdoors), culture (like Catholi-
cism), and subject (like about space) are 12 of the almost independ-
ent dimensions along which contexts are established. By feeding the
written captions into Cyc’s natural-language processor, we were able
to improve picture retrieval.

Some other types of knowledge representation frameworks include
visual pattern libraries and the Multimedia Thesaurus, which are
based on multimedia, and text-based frameworks like WordNet. An
computerized lexicon system, WordNet 19 arranges English words
into groups of synonyms, with each word standing in for a lexi-
calized idea, and connects these groups via semantic linkages. Syn-
onymy, antonymy, hypernymy/hyponymy, meronymy/holonymy,
entailment, and troponymy are the semantic links that WordNet in-
corporates. Table 1 provides definitions and instances of each. To
supplement keyword searches and database material, WordNet has
been used in the retrieval of text documents and pictures with ac-
companying text comments 1.

There is a web of ideas, connections between ideas, and media
depictions of ideas in the Multimedia Thesaurus 16, 35. Metadata
such as feature vectors and excerpts from audiovisual files serve as
abstractions of real-world objects with semantic significance. Com-
mon thesaurus associations such as “related,” “equivalent,” and
“specialization/specialization” link the ideas together. Ideas that
stand in for visual patterns are created using perceptual informa-
tion like color and texture elements in visual pattern libraries like
the SaFe system 32 and the texture image thesaurus 17. Improved
content-based search, browsing, and navigation have been achieved
via the use of the Visual Pattern Libraries and the Multimedia The-
sautus (16, 17, 32).

3.2.3. Reactive Systems

A sixth kind of AI that does not depend on symbols relies only
on sensory input. In reaction to data gathered by the senses, these
systems execute elaborate procedures that aren’t always easy to un-
derstand or defend. Despite their effectiveness in certain areas, like
navigation, these systems struggle with knowledge transfer to other
systems due to a lack of symbols or similar abstractions.

The method outlined in 7 is an intermediary step toward instantiat-
ing symbolic representations from sensory input via recursive gener-
alization processes (i.c., grouping according to similarity). Integrating

supplementary sensory and motor skills, expetiencing a body and
physical coupling, social interaction with other systems and humans
for learning and perfecting skills, and the progressive development
of system skills are the four essences of intelligence proposed in
this work.

5.3. Semiotics

In semiotics, signs and sign systems are analyzed with the purpose
of assigning specific meanings, such as the word “car” and the idea
of a physical entity called a car. Artificial logics, musical languages,
and conversational languages are all examples of sign systems. Situ-
ational analysis offers a more suitable definition of semiotics for our
purposes: “Theoretical frameworks for the study and improvement
of formal tools for the acquisition, representation, organization,
generation, communication, and use of knowledge are the focus
of semiotics.” 18. There is a strong correlation between the second
definition and the well-known division of semiotics into syntax (the
“car”), semantics (the “interpretant”), and pragmatics (the “object”
or “real object” car) as well as the Six-Box Diagram (Figure 1) used
to model intelligent behavior and thinking;

The knowledge cycle and semiotic components are shown in Fig-
ure 1. Sensors store information about the wotld and its events in
a symbolic form. The function of perception is to provide a struc-
tured representation of sensory data via signals (syntax). This data
becomes knowledge once it is further organized and generalized. In
order to make decisions, it is required to interpret the information,
which is achieved by creating an interpretant by adding semantics
to syntax. Actuation relies on the interpretant in the same way as
knowledge generation does. The wotld undetgoes physical and/ot
conceptual modifications as a result of the new knowledge’s arrival.
Finally, the cycle is closed when new items appear that sensors can
encode.

A model of intelligence as a unit that repeatedly applies three cog-
nitive processes—focusing attention, combinatorial search, and
grouping (or generalization)—gives birth to the concept of mul-
ti-resolution is semiotics. A selection of the available data is first
considered. Next, many permutations of this data are produced ac-
cording to predetermined criteria of resemblance. In order to create
data at the next level, the optimal combination or grouping is used.
The multi-resolution framework is consistent with Gédel’s incom-
pleteness theorem, which states that certain propositions cannot be
proved inside a given language and so need an additional body of
knowledge, such as a meta-language, to comprehend them. A mul-
ti-resolution hierarchy of languages is the outcome of this theorem.
Recent years have seen efforts to bridge the gap between multime-
dia information systems and semiotics. The perspective of writing
and interpreting multimedia signs is used to explain some of the
consequences of multimedia search in Smoliar et al. 33. Media files,
including pictures and text, are thought to represent ideas about re-
al-world things (for instance, a carrot picture and the word “carrot”
represent the idea of a carrot), as well as search, which is essential
for reading and writing. The semiotics paradigm put out by Joyce et
al. 13 explicitly adds a second representation level to 33, allowing
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for the integration of high-level information (such as “carrot”) and
low-level metadata (such as the color histogram generated from a
picture of a carrot). At this stage components that serve as indi-
cators of the multimedia content itself are characteristics retrieved
from it (refer to Figure 2). There is high-level metadata that identi-
fies textual characteristics and low-level information that identifies
non-textual aspects. Using the Multimedia Thesaurus (16, 35) and
neural-network classification agents (13), we can construct a con-
nection between the two. Del Bimbo 5 uses the concept of narrative
and discourse levels of meaning production in semiotics to automat-
ically annotate and retrieve commercial videos. The narrative level
covers the fundamental signals and their combinations, while the
discourse level delves into the process of constructing stoties using
these aspects.

Computer vision is the construction of explicit, meaningful descrip-
tions of physical objects in images 3. The focus of computer vi-
sion is the understanding of images rather than the processing of
images and, therefore, it is concerned with both low-level features
and high-level semantics of images. Computer vision includes tech-
niques for image processing, statistical pattern recognition, geomet-
ric modeling, cognitive psychology, and artificial intelligence.

The representations of the world provided by computer vision can
be categorized into iconic representations, segmented images, ge-
ometric models, and relational models 3. Iconic representations are
image-like representations of the world captured by different de-
vices and techniques. Segmented images are groupings of image
regions associated with meaningful objects; the image regions are
usually homogeneous with respect to some criteria (e.g., texture and
motion). Geometric models capture the shape of physical objects
in 2D or 3D. Relational models use knowledge representation tech-
niques such as semantic networks to represent knowledge of the
wortld removed from perception.

4. IDEAS FOR INTELLIGENT CONTENT-BASED RE-
TRIEVAL

Content-based retrieval systems will not be fully effective and useful
until they have the intelligence to communicate with humans in con-
versational languages, understand audio-visual content, and reason
and plan at human levels. Natural language processors such as the
one in Cyc already exist that can transform text sentences to logi-
cal statements. Al logics and knowledge representation models have
been proven effective to encode knowledge and enable reasoning
and planning. The missing link to enable intelligent content-based
retrieval is achieving human-level understanding of audio-visual
content.

Al, semiotics, and computer vision approaches give us insights on
how to bridge the gap between the analysis and the understanding of
the audio-visual content: first, processing the content; then building
and maintaining models of the world depicted in the content; final-
ly, interpreting the content based on the models and prior available
knowledge. We think the missing piece in the puzzle is a more suited
representation of the perception and the knowledge of the world

that contains audio-visual content.

Cognitive psychology hints at building a society of competing and
cooperating models that represent the world with nodes of textual
and audio-visual nature and at treating each media different (e.g., im-
age, text, and audio). Al approaches building on both symbolic and
the non-symbolic (perceptual) ate the most attractive because they
try to connect what is perceived (e.g. sound) to what it is interpreted
(e.g: dog barking). These approaches point at the importance of the
progressive development of the systems skills through interaction
with humans and other systems.

From the field of semiotics, we have learned the need for a mul-
ti-resolution representation framework and the fundamental unit to
generate one level from the previous one through generation, atten-
tion focus, and combinational search. A representation language will
be needed to describe the corresponding view of the wotld at each
level. Lower levels will provide more perceptual views of the world
while higher levels will progressively provide more symbolic views
of the world in the AT sense. Low-level features from content-based
retrieval, and iconic, segmented, and geometric representations from
computer vision could work at lower levels of this representation
framework while conventional Al logics and knowledge representa-
tion models would correspond to intermediate levels. However,
we see the development of representation languages that capture
knowledge at more perceptual and more semantic levels as an im-
portant step towards developing intelligent content-based retrieval
systems.

The computation complexity of systems using Al logics and knowl-
edge representation models quickly increases. We also envision the
description of knowledge in contexts at each level for efficient use
and generation of knowledge. Such an approach will also satisfy a
general requirement of intelligent systems: that knowledge should
be encoded in such a way that it can be transferred to other systems.

5. OUR EFFORTS TOWARDS INTELLIGENT CON-
TENT-BASED RETRIEVAL

Audio-visual content is typically formed from the projection of real
wortld entities through an acquisition process involving cameras and
other recording devices. In this regard, audio-visual content acquisi-
tion is comparable to the capturing of the real world by human sens-
es. This provides a direct correspondence of human audio and visual
perception with the audio-visual content 30. On the other hand, text
or words in a language can be thought of as symbols for the real
wortld entities. As a result of these and the observations in the pre-
vious section, in ordet to deal effectively with audio-visual material,
it is necessary to model real world objects and their relationships at
both the symbolic and perceptual levels.

Our efforts towards intelligent content-based retrieval has focused
on two fronts: MediaNet and MPEG-7. MediaNet 4 is a2 multime-
dia knowledge representation framework addressing the problem
of representing real world objects using semantic and perceptual
features. The MPEG-7 standard 23 aims at standardizing tools for
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describing the content of multimedia content

including the structure, the semantics, and models of the multimedia
content in order to facilitate a large number of multimedia searching
and filtering applications. In the following sections, we present this
work and discuss how it impacts intelligent content-based retrieval.

5.1. MediaNet

MediaNet is a knowledge representation framework that uses multi-
media content for representing semantic and perceptual information
about the world. The main components of MediaNet include con-
ceptual entities, which correspond to world entities, and relationships
among concepts. MediaNet allows the concepts and relationships to
be defined or exemplified by multimedia content such as images,
video, audio, graphics, text, and audio-visual features. In designing
the MediaNet framework, we have built on the basic principles of
semiotics and semantic networks described in previous sections.

By integrating both conceptual and perceptual representations of
knowledge, MediaNet has potential to impact a broad range of ap-
plications that deal with multimedia content at the semantic and
perceptual levels such as querying, browsing, summarizing, and syn-
thesizing multimedia. In particular, we have found that MediaNet
can improve the performance of multimedia retrieval applications
by using query expansion and translation across multiple content
modalities.

5.1.1. MediaNet: The Multimedia Knowledge Representation
Framework

MediaNet represents the world using concepts and relationships be-
tween the concepts that are defined and exemplified by multimedia
content such as text, images, video sequences, and audio-visual fea-
tures (signs, in semiotic terminology). In MediaNet, concepts can
represent either semantically meaningful objects or perceptual pat-
terns in the world. MediaNet models the traditional semantic rela-
tionship types such as generalization and aggregation (both semiotic
principles) but adds additional functionality by modeling perceptual
relationships based on feature similarity and constraints. Weights and
probabilities could be assigned to concepts, relationships, and media
representations in MediaNet to capture dynamic knowledge and the
learning process.

An example of MediaNet is shown in Figure 3. In Figure 3, the
concept Human is represented by the word “human”, the image of
a human, and the sound recording of a human talking; the concept
Hominid is represented by the text definition “a primate of the fam-
ily Hominidae” and a shape descriptor; the concept Human and the
concept Hominid are relate by a semantic relationship, Specializa-
tion, and a perceptual relationship, Similar Shape, with an associated
feature similarity representation.

The MediaNet framework offers functionality similar to that of a
dictionary or encyclopedia and a thesaurus by defining, describing,
and illustrating concepts, but also by denoting the similarity of con-

cepts at the semantic and perceptual levels. In addition, MediaNet
aims at capturing the process of producing semantics (high-level
representations) from perceptual patterns (low-level representations)
such as a specific color and texture pattern representing a semantic
concept with a given probability.

5.1.2.  Implementation of MediaNet in CBR System

By integrating both semantic and perceptual representations of
knowledge, MediaNet has potential to impact a broad range of ap-
plications that deal with multimedia content at the semantic and fea-
ture levels such as multimedia query, browsing, summatization, and
synthesis. An intelligent content-based retrieval system for images
has been implemented by extending a typical content-based retrieval
system with a MediaNet knowledge base and a query processor that
translates and expands queries across multiple content modalities
(see Figure 4). It is important to note that the underlying search en-
gine in still a content-based search engine.

User

The MediaNet knowledge base was constructed semi-automatically
using text annotations available for some images, the electronic lex-
ical system WordNet, and visual feature extraction tools. First, stop
words were removed from the text annotations. Then, the words
in the text annotations were inputted to WordNet to obtain a list
of relevant concepts and semantic relationships between them with
human supervision. In this step, the senses returned by WordNet
for each word were filtered by a human supervisor, who removed
the ones that did not apply to the image content. For a picture of
a “rock, stone”, the human supervisor removed the senses “rock
candy, rock”, “rock music, rock”, and “cradle, rock”, among others.
A concept was created for each remaining sense. Anotonymy, hyper-
nymy/hyponymy, and meronymy/holonomy were the only semantic
relationships used from WordNet. Finally, automatic visual feature
extraction tools were used to extract features from the images. A
concept was also associated the centroids of the feature descriptors
of the images representing the concept.

In the current implementation, the query processor uses the Medi-
aNet knowledge base basically to pre-process incoming queries from
users. First, the query processor classifies each incoming query into
a set of relevant concepts based on the media representations of the
concepts (centroids and visual features of images). The initial set of
relevant concepts is then extended with other semantically similar
concepts. A content-based query is issued to the CB search engine
for the initial user query and for each relevant concept. The feature
centroids of the concept are used as the CB query for the concept.
Finally, the results of all the queries are merged into a unique list for
the user by taking the weighted minimum distance scores for each
result image. The weights are determined based on how similar the
media representations of the concepts that generated those results
were to the initial user query. The query processor could also use
the MediaNet knowledge base to further process the results of CB
queries.
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5.1.3.  Evaluation of MediaNet in CBR System

We set up several experiments to evaluate MediaNet in searching for
images. In particular, we compared the performance of the intelli-
gent content-based retrieval system with the typical content-based
retrieval system in Figure 4. For the intelligent content-based retriev-
al system, we distinguished two cases: image and text queries. The
retrieval effectiveness was measured in terms of precision and recall
29. Recall and precision are standard measures used to evaluate the
effectiveness of a retrieval engine. Recall is defined as the percentage
of relevant images that are retrieved. Precision is defined as the per-
centage of retrieved images that are relevant.

The image collection selected for the experiment was 5466 images
used in MPEG-7 to evaluate and compare color description technol-
ogy. This collection includes photographs and frames selected from
video sequences from a wide range of domains: sports, news, home
photogtraphs, documentaries, and cartoons, among others. The
ground truth for 50 color queries was also generated by MPEG-7.
The ground truth of each query represents a semantic, visual class
and is annotated by a short textual description (e.g.,, “Flower Gar-
den” and “News Anchor”). Initially, we used the color ground truth
generated by MPEG-7 to compare the retrieval effectives of both
systems but found it to be not suited because of its very limited se-
mantics. We, then, generated the ground truth with relevance scores
for the semantic query “tapirs”. Relevance scores were assigned
to images in the ground truth as follows: “1” for images of tapirs,
“0.75” for images of mammals, “0.5” for images of earth animals;
“0.25” for images of water and air animals; and “0” for the rest of
the images.

We used the textual descriptions associated with the ground truth of
the queries to construct the MediaNet knowledge base as described
in the previous section. The total number of concepts derived from
these textual annotations was 96. 50 of these concepts were related
to other concepts by generalization/specialization relationships (hy-
pernymy/hyponymy); 34 concepts were telated to other concepts by
membership, composition, or substance relationships (meronymy/
hyponymy). There was only one case of antonymy. Half of the im-
ages in the ground truth were used to generate the image and feature
representations of the concepts in the MediaNet knowledge base;
these images were not included in the feature database of the CB
search engine.

Figure 5 shows the average precision and recall for the typical and
the intelligent content-based retrieval systems for the 50 MPEG-7
color queries and the semantic query “tapirs” using color histogram.
For image queries, the performance of both systems is comparable
for the 50 MPEG-7 queries; however, the intelligent content-based
system shows a considerable improvement of retrieval effectiveness
for the semantic query “tapirs”. As expected, the retrieval effective-
ness for text queries in the intelligent content-based retrieval engine
is much lower than for image queries due to the small number of
words in the MediaNet knowledge base. The results using color his-
togram, color coherence, wavelet texture, and Tamura texture were

very similar. Although these results are very encouraging, addition-
al experiments are needed to further demonstrate the performance
gain of using MediaNet in a content-based retrieval system.

5.1.4. Future Work

Some of the future work items for MediaNet are to introduce knowl-
edge contexts taking Cyc’s contexts 15 as the starting point; to add
learning, inference, and reasoning capabilities to the framework; and
to further continue the evaluation of MediaNet in content-based
retrieval systems and other multimedia information systems.

5.2. MPEG-7

The MPEG-7 standard 23 aims at standardizing tools for desctib-
ing the content of multimedia material in order to facilitate a large
number of multimedia searching and filtering applications. MPEG-7
description tools describe different aspects of multimedia matetial
such as the features, structure, semantics, and models of multimedia
content 21, 22. This section describes some the semantic and model
description tools that have the highest potential to impact intelligent
content-based retrieval systems.

The semantic description tools allow to represent narrative worlds
depicted in or related to multimedia content in terms of semantic
entities and relationships between semantic entities. Semantic enti-
ties can be objects existing in the world; events taking place in the
wortld; abstractions, interpretations, and attributes of objects and
events; and semantic times and places. A graphical example of a
semantic description of a piece of audio-visual content is shown in
Figure 6. This description states that Tom is playing the piano on
Saturday night at Carnegie Hall. This event is interpreted as being
harmonic and a tribute to Tom’s mentot.

Figure 6: Semantic description of the narrative world depicted in
piece of audio-visual content. The description states that Tom is
playing the piano on Saturday night at Carnegie Hall. This event is
interpreted as being harmonic and a tribute to Tom’s mentor.

The description of semantic entities can point to the media where
the semantic entities appear and contain audio-visual features of the
media appearances of the semantic entities. Semantic entities can
also be described by models related to audio- visual content. The
MPEG-7 model description tools provide parameterized descrip-
tions of collections or classes of audio- visual content. The models
can be expressed in terms of statistics or probabilities associated
with the attributes of collections of audio-visual content, or can be
expressed through examples or exemplars of the audio-visual con-
tent classes.

The descriptive power and functionality of the MPEG-7 seman-
tic and model description tools has been proven through contin-
uous experimentation. They provide a rich framework to describe
the wortld captured by or related to multimedia material. MediaNet
knowledge bases could be encoded using these descriptions tools,
which would greatly benefit the exchange and re-use of knowledge
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and intelligence among multimedia applications. The components
of MediaNet could be mapped to MPEG-7 semantic and model
description tools as follows. Each concept in MediaNet could be a
semantic entity. The text representations of a concept could be text
definitions of the semantic entity. Other media representations of
concepts could be described by probability models (e.g, centroids of
concepts) and audio-visual examples of semantic entities. Relation-
ships among concepts in MediaNet could be encoded as relation-
ships among the corresponding semantic entities.

6. SUMMARY

In order to facilitate intelligent content-based retrieval systems, this
work has reviewed studies in computer vision, psychology, artificial
intelligence, semiotics, and the study of intelligent beings. Intelli-
gence is defined as a system’s capacity to reason and learn effectively,
use context to their advantage, construct and maintain models of the
world or specific situations, and make use of dynamic representa-
tions of information. Intelligent content-based retrieval systems
have been covered in terms of their potential benefits and draw-
backs. In this article, we also describe some of our work in these
areas, including MediaNet, a framework for presenting multimedia
information, and MPEG-7 description tools, which help with intelli-
gent content-based retrieval.
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