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1. Introduction

The amourt of information available onthe Internet, primarily by way of the World Wide Wb, is
truly staggering. According to one measurement, in February 1999there were gout 800 millionweb
pages pulicly avail able on about 3 million web servers, for atotal of approximately 9 terabytes of data
[14]. These enormoudly large numbers are atestament to the success of the Internet in providing a way
for people al around the world to share information and communicae with each other.

However, the same study estimates that fully two-thirds of the 9 terabytes of data availableis
textual data (excluding HTML tags and comments). A mere 3 terabytes of data onthe publicly-accesible
web isin the form of image data, while nearly 6 terabytesistext [14]. Considering that even a small
image fil e of 30 kilobytes has a mmparable size as a4,500word text fil e, this comparison is even more
striking. In additi on, sincethe study does not even mention the existence of other forms of data avail able,
such as audio or video (movie) files, one auld infer that the anourts of data publicly available in other
multimediaformsis overshadowed by the amourt of text andimage data. Clearly, text isthe dominant
format of data onthe web.

The main reasonfor this propensity towards text was because of the cpabilities of the techndogy
avail able. Inthe past, network bandwidth was generally low, as was disk space, memory space and
processing power; for this reason, non-textual data such asimages or sounds could not be supported by
most computing platforms. According to Besser,

[b]y today’ s gandards, storage apacity was miniscule, networks were unbeaably slow,

and visual display devices were poar.... Recent increasesin storage caacity, network

bandwidth, processing power, and display resolution have enabled atremendous growth

in image database development. [2]

With computer technology improving at a phenomenal pace, the techndogy li mitations which dictated the

predominant use of text onthe Internet in the past are lessening. In the very nea future, nontextual data

will be as common aformat for publicly avail able data as text is now.



In light of these trends, it isimportant to review the state of the at of the retrieval of such non-
textual, multimediadata. Text informationretrieval is aready well establi shed; most data retrieval
systems, such as web seach engines, are text retrieval systems. However, multimediainformation
retrieval islessestablished. There ae anumber of openisaiesinvolved in such retrieval. In this paper, |

will present an overview of the open research isauesfor retrieval of image, audio, and video information.

2. Image Data Retrieval

Of image, audio, and video, image data retrieval is arguably the best developed technology. As
far badc as 1986, image databases were being devel oped and deployed, such as UC Berkeley’s
ImageQuery system, whose “devel opers believe that this oftware[...] was the first deployed multi-user
networked digital image database system” [2]. With over adecale of research and development, image
dataretrieval has had time to grow and mature. This has al owed the aeato addresssome difficult i ssues
(some of which remain open at present): image dassification, query matching, image standards, attribute
classification, and evaluation. These issueswill be explained further below. Asanote, though standards,
attribute dassification, and evaluation are discussed in terms of image retrieval systems, they are
outstanding issues for audio and video retrieval systemsaswell. Classification and querying also apply to
the other forms of media, but the media’ s unique properties necessitate different classification and query

matching algorithms for each.

2.1. Image Classification

Image dasgficationis concerned with asggning some higher-level semantic meaning to the
amalgamation d pixelsthat make up an image document. Usually the primary motivation behind such
classificaionisto enable query matching, which is discussed below, but classfication isa complex issue
and warrants its own section. This section describes different ways to classify images, regardless of

intent. The context for the discussion isthrough pattern recognition.



Image dassficationis primarily a pattern recognition problem. For ahuman being, pattern
reaognition isinnate and often subconscious; optical illusions, for example, play onthisfact by often
inviting the eye to see patterns that are inaccurate or incorrect. Even babies|earn at an extremely ealy
ageto identify a parent’sface For an automated image processing system, however, pattern recognition
isasurprisingly complex problem. The same level of detail that allows computers to perform large
numerica computations with urerring acairacy works against computers attempting to recogni ze patterns
inimages. Since two images of the same object can be dightly different, such as different angles of view,
different lighting, different coloring, etc., a cmmputer’s precision ces not easily “ignore” such
differences. Humans, of course, with their (relatively) larger lack of precision, can easily seepast minor
variations and classify simil ar objects correctly.

One gproach that has been reported in the literature to address the pattern recognition problem is
the general technique of segmentation. The segmentation technique is based on the classic computer
science strategy of divide-and-conquer to reduce the problem to small er churks, which are easier to solve
and whose solutions can be mmbined to eventually solve the larger problem. In this case, the pattern
reaognition problem is segmented into threelevels of matching: the pixel level, the “stuff” level, andthe
“thing” level. The pixel level isthe computationally simplest level; the system performs basic
comparisons on corresponding pixelsin theimages. It isalso generaly the least useful technique, as
minor changes in image gpearance can render afalse negative. However, using pixel level matching as a
basis, higher-order matching can be performed, using queries such as “a mostly green areawith some
brown vertical strips,” which could be aforest with trees. Thislevel of recognitionisthe “stuff” level, as
the system now has an awareness of some relationships between pixels to represent some stuff. Using
stuff, an even higher semantic meaning can be asigned to relationships between stuff —“things,” such as
“a mostly cylindrical areawith four smaller cylinders below it, and all cylinders an alternating mix of
white and bladk regions’ to (very cruddly) represent azebra. The “thing” level isthe level in which most
humans would prefer to operate, as the semantic units are dear, discrete, and of an appropriate scale. A

human would namally search for al i mages of zebras, not al images of cylinders with smaller cylinders



below it, where dl cylinders have patterns of aternating bladk and white. This ssgmentation into pixel,
stuff, and thing levels provides a tractable approach to the problem of pattern recognition [8].
Segmentationis merely atednique designed to address the pattern recognition problem. An
implementation of the segmentation approach is presented in [4]. The system, Blobworld, segments an
image into contiguous regions of pixels (*blobs™) which have similar color andtexture. The aithors
admit their blobs are not quite at the same semantic level as“things,” but they state that blobs are
semantically higher than “stuff.” Additionaly, their system provides sme key feaureslacking in ather
image retrieval systems. an interfaceto alow the user to sketch bobs for aquery, and feedback asto
why the system matched an image with the query. Blobworld, while perhaps not yet well enough
developed for general public usage, is apromising research prototype towards lving the pattern

reaognition problem through segmentation.

2.2. Query Matching

Tied very closely to the issue of image dasdfication isthe issue of query matching. As
previoudy stated, the primary intent behind classifying images is to allow efficient searching or browsing
to the database of images. The range of types of queries supported by an image retrieval system will be
primarily based on how theimages are dassified. For example, a system that classifiesits images using
segmentation and generates “ stuff” would (hopefull y) allow searchersto query the database based on
some aiteriaof stuff. Clealy, any image retrieval system can support text keyword matching based on
manually indexed metadata, but such querying is generic and essentially ignores the format of the image
documents. Threequerying techniques that have been devel oped which take into account the unique
properties of image dataare wlor histograms, quadtrees of histograms, and besic shape matching.

Seaching by color datais essentially a pixel-level search. Sincepixel comparisons are basically
numericd comparisons and dona require semantic reasoning, they are very easy for computersto
perform. An example of such aquery could be “find all i mages with at least 50% more red pixels than

green pixels’ or “find al images whase most frequently used color is simil ar to thisimage's most



frequently used color.” Seaches of thistype ae often answered through a wlor histogram, esentially a
summarization of an image by the frequency of color occurencesin that image. Often histograms are
stored internally as vedors of values, which are easy to search by the matching algorithms. For example,
Columbia University’s WebSEEK system uses color histograms to keep its query response time lessthan
two seconds [5].

Though the computer can therefore processpixd level seaches with color histograms very
quickly and efficiently, it isclea they are likely to be of very limited use to a human searcher.
Asciating location data to the histogram would help. This can be dore using a quadtree of histograms,
whichisa mllection of histograms of subspaces of the entire image [12]. Given such locaion data,
gueries can be made more useful, such as “find al i mages with at least 75% of its dominant color in the
upper-left corner and noblue in any of the other threequadrants.” Using quadtrees of histograms
preserves asmall amourt of locaion information about the original image & the price of dightly more
complexity than asimple alor histogram. The benefit isthe alded predsion passiblein users' queries.

A step even further beyondthe quadtree of histogramsisto incorporate basic shape matching
tedhniques. One of the ealiest image retrieval systems, IBM’s QBIC [13], can search for simple shapes
such as ellipses and rectangles within an image. This allowsfor searches sich as “images with a central
pink circle surrounded by green,” resulting in matches of flowers (as well as afew other false-positive
hits) [16]. Simple shape matching provides grea flexibility for querying images, without al the
complexity of generalized pattern matching.

Of course, genera pattern matching isthe ultimate goal of image retrieval system designers. As
previoudy stated, it is difficult to design systems to automatically recognize patterns whil e classifying
images. Likewise, it isdifficult to design systemsto match objects at a high level of semantic meaning
(matching “things,” as opposed to “stuff” or raw pixels). Fortunately, the burden of thisresearch isaueis
not being borne exclusively by any one discipline. Thefields of artificial intelligence, computer vision,

computer databases, and even psychology (in terms of object recognition) are jointly working towards



solving the problem of pattern matching [16, 8]. Given the enormous interest in this open research isdle,

it is not unreasonable to believe that an eff ective solution may be right aroundthe wrner.

2.3. Image Standards

Image standards refers to the standards that define the metadata which describe image files. The
most obvious metadata is the structure of the electronic image file itself. Widely adopted, open standards,
such as JPEG, GIF, and TIFF, have been developed and deployed and all ow the eay sharing of images.
The ready avail ahility of the details of the standard provides a measure of confidence that thesefile
formats will be decodable even in the future. Repositories of file format information exist (e.g., [17]),
even providing decoding information for long-obsol ete formats as Wordstar and dBASE files. Given
such repasitories, files from long ago could still be decoded and used, albeit with some dfort.

Despite such accessto file format information, havever, the problem is not yet a solved problem.
Not only isimage metadata important to ssmply understand and decode the image document, bu alarge
amourt of other metadata needs to accompany image files for future reference. Such metadata could
include information about how the image was generated (e.g., a scan of a photograph of an original
painting, or adigita picture of abuilding digitaly retouched to remove shadows). Anindication d the
contents of the image would also be desirable, allowing the comparing of two images (such as two digital
phaographs of the same statue taken from different angles) for ameasure of equivalency. The metadata
could include information about reproduction rights of the image, or contact information for the holder of
the copyright. Finally, the metadata might include some sort of verification signature to assure the
veradty of all the metadata information, a the authenticity of theimage[2].

Currently these examples of important image metadata are not included in most image standards.
Any such metadatatagging is, at best, ad hoc, such as adescriptive “README” file located at the same
web site or FTP site where theimageislocated. Given the easeto selectively copy and move files
arourd, it isgenerally unwise to rely onthe @-location of ancillary documents for metadata descriptions,

it is safest to include the metadata a ong with the image dataitself. Additionally, well-defined standards



of metadata format would better suppart automatic metadata content extraction. Such extractionis
desirable for the purposes of supporting more methods of querying or browsing image data. When
designing standards for image documents in the future, such isaues sould be taken into considerationto

create document formats that will supdy informative and pertinent image information for yearsto come.

2.4. Attribute Classification

The metadata described above can bethowght of astheimage’s attributes. There are anumber of
ways to classify these dtributes. One way to classify themisdueto Layne[15]. In this scheme,
attributes are divided into ore of four categories. “biographical” attributes, subjea attributes, exemplified
attributes, and relationship attributes. “Biographical” attributes are those mncerned with animage’'s
history, including information such asthe image’ s creator or creators, its date of creation, andif the image
has been modified in any way sinceits creation. The subjed attributes describe the semantic topic of the
image, bah in terms of the literal description of the image & well as the more generali zed or allegorical
description of theimage. (Obviously these attributes will be subjedive to the indexer, possibly leading to
future problemsin query matching and evaluation of system performance) Animage'sexemplified
attributes are anything which that image exemplifies, such as an image which is ablack and white
phaograph exemplifying the class of all blad and white photographs. Andfinaly, relationship attributes
of images describe any sorts of important relations between that image and any other object, such asthe
relationship between a children’s bodk’ s text and images of its associated ill ustrations. This classfication
of image dtributes by biographical, subjed, exemplified, and relationship categoriesis one way to
organize image metadata.

Gudivada and Raghavan [11] propose an dternative taxonamy for attribute clasdfication. Their
scheme dassifiesimage atributes through asmall hierarchy. Thetop dvisionin the hierarchy splits
extringc dtributes fromintrinsic attributes. Extrinsic atributes are dtributes that are asdgned to the
image externally and donot come from the image itself, such as the name of the aeator of the image or

its date of creation. Intrinsic atributes then, returaly, are attributes which are inherent to the image and



can be extracted from the image itself, whether by automatic means, manual means, or both. These
intrinsic dtributes are further classified into dojective, subjective, and semantic dtributes. Objective and
subjective étributes represent exactly what their labels imply; semantic attributes represent a higher-level
description of theimage, often cgpturing relationships between abjectsin the image or relying on
aggregation d objects. Thistaxonamy of attribute classification resultsin asmall hierarchy of
classification categories for the image metadata.

The importance of how the image dtributes are classified is ssen when grouping images together.
By using a well -defined taxonamy to organize atributes, groups of “similar” images can be identified
becaise some images would share attribute valuesin a given category. The grougng o similar images
allows image retrieval systemsto provide better browsing and searching capabilities for the user. For
example, a user may wish to see & images that have the common exemplified attribute of being wood
grain carvings, if using the first taxonomy. If using the secondtaxonamy, the user may want to limit her
search to images with the extrinsic creation dete attribute between the 13" and 18" centuries. The
classification scheme of attribute metadata can play an important rolein defining the searching and

browsing capabilities of an information retrieval system.

2.5. Evaluation

Themost critical part of designing new systemsis being able to convincingly demonstrate why a
new system is better than currently existing systems. Thisistheissue of evaluation. Unfortunately, it
does not sean to be well addressed in the literature. Chang, et al. state that they fed thisladk of accepted
standards for benchmarking and evaluation is of critical priority for the research to continue to grow [6].
Without away to compare system performance, it is difficult to agreeif anew system designisan
improvement over an old system or nat.

Traditionally, the field of information science has used the metrics of recall and precisionto
measure atext retrieval system’s performance[7]. Such measurements are plagued by the relevance

problem, namely, that different people (and sometimes even the same person at diff erent times) will judge



adocument’ s relevance to a query differently. The relevance problem is even more vexing when appli ed
toimage data. People’sinterpretations of imagery are even more varied than interpretations of text. As
Guptaand Jain assert,

... hot enough effort has been directed to establishing criteriafor evaluating,

benchmarking, and comparing VIR [Visua Information Retrieval] systems. Thislack of

effortisin part attributable to the subjective character of the domain. It isextremely

difficult to set agold standard for ranking a database of assorted images in terms of their

similarity toagivenimage. [12, p. B]

Guptaand Jain go onto classify comparisons of judgments of different image retrieval systems
into two categories. “goodnessof retrieval” judgments and eff ectiveness judgments[12]. Goodness of
retrieval judgments refer to how asystem met or did nd med a user’ s expectations and mental model of
what should have been retrieved by the system. These judgments include relevance evaluations, ranking
of search results, and query refinement through relevancefeedback. The testers clealy had expectations
of what the system shoud have done, and they compared the actual performanceto make ajudgment as
to the goodress of retrieval. Guptaand Jain also assert that the testers' perceptions of goodresswere
more heavily influenced by how much of the retrieved information was good (precision), as opposed to
how much o the goodinformation available in the system was retrieved (recall). Thisisnaot surprising,
given that recall has always been at best atricky value to cdculate, asit is difficult to calculate what one
doesn’t know rather than what one does know.

Eff ectivenessjudgments, onthe other hand, were much more spedfic eval uations made based on
domain-spedfic knowledge and expectations. These judgements represented haw eff edive the system
was at answering the users' questions and fulfilling their information reeds. There were anumber of
lessons learned from these judgments. One leson learned was to make dear to testers what part of the
system is being evaluated, sincethe retrieval medhanism is sparate from the image processing and dten
the image processing technaogy is not aswell devel oped asthe retrieval technology. Also, comparing

results against a system with hypatheticaly perfect image reaognition was also enlightening, asit yielded

some cases where the actual system performance matched with the hypathetical system. And the final



lesson learned was that since user neeads change depending on the specific application or domain, an
image retrieval system neals flexibility to adapt to these differences and provide dfective service.
These dassifications of user judgments are amere first step towards the overarching goal of a
well -devel oped methodol ogy for evaluating image retrieval systems. Without such an architecture to
facilitate comparisons between systems, image retrieval research will be less able to effedively leverage

other peopl€' s research eff orts, to the detriment of the entire discipline.

3. Audio Data Retrieval

Audio dataretrieval systems are not text-based retrieval systems, and they therefore share the
same isaes asimage retrieval systems. As dated above, theisaues of standards, attribute dassification,
and evaluation are diredly applicable to audio retrieval aswell. They also pcse diff erent research
problems than image retrieval systems do, for two fundamental reasons. audio datais (obvioudy)
aurally-based instead of visually-based, and audio datais time-dependent. The former differenceleadsto
some unique and creative goproaches to solving the querying and retrieval i ssue, whil e the latter
differenceisthe root of the interesting problem of presentation, which image retrieval systemsdo nd

share.

3.1. Querying and Retrieval

Just asimage retrieval systems must address how to support queries for images, audio retrieval
systems must creae ways to allow formation of queriesfor audio documents. Naturaly, (text) keyword
matching is a possibility, just asit can be used in image retrieval systems. However, the natural way for
humans to query other human retrieval systems (e.g., music librarians, radio DJs, employees at music
stores, etc.) is by humming or singing part of atune.

Research into how nonprofessional singers hum or sing familiar songs hasled to the

development of a number of systems which can accept such hummed or sung input for queries[1, 10].
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After accepting the aoustic query and transforming it to digital format, there ae diff erent waysto
perform the actual matching. Bainbridge et al.’s g/stem describes how they use frequency analysis to
transcribe the acoustic input into musicd notes and then compare it distancesto determine matches [1].
Ghias et d.’s approach differs; they convert the input into a pitch contour, whichisastring in athree
letter aphabet. The pitch contour represents how the pitch of the input changes between eadh note:
whether the pitch goes up (U), goes down (D), or stays the same (S). Given this dring, famili ar string-
comparison algorithms can be used to determine matches against the audio database [10].

Using just three choicesto generate the pitch contour means simpler matching, but it also means
that alarge anourt of informationis discarded which could reducethe search space. Blackburn and
DeRoure suggest various improvements to the query process including afive-letter alphabet (up alot, up
alittle, same, down alittle, and davn alot); generating a secondary pitch contour, where anaeis
compared to the note two ndes ago; and comparing time cntours, which would represent rhythm
information[3]. Ghias et a. additionally note that some arors, such as drop-out errors (skipping notes)
may be more mmmonwhen people hum or sing asong. They suggest further study to clarify the relative
frequency of such errors, so asto all ow tuning of the matching algorithms to be more tolerant of the
common errors[10].

The nature of audio and music data presents many oppatunities to devel op creative methods to
accet and process audio gqueries. Using error-tolerant abstractions such as frequency analysis or pitch
contours, audio retrieval systems can transform the problem of audio matching into well-known problems
of edit distance calculation or string matching. In thisway, systems can utilize establi shed solutions for

these problems to provide dficient and eff ective audio retrieval.

3.2. Presentation

Of course, oncethe user hasinput a query and the system has determined some number of
matches against the audio database, the next logical step is presenting the match resultsto the user. Here

the time-dependent nature of audio data reveal s the problem of presentation. For mediathat are not time-
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dependent, such as text or images, the data (or an abhreviated form) is static and can be displayed withou
any trouble. For time-dependent media such as audio, it is unclear what form shoud be displayed o
presented to the user, since simultaneoudy playing 20 clips of music (representing 20 query matches
displayed at atime) isunlikely to be useful to the searcher. Bainbridge et a. enumerate anumber of such
problemsin presenting retrieved audio, especial y when compared to typical functionality supported in
presenting retrieved text. These issues include whether to transpose dl matches to the same key to make
comparisoneasier, using avisua representation to present the audio, allowing for the eguivalent of
quickly scanning through alist of matches to find an appropriate match, supporting excerpting to show
the matched query in context, and creating summaries of audio to speed relevance judgments [1].

A related research effort is how to browse and ravigate through databases of audio. Audiois
inherently a stream of time-dependent auditory data, with no standardized structure for interconrecting
related pointsin timein these streams. For text, hypertext provides a structure to indicate relationships
between certain parts of the text, both within the same document and between dacuments. Blackburn and
DeRoure describe their attempts to provide asimilar functionality for music [3]. They propose to use an
open hypermedia model to supply hyperlinks. This model spedfiesthat hyperli nks are not embedded in
the contents document, but instead are stored in a separate, associated document (the “linkbase”). At any
point while browsing a music document, a user may request hyperlinks based onthe airrent location in
the audio stream; the system will then consult the linkbase to present links to related materias. This
content-based navigationis aimed at adding structure to the otherwise unstructured streams of audio
documents.

Audio retrieval systems do ot yet have & well developed abody of literature a image retrieval
systems, but the interest existsandis growing. Much innovationin itsreseach has only happened in the
recent past, and, as Bainbridge et a. optimistically conclude their paper, “... we believe that music will

constitute a'killer app’ for digital libraries’ [1, p.169.
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4. Video Data Retrieval

Video dataretrieval shares some properties with image dataretrieval, due to the commonality of
their visual nature. However, video datais also time-dependent like audio data, and, in fact, movies often
have synchronized audio tracks accompanying the video data. This dared commonality naturally lends
to applying solutions from the image and audio retrieval areas to research problemsin the video retrieval
domain. In some waysthis strategy is successful, but, as usual, video data has some unique properties
which again lead to creative solutions to the research issues of clasdfication for querying and

presentation.

4.1. Classification for Querying

Some novel approaches have been devel oped to classify video datafor good query matching.
Gauch et a. describe how their VISION system processes video data for classification through
segmentation[9]. This ssgmentationis dightly different than the segmentation in terms of image data;
specificaly, segmentation here means to identify camera shot changes in the stream of video data, and
from there to group adjacent camera shotsinto scenes. Thisis analogous to segmentation d image data
into stuff and things, and wnfortunately, the difficulty of such classficationis anaogous aswell. It has
been well researched how to identify changes of camera shots, such as by observing large dhangesin
color histograms between frames. However, it ismore complicated to properly identify when ascene
startsandends. The VISION system uses clues from the synchronized audio trad to perform this
segmentation; for example, if the speeker changes after a shot change, it may signify a different scene.
By tuning various thresholds, the VISION system can be ajusted to correctly segment most video data.

Anather processing feature of VISION is the use of the closed-cagptioning signdl, if it exists, to
help classify the video data. Keywords are extraded from the text of the dosed-captioning, using well -
understood text manipulation techniques. This provides a reliable source of metadata information for
classification. If the closed-captioning signal is absent, the VISION system fall s badk to extracting

keywords from the audio strean. They take care to make the distinction between full continuous speech
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reaognition of the audio stream, which is a difficult task, to what they cdl “word-spotting,” or selective
keyword recognition from the audio. Gauch et a. admit their word-spatting technique does not yield very
goodresults yet (abou 50% recdl but only 20% precision), but they intend to refine and improve the
method[9].

Anocther classification strategy is the use of keyframes. Keyframes are frames whose images
represent a semantic unit of the stream, such asascene. Many video retrieval systemsimplement some
algorithm to identify keyframes[6, 1§. Color feaures and motion cues can be used to automatically
detect keyframes [18]. By extracting keyframes, theretrieval system can leverage image retrieval
techniques to support queries on keyframe images. Asauming the keyframes are indeed good
representatives of their respedive scenes, this classificalion methodis also a very useful way to provide
efficient browsing of the video data.

Video datais made up d both image data and audio data, and this fact provides ways to approach
the problem of classificationfor queries. Using video segmentation, analyzing the dosed-cgptioning or

audio signal, and extracting keyframes are some of the ways to implement effective video data dassifiers.

4.2. Presentation

Owing to its time-dependence, video data shares audio data’ s difficulty in presentation. The
distinct properties of video data, however, al ow different techniques to address thisissue. As mentioned
above, keyframe extraction provides the (suppaosedly) most important frames in the video document, and
these frames can be used as a summarization of the entire document. WebClip, for example, cdlsthis
model the time-based model [6], since the timeline is kept in the wrrect sequential order for presentation.
The VISION system uses this technique as well for its presentation, dsplaying thumbnail s of each
keyframe and showing the full video dataif the user seleds a specific thumbnail [9]. They aso mention
that during such playbad, the user interface includes fast-forward and fast-rewind butons, which dsplay
the video stream at four times the normal rate (usually by droppng frames to achieve the desired rate),

and a dlider bar to allow access to any arbitrary moment in the video. Video data doesindeed share the
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presentation problem with audio data, due to their common time dependence, but with the help of

keyframes, it seams a very effective solution to the problem has been developed for video data.

5. Conclusion

Though text is currently the most prevalent format of information avail able onthe Internet and
other retrieval systems, advancesin the underlying technology and infrastructure are quickly making
other multimedia forms more feasible. Multimedia offers aricher experience than plain text, often
conveying nuances of information that are at best awkward and at worst not possible to expressin a text-
only format. Asmultimedia energes asamore widely used dataformat, it isimportant to address the
iswes of metadata standards, classification, query matching, presentation, and evaluation to ensure the

development and deployment of efficient and eff ective multimedia information retrieval systems.
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