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Abstract— The increasingpower and connectvity of to-
day’scomputershave spurredthe growth in streamingaudio
and video available on the Inter net thr ough the Web. While
thereis substantialreseach characterizing the performance
of streamingmediaand characterizing documentsstored on
the Web, there have beenfew studiescharacterizing stream-
ing audio and video stored on the Web. We crawled over
17 million Web pagesfr om key geographiclocationsand ex-
tracted nearly 30,000streaming audio and video clips for
analysis. Using custom built tools, we analyzedthe charac-
teristics of thesemultimedia objects, determining such in-
formation as media type, encoding format, playout dura-
tion, bitrate, resolution,and codec.We find proprietary au-
dio and video formats dominate all multimedia content, pri-
marily contentby RealNetworks followed next by Micr osoft
and with Apple following just behind MP3. The playout du-
rations of streaming audio and video clips are long-tailed,
suggestingstreamingmediamay contrib ute self-similar traf-
fic on the Internet. Mor e than half of all streaming media
clips on the Web are video, with 90% of videos targeted
for broadband connections.Video resolutionsare consider
ably smaller than typical monitor resolutions,implying that
video bitrates, which aredir ectly relatedto resolutions,have
enormous potential to increase. The detailed results from
this study should be useful for futur e studiescharacterizing
the performance of streaming media on the Web and also
valuablefor thoseinter estedin generatingmoreaccurateln-
ternet traffic simulations.

Keywords— Multimedia, Streaming, RealNetworks Re-
alPlayer, Micr osoft Windows Media Player, Apple Quick-
Time, Self-similarity, Long-tailed

I. INTRODUCTION

Improvementsn the power andconnectiity of todays
computershave enabledthe growth in Web userswho
crossculturalandnationalboundariego streammultime-
dia applicationsfrom far away Web senersto browsers
on their desktops Whetherit is news, sportsor entertain-
mentclips, the nevestgeneratiorof Webusershave come
to expectaudio and video streamsat their fingertips by
simply clicking on a browser link to automaticallystart
playingstreamingmedia.ln 2001,RealNetworks[1] esti-

matedthat 350,000hoursof online entertainmentvasbe-
ing broadcaseachweekover the Internet,andthis statis-
tic doesnotincludethe volumeof additionalhoursdown-
loadedon-demandy Webusersaroundthe world.

CAIDA [2] emphasizedn 2002 the significant frac-
tion of Internetlink capacitiesthat were already being
allocatedto supportstreamingmediaapplications. An-
nouncementsuchas RealNetvorks’ [3] pressreleaseto
supportthe advancemenbf streamingmultimediaappli-
cationsover wirelesscellular networks have addedto the
concernamong Internet performanceexperts about be-
ing ableto supporteven morereadily available accesgo
streamingmediaclips throughthe Weh This anxietyover
future streamingmediaapplicationssignificantly restrict-
ing performanceof other Web usershastranslatednto a
variety of researclpapersthat proposenen network pro-
tocols [4], [5] or more sophisticatedhetwork router al-
gorithmsthat seekto lessenthe impactof streamingme-
dia[6], [7], [8], [9]. Sereralrecentresearctefforts [10],
[11], [12], [13], [14], [15], [16] have focusedon captuF
ing thecharacteristicef currentstreamingapplicationbe-
havior to betterunderstandts impact. Only by knowing
thenatureof commerciaktreamingoroductsandhow they
typically streammultimediatraffic canresearcherbegin
to prepareor the next generatiorof Webusers.

Unfortunately thereis little recentpublishedwork on
the exact characteristicoof streamingmedia stored on
the Weh While there have beenstudiescharacterizing
Web content[17], [18] measuredit the client side, there
have beenno recentstudieson the generalcharacteristics
of streamingmediastoredat the Web sener. In 1997,
AcharyaandSmith[19] characterize#ideocontentstored
ontheWebby analyzingevery videoavailablein the (then
popular) Alta Vista searchengine. However, the nature
of streamingmediahaschangedconsiderablysincethat
time. For example, Acharyaand Smith [19] found that
in 1997the Internetcould not supportreal-timestreaming
giventhe encodeditratesandavailablelast-miledataca-
pacities. Today RealNetvorks RealPlayemand Microsoft



MediaPlayer two popularstreamingmediaproductg20]
thatdid notevenexistin 1997,have significantlyimproved
Web users’ability to streammultimediato homecomput-
ers.

Two paperspneby Ousterhoutt al [21] andthe other
by [22], provide good exampleswhere fundamentalre-
searchon understandindghe natureof datastoredin file
systemsandstudyinghow thesefiles werelikely to beac-
cessedproved to be influential in the designof new file
systemsanddistributedfile systems.The accessibilityto
mediaclips on the Web throughRealNetvorks and Win-
dows Media Playershasreachedsucha statethat simi-
lar fundamentatesearcton the natureof streamingnedia
storedon the Web is critical to understandinghe impact
of streamingraffic on future Internetperformance.

This investigationbuilt customizedoolsto answerthe
following questionsaboutthe characteristicef streaming
mediastoredonthe Webtoday:

« Whatare themostpopularstreamingtechnolagies?Pre-
vious research12] hasshawvn that proprietaryencoded
media products significantly differ in their impact on
streamingnetwork traffic, evenwhenthe productsutilize
the samenetwork bitrates.Similar to the situationin 1997
whenthe large userbasefor MPEG, AVI andQuickTime
wasan obstaclefor incoming streamingtechnologieshy
guantifying todays dominanttechnologiesone can un-
cover currentobstaclegor future mediaapplications.

« Whatare the relative amountsof streamingaudio clips
versusstreamingvideoclips? Thetype of media,whether
audioor video,hasalargeimpacton performanceequire-
ments.Audio oftenrequiresonly modestbitratesbut typ-
ically hasvery discreteencodedbitrates. Video, on the
otherhand,is often bitrate-hungryand can streamover a
wide rangeof encodeditrates.

« Are streaming media playout durations long-tailed?
Self-similar traffic is difficult to manageand there have
beena numberof studiesof Internettraffic patternsthat
suggesself-similarity (se€[23] for asuney). Long-tailed
distributions of transfertimes [24], [25], [26] may con-
tribute to the self-similarity of Internettraffic. Similarly,
if the distribution of streamingmediaplayoutdurationsis
long-tailed, then streamingmedia may contrikute to In-
ternettraffic self-similarity especiallyas the fraction of
streamingnediagrows.

« Whatare typical streamingmediatarget bitrates?When
encoded streamingmediaclips have a tamget bitrate that
hasa directimpacton the network traffic ratethe media
will have whenstreamedVideotargetbitrates,jn turn,are
influencedby suchparametersasframeresolution,frame
ratesand color depth. Knowledge of typical target bi-
tratesprovidesinsightinto the stratgjies that mediacon-

tent providers useto dealwith limited capacitiesat last-

mile connections.

« What fraction of the many streaming media codecs
available are being used? Innovative compressiortech-
nologiesin nen codecsave the potentialto deliver higher
quality video with lower bitrates. Moreover, nenv codecs
incorporategechnologieghatyield moresophisticatedbe-

haviorsthatadapto network conditionsto improve quality

and performance.Understandinghe percentagef older

codecsthat persiston the Internetprovides information

asto the speedat which new codectechnologiesare de-

ployed.

This paper provides detailed information to answer
thesequestionon streamingmediacharacteristicon the
Webtoday Sincecommercialproductshave hada signifi-
cantinfluenceon streamingraffic, ouranalysifocusesn
commerciaktreamingoroductssuchasMicrosoft's Media
Player RealNetworks’ RealPlayeandApple QuickTime.
Unlike other measuremenstudiesthat have viewed real
streamingtraffic by monitoring behaior nearclients or
seners[10], [13], [14], [27], [28], this investigationseeks
the wider perspectie of reviewing streamingcontentat
mediasenersworld-wide. While thereis substantiadudio
andvideocontentstoredon peerto-peer(p2p)file sharing
systemd29], [30], this contentis not typically streamed
atatametbitrate, but is typically first downloadedasfast
ascapacitywill allow andsubsequentlplayed.Thus,the
network traversalbehaior for p2pfile sharingsystemss
moresimilar to bulk file transferthanto streaming.Since
this study is focusedon the characteristicof streaming
mediathatis playedoutin real-time,analysisof the con-
tent characteristicof audio andvideo storedon p2p file
sharingsystemss left asa future project.

We bhuilt a specializedcrawler that launchedfrom 17
carefully selectedstartingpointsacrosshe Web andthen
traversedover 17 million URLS, extractinguniqueURLs
specificto streamingmedia. Our custom-hilt tools cap-
turedinformationfrom nearly30,0000f the mediaURLSs,
recordingspecificmediaparametershathave a directim-
pact on Internet performance. Analysis on the number
of startingpointsandthe numberof URLSs cravled from
eachstartingpointsuggestshatcharacterizationlsasedn
these30,000samplectlips arerepresentate of streaming
mediastoredonthe Webat large.

Theresultsof this datagatheringindicatethat the vol-
umeandrelative amountof streamingmediastoredon the
Web hasincreasedenormouslysince 1997. Proprietary
contentis the mostprevalent, with RealNetvorks having
by farthe mostencodednediastoredon the WebandMi-
crosoftMediaalonein secondplace. Most streamingme-
diaclips arerelatively short,but have a distribution with a



long tail. Applicationof proposedong-taileddistribution
testg[31] lendscredenceo thebeliefthatstreamingmedia
playoutdurationsarelong-tailedandthus may contritute
to theself-similarnatureof Internettraffic. Analysisof the
storedvideoclips shavs thatmary videoson the Webare
encodedor significantlylower resolutionthancanbe sup-
portedby typical monitors. This suggestshe potentialfor
the Internetto seesignificantincreasesn videobitratesas
lasthopconnectionsmprove.

The resultsfrom this work areusefulto provide guide-
linesfor choosingepresentate sampleof streamingme-
dia clips in empirical Internet measuremenstudiesthat
desireto characterizehe behaior of commercialmedia
streamingtraffic over the Internet,suchasin [32], [16],
[33], [11], [12], [15]. Moreover, theresultsfrom thiswork

| MediaType | Extension
AVI avi
AU .au,.snd
MP3 .mp3,.m3u
MPEG .mp(e)g,.mpy, .mps,.mpe,.m2y, . mlv
MPEG-4 .mp4,.m4e
MPEG Audio .mpaga,.mpa,.mpl,.mp2
QuickTime .mov, .qt
RealMedia .ra,.rm,.ram,.rmvb, .smil
WAV wav
Windows Media .asf,.asx,.wma,.wmyv, .wax, .Wvx

TABLE |
AUDIO AND VIDEO URL EXTENSIONS

canalsobe usedto generatenoreaccuratdraffic models A. MediaCrawler

of streamingmediafor large scalelnternetsimulations.

We modified Larbint, an open source, general pur

This paperis organizedasfollows: Sectionll discusses poseWeb crawler, to createa specializeccravler, Media

the crawling methodologyusedandthe customtools de-
velopedto measurehe characteristicef streamingaudio
and video available on the World Wide Web; Sectionlll
analyzesthe resultsof an extensve effort to searchthe
Webfor streamingmedia,includinginsightinto the over
all characteristicof streamingaudio and video clips on
the Webtoday; SectionlV discussesnternetsamplingis-
suesrelatedto this investigation;SectionV considerghe
applicationof thesefindingsto futureresearchSectionVi
putsforth conclusionsandSectionVIl proposegossible
futurework.

Il. METHODOLOGY

We usedthefollowing methodologyto collectextensve
information on the natureof streamingmedia currently
storedthroughouthe World Wide Web:

« We createda customizedWNeb crawler, Media Crawler,
to searctfor andcollecttheURLs of freely availableaudio
andvideoclips. (seeSectionll-A)

« Wedevisedastratgy for obtainingarepresentate sam-
ple of availablestreamingaudioandvideo clips storedon
the World Wide Weh (seeSectionll-B)

« We developedtools andtechniquedor collectingchar
acteristicsof the streamingaudioandvideo contentfrom
the URLs extractedby MediaCrawler. (seeSectionll-C)

« We startedstreamingfor eachURL in the completeset
of uniguestreamingnediaURLsto performpacletheader
analysisand uncover those characteristicof streaming
audio and video that impact performanceof multimedia
streamediirectly from Webpages(seeSectionlll)

Crawler, designedo extractaudioandvideo URLs while

crawling the Weh Startingfrom a specifiedroot URL,

Media Crawler recursvely traversesembeddedJRLs and
identifiesby protocoltypethoseURLsthatreferto stream-
ing audioandvideo content.For example,Microsoft Me-

diaServicefMMS) useams: / / astheprotocoltypeand
RealPlayerQuickTime, andthe newvestversionof Media
Playeruser t sp: / / toindicatethatthey areusingRTSP

the RealTime StreamingProtocof.

Dueto currentfirewall restrictiond27], audioandvideo
aresometimestreamecdbver HTTP. ThusMedia Crawler
was designedto also examine URL extensionto find
streamingmediaclips. Tablel itemizesthesetof URL ex-
tensionghatMediaCrawler usesasanindicatorof stream-
ing mediacontent.We chosethis setof extensiondy ex-
tractingthelist of standardile typeextensionghatappear
in file operationdrop-davn list boxesin mostcommercial
mediaplayers.

Sinceour objective wasto createalist of uniquestream-
ing media URLs and to avoid crawling loops, Media
Crawler maintainsa datastructureof previously cravled
URLs. Eachtime a new URL is reachedMedia Crawler
must searchthe data structureto determineif this nen
URL hasalreadybeenencountered. Hencethe time to
determinewhethera newnly encounteredJRL is unique
grows with the numberof previously identified unique
URLs. Thiswasafactorin choosinga stratey of serially
launching Media Crawler from multiple starting points
ratherthan cravling more extensvely from one starting
point.

http://larbin.sourcefare.net
Zhttp://www.rtsp.og/



B. StartingPages

The gronth of streamingmultimediaover the Web is
tightly coupledwith the availability of high bitrate Inter
netconnectionsConsequentlyin selectingmultiple start-
ing pointsfor MediaCrawler the objective we picked pop-
ular Web pagesthat are likely to be accessedy well-
connectedusers. Sinceanothergoal of this investigation
was to not only considerstoredstreamedmediathat is
readily accessedrom clientsin the USA, startingpoints
were selectedfrom Web sites hostedfrom the ten most-
wired countriegexcludingthe USA) basedn datafrom a
marketanalysigeportonbroadbangbenetratioj34]. This
schemeprovides for a morerepresentate setof charac-
teristicsfor streamingmediastoredthroughoutthe World
Wide Weh Secondarilygeographicallydispersedtarting
pagegeducedheoverlapin the searclspacebetweerthe
individual craw! instances.

We consultedareportby Nielsen? thetelevision andin-
ternetratingscompapm, to determinethetop ten Websites
in eachcountryandto guidethe selectionof crawl start-
ing pointsbothinsideandoutsideof the USA. For ary top
ten wired countrieswhere Nielsenprovided no informa-
tion, we selecteda populardomesticnenspaperor nens
portal asthe startingpage. Sincethe Unites Statesis the
mostwired country we alsochoseseren USA Webpages
asstartingpoints. Theseseren Web pageswere selected
from the mostpopularWeb sitesthatincludedthe follow-
ing specificWeb pagetypes: news, sports,entertainment,
Internetportal, searchengine,and streamingmediatech-
nology Tablell lists the 17 startingpagesusedin this
researchlisted in alphabeticabrderby country In Sec-
tion IV, we analyzetheimpactof the numberandspecific
choicesfor startinglocationson the statisticalvalidity of
thisinvestigation.

Beginning from each distinct starting page, Media
Crawler proceededo cravl URLs until it discoveredone
million uniqueURLSs whereuporit createdan outputfile
containinga list of URLSs that refer to streamingmedia
objects.While Media Crawler recordsuniquemultimedia
URLswithin asinglecrawl, it is possiblethatcrawls start-
ing from differentplacesonthe Webwill overlapandpro-
ducethe samemultimediaURL on multiple outputfiles.
Thus,wewroteaseparat@rogramto createthefinal setof
uniguemultimediaURLs acrossthe 17 one-million URL
datasets.Sectionlll-A presentadiscussiorof theamount
of overlapin multimediaURLSs betweermpairsof datasets.

An additionalproblemin gatheringstoredWeb pages
for this study s the fact that referencedo specific Web
content can becomeinvalid for mary reasonsinclud-

3http://www nielsen-netratings.com/

| Domain | StartingPage | URL |
Canada | CanadiarGovernment canada.gc.ca
China Sina.com sina.com.cn
France Free.fr free.fr
Germaty T-Online t-online.de
Italy RepublicaDaily republica.it
Japan | NTT Communications ntto.co.jp
Korea | EmpasSearchEngine empas.com
Spain Grupolntercom grupointercom.com
Taiwan ChinaTimes news.chinatimes.con
UK British Telecom bt.com
us AmericaOnline aol.com
us Alta Vista altavista.com/video
us ESPNSports espn.com
us Hollywood Online hollywood.com
us New York Times times.com
us RealNetvorks real.com
us Windows MediaHome | windowsmedia.com

TABLE 1l
MEDIA CRAWLER STARTING PAGES

ing contentrelocation,contentremoval, contentdamage,
sener failure, routing failure and other errors. To mini-
mize the numberof invalid URLs causedoy relocationor
removal of Webcontent,our secondstageanalysighatin-
cludingstartingup eachof theaudioandvideoURLs was
conductedessthan24 hoursafterthefinal setof multime-
dia URLswasproduced.

C. Measuemenbf ContentCharacteristics

Oncethe setof valid mediaURLs were obtained,the
next stepwasto usespecializedools to individually ac-
cesseachof the mediacontentobjectsto collectinforma-
tion on the relevant audioandvideo clips suchasencod-
ing format, tamget bitrate,duration,framesize,codecand
otherproperties.To automatehis datagatheringprocess,
severalcustomizedoolswerebuilt from a variety of com-
mercial applicationSoftware DevelopmentKits (SDKSs),
opensourceprogramsandcustombuilt components.

To analyzeRealMediacontentwe built two new tools.
First, we build a customtool, RealAnalyzer using Mi-
crosoft Visual C++ and the RealNetvorks SDK® that is
provided by RealNetvorksfor customizedRealPlayede-
velopment. The SDK comeswith documentationheader
filesandsampleghatexposetheinterfacesusedin the Re-
alPlayerstreamingcore and enablesdevelopmentof new
tools and applicationsthat can streamReal media. Real

4Thecompletesetof tools,includingsourcecode canbedownloaded
from http://perform.wpi.edu/denloads/#video-craler
®hitp:/www.realnetvorks.com/resources/sdk/indatm|



Analyzergatherscontentdescriptioninformationsuchas:
URL, encodedbitrate, duration, resolution, live or pre-
recordedtitle, andcopyright.

Secondwe developeda custontool, TestPlay to gather
RealPlayercontentstatistics.An original versionof Test-
Play is available with the RealPlayerSDK underthe di-
rectorysdk/ sanpl es/ i nt er med/ t est pl ay. Test-
Play allows the measurementf contentencodinginfor-
mationincludingthe numberof sourcesencodeditrates,
andcodecinformation. With further modificationsto Re-
alAnalyzerand TestPlayto enablethemto usea playlist
of URLSs, the combinationof TestPlayand RealAnalyzer
providesa meansof automatedneasurementf the major
characteristicef RealMediacontent.

To analyzeWindows Mediacontent,we developedtwo
othercustomtools, similar to thosefor RealMedia. The
first customtool, WindowsMediaAnalyzer usedMicrosoft
Visual C++ and the Windows Media Encoder9 Series
SDKS providedby Microsoftfor customizedMediaPlayer
development. Windows Media Analyzer gatherscontent
information including: URL, encodedbitrate, duration,
resolution,live or pre-recordedetitle, and copyright. We
createda secondcustomtool, Wmpop to gathewWindows
MediaPlayercontentstatistics.An original versionof the
tool is availablewith the Windows Media SDK underthe
directory WWBSDK/ WWMFSDK9/ sanpl es/ . Wmprop al-
lows the measurememnf contentpropertiesanalogouso
thoserecordedby TestPlay

Finally, we usedVIPlayer,” anopensourceool thatruns
on the Linux operatingsystem,to analyzeApple Quick-
Time content.Whenplaying QuickTime content MPlayer
producedresolutionand codec information. However,
MPIlayer could not determinethe encodedbitrate of the
QuickTime content.

[11. ANALYSIS

Thefirst phaseof this investigationconsistedf initiat-
ing 17 distinct Media Crawler runsfrom WorcesterPoly-
technicInstitute (WPI)® betweenFebruary13, 2003and
March 18, 2003. Table Il lists the individual starting
points for eachof the 17 Crawler instances. Each exe-
cution of Media Crawler searchedhe Web until onemil-
lion different URLs were reached. The total execution
time for eachCrawler instancedependsuponthe starting
point. Thecrawl beginningfrom thestartingpointwith the

Shttp://www microsoft.com/windas/windavsmedia/create.aspx
http:/Mmww.mplayerhg.hu/homepage/design6/info.html

8WPI network configuration data can be found at:
http://www.wpi.edu/Admin/Netops/infrastructure.html.

9The complete set of URLs obtained can be downloaded from
http://perform.wpi.edu/denloads/#video-craler.
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largestround-triptime from WPI'® (namely sina.com.cn
in China) took approximately24 hourswhile several of
the closersitestook aboutfour hours(see[35] for more
details).

Theanalysisof the collectedstreamingmediainforma-
tion proceededh four stages:
« First, we performedaggregateanalysison the complete
list of mediaURLs producedby Media Crawler from sev-
eral perspecties. Coarsely we studiedthe distribution
of multimedia URLs clusteredper sener and then con-
ducedfinergrainanalysisn determininghe mostpopular
streamingechnologiesSeeSectionlll-A.
« Secondthe next phaseof the dataanalysisfocusedon
relative proportionsof contentcreatedoy the majorcom-
mercial streamingproducts: Real Media, Windowvs Me-
dia, and Apple QuickTime Media. Using customtools
describedn Sectionll, we collectedcontentinformation
from eachof the streamingmediaclips. We determined
the relative amountof audioandvideo for streamingand
usedcontentdurationinformation to testthe hypothesis
thataudioandvideoplayoutdurationsarelong-tailed.See
Sectionlll-B.
« Third, we consideredower level streamingmediachar
acteristicsthat impactstreamingtransmissiorrates. This
analysisincluded encodedbitrates, resolutions,and the
mediacodecsusedto encodeboth streamingvideo and
streamingaudio. SeeSectionlll-B.1 and Sectionlll-B.2,
respectiely.
« Fourth, we consideredhe significanceof the sampling
sizeontherepresentatenesf thedatagatheredrom the
17 crawler executions. We evaluatedthe impact of such
experimentaldecisionsas the numberof URLs crawled,
the numberof startingpoints,andthe geographidocation
of startingWebpagesontheresults.SeeSectionlV.

A. Aggregate Analysis

Priorto aggregateanalysiswe removedduplicateURLS
from the 17 distinct 1-million URL datasets,resultingin
11,533,84UniqueURLSs (se€[35] for detailson the over
lap of URLs from eachset). From the unique URLS, a
setof 54,762URLs wereidentifiedasstreamingmediaby
using standardindicatorsof mediaplayertypesand the
setof URL extensionsasdescribedn Sectionll-A . In
1997,AcharyaandSmith[19] reportedinding 22,600me-
dia URLs out of the 25 million Web pages[36] indexed
by Alta Vistaat thattime. Thus,the percentage®f audio
andvideo objectsstoredon the Web hasmore thanfive-
fold from about0.09%in 1997to about0.47%in 2003.
Moreover, given that the Googlesearchenginecurrently

10\WPI is physicallylocatedin WorcesterMA, USA.
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indexesmorethan3 billion Web pages.! onecanproject
that thereexist nearly 15 million freely available stream-
ing audioandvideo clips storedon the Webtoday Note,
nothingin this investigationaddressepageson the Web
thata clienthasto payto reach.

Thecomplementargumulatve densityfunction(CCDF)
of the numberof URLSs found per sener is givenin Fig-
ure1l. The 11,533,849million unique URLs camefrom
712,104differentWebseners,with the mediannumberof
URLSs persener over the setof all senerscrawled being
only oneURL. The54,762uniqueaudioandvideo URLs
camefrom 4678differentseners,with themediannumber
of URLs persener for the setof senersthathadstream-
ing mediabeingabout4 mediaURLs persener. Notethe
graphindicateghataboutl% of thesetof streamingnedia
senersprovide 100or moremediaURLS persener.

Figure 2 depictsthe averagepercentageof URLs for
eachmediatype within a setof onemillion URLs coming
from oneinstanceof Media Crawler. The averagecount
(outof onemillion URLS) for eachmediatypeis indicated
by thenumberabove eachbar, with theerrorbarsdepicting
the standarddeviation acrossthe 17 setsof crawler data.
RealMediais the mostpopularmediatype storedon the
Internettoday accountingfor almosthalf of all streaming
mediaURLs andbeingtwice asalundantasWindows Me-
dia. QuickTime, MPEG,andAVI, the mostpopularvideo
typesin 1997[19], make up only a combined10% share
of the videosin 2003. MP3, a popularstreamingaudio
format, is the mostpopularnon-proprietaryformatandis
moreprevalentthanApple QuickTime Media.

Hhttp://mww.google.com/searching,307,998,70Webpagesasof
Decembetrl8, 2003.
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B. Commecial ProductAnalysis

The RealNetvorks Real Media, Microsoft Windows
MediaandApple QuickTime Mediacommercialproducts
accountor about72%of the URLsin thecompletdlist of
uniguemediaURLSs collectedby Media Crawler. Given
the dominanceof thesethree products,the decisionwas
madeto focus further detailedanalysisonly on the char
acteristicsof thesethree streamingproducts. Real Me-
dia, Windows Media and Apple QuickTime Media sup-
port both audio and video, and they all can streamboth
pre-recordeéndlive audioandvideoover the Internet.

Of the 54,762 unique Real Media, Windows Media
and Apple QuickTime Media URLs recordedby Me-
dia Crawler only 29,056 (about53%) were valid URLS.
The remainingunique media URLs collectedby Media
Crawler wereclassifiedasunavailablewhenthedataanal-
ysisphasewasunableto reacha URL previously recorded
by the crawler. Furtheranalysis(see[35]) with our tools
asto why theseclips may have beenunavailable provided
threeprimaryreasons:cannotfind thespecifiedile” 50%
of errors),“cannotconnecto thesener” 25%,and"autho-
rizationfailure” 10%.

Tablelll shavs a breakdevn of the count of accessi-
ble streamingmediaclips. All subsequeranalysisin this
paperis basedon the dataobtainedfrom these29,056ac-
cessiblemultimediaURLs.

While in principle, eachmediaURL canbe a playlist
with multiple streamingmediaclip entries,the dataanal-
ysis implies this occursinfrequently on the Weh Over
97%of theplaylistsreferto only onestreamingmediaclip
andonly about1% of playlistsreferto 3 or morestream-
ing mediaclips (see[35] for moredetailedanalysison the
playlists).



| MediaType | Audio | Video | Total [ Percent|

Real 9863 | 8504 | 18367 63
Windows 2591| 6567| 9159 32
QuickTime 28| 1474 1521 5
[ Total [ 12482] 16545] 29056]] 100 |

TABLE IlI
NUMBER OF STREAMING MEDIA CLIPS ANALY ZED
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Fig. 3. Percentagef Audio andVideofor EachMediaType

Figure 3 graphsthe percentag®f audio andvideo for
eachof the threemajor mediatypes. Overall, 43% of the
mediaclips were audio only, and 54% of the Real Me-
dia clips areaudio. Combininginformationfrom Figure2
andFigure 3, it is clearthatin the collectedURLSs there
is more Real Audio storedon the Internetthan MP3 au-
dio. Comparatiely, lessthana third of Windows Media
is audioonly andvirtually no Apple QuickTime is audio
only. Dueto theinsignificantamountof QuickTime audio,
subsequerdnalysisonly considergQuickTime video.

Our tools useattributesin the streamingmediaheader
to determinaf themediais live or pre-recordedFor Win-
dows StreamingMedia, the typesidentifiedarebroadcast,
streamedor downloadedwhere broadcasindicateslive
streamingandthe othertwo arearepre-recordedror Real
Media,theheadeindicateseitherlive or pre-recordedkor
Quicktime, the durationis a very large (over 40 days),
fixed integer for live media. While all three mediafor-
mats supportboth live and pre-recordedstreamingcon-
tent, the vastmajority of the available streamingclips are
pre-recorded.98% of all streamingmediaclips are pre-
recorded,with Real Media having about 2% live clips,
Windows Media having about3% live clips and Quick-
Time having lessthan1% live clips.
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During the duration analysisthree outlier clips with
a duration of 10 days (roughly an order of magnitude
longerthanthe next longeststreamingclip) were uncor-
ered. Closerinspectionrevealedtheseclips were erro-
neoudext streamingwith anerrorin their durationlength.
Thesethreeclips wereremoved from all subsequerdnal-
ysis.

The CDF of the durationof all the available audioand
video clips is presentedn Figure4. The main body of
the distribution of audio and video durationsare similar.
Moststoredaudioandvideoclips arerelatively brief, with
amediandurationof about3 minutes(the medianis about
2 minutesfor videoand4 minutesfor audio). 10% of au-
dio andvideoclips have adurationof lessthan30seconds,
while 10% have a durationover 30 minutes. This datain-
dicateghatthe durationof videosstoredonthe Webtoday
are significantlylongerthanin 1997 when90% of video
clipslasted45 second®r less[19].

Self-similar traffic is difficult to manageand a long-
tailed distribution of transfertimes may contritute to the
self-similarity of Internettraffic. If the distribution of
the durationsfor storedstreamingclips is long-tailed,this
lends credenceto the possibility that the distribution of
transfertimes on the Internetfor pre-recordedstreaming
transfersmay also be long-tailed. Note, this discussion
excludeslive streamingeventsthathave anundetermined
duration.Figure5 givesthe CCDF of theaudioandvideo
durationdistributions to allow for clearerexaminationof
thetails of thedistributions.

The definitive testfor a long-taileddistribution is that
thesteepnessf theslopein the CCDFdoesnotincreasen
the extremetail but continueswith constanslope(theline
may becomejaggedasthe numberof samplesbecomes
sparsebut the slopestaysthe same).Visual inspectionof
the durationdistributionsin Figure5 impliesthatthe du-
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rationsof the storedaudio and video clips may be long-
tailed. However, as discussedby Downey [31], certain
distributions, suchaslognormal,appearvisually to long-
tailedwhen,in fact,they arenot. The characteristidiffer-

encebetweeralong-taileddistribution andonethatis not
long-tailedis the curvature(along-taileddistribution does
not have acurvedtail). To determinevhetherthedistribu-

tion of durationsfor the streamingmediaURLSs collected
in this studyis long-tailed,the curvaturetestproposedy

Downey [31] wasapplied. The detailsfrom thefive steps
in this processnclude:

1. Measurethe cunatureof the tail of the sampledistri-

bution, wherethetail is definedasP(X > z) < 1/16.1

Curvatureis quantifiedby taking three-pointestimateof

thefirst derivative andfitting aline to theestimatedieriva-

tive. For the crawvled mediaclips, the cunature of the
audiodistribution tail is 0.0378andthe cunvaturefor the
videodistribution tail is 0.0505.

2. EstimatetheParetoslopeparametera, thatbestmodels
thetail behaior of the sampleusinga programdeveloped
by CrovellaandTagqucalledaest *3[37]. For themedia
clips, theestimateof a: givenby aest is 1.006975or the
audiodistribution and1.00016for thevideodistribution.

3. Generatel000sampledrom a Paretodistribution with

slopeparameter, whereeachParetosamplehasthesame
numberof pointsthatarein thedatasamplen, andcalcu-
lates, the meancurvature of the 1000 samples. There
aren = 11,836 samplesin the audio distribution with

1 = 0.004845, andtherearen = 16,282 sampledn the
videodistribution with 1, = 0.003722.

4. Calculated, thedifferencebetweerthe curvatureof the

2We alsotestedP(X > ) < 1/32 andP(X > z) < 1/64 and
our overall resultswerethe same.

3Downloadable  from  http://www.cs.hu.edu/Bculty/croella/-
aest.html.

original sampleandy. For the setof cravled mediaclips,

theaudiodistribution curvaturediffersfrom p by 0.032958
while the video distribution cunature differs from p by

0.046778.

5. Countthe numberof samplesout of 1000that have a
cunaturethatdiffersfrom y by asmuchasd. Thiscountis

the p-valuefor the null hypothesigqthatthe samplessome
from a long-taileddistribution). For the audiodurations,
498differ from s by d or moresothep-valueis 0.498,and
for thevideodurations 495differ from u by d or moreso

thep-valueis 0.495.

Thus, the relatively high p-valuesin step5 meansthe
null hypothesisthatthe samplessomefrom a long-tailed
distribution, cannotbe rejected. This meansstreaming
mediaplayout durationsmay be long-tailed. If one as-
sumeghatthe setof storedmediaclips areuniformly ac-
cessedthen the long-tailed distributions of the duration
of storedclips would lend supportto the conjecturethat
actualstreamednediatransfertimesover the Internetare
alsolong-tailed.This phenomenomould contrituteto the
self-similarity of Internettraffic.

Note that the streamingplayout durationdistributions
do notincludeary of thelive contentthatthe crawler en-
countered.With live contentthe streamdurationmay not
be known even by the encoder Thus noneof the com-
mercial player APIs provide a mechanismo determine
the possibledurationof alive stream.lt is unclearwhere
alongthe distribution we shouldplacethesesamplesso
we ran additional curvaturetestswith manualplacement
of the clip durationsalongthe durationCDF. We placed
the live clips beforethe tail, at the beginning of the tail,
and evenly alongthe tail and repeatedhe cunaturetest
eachtime. For all caseghe outcomeof the cunvaturetest,
namelythatstreamingnediadurationamaybelong-tailed,
wasunchanged However, while somelive contentavail-
ableon the Internetcould be short,sinceusersmust“tune
in” atthetime live contentis broadcastlive streamings
likely long'# thus making the streamingmediaduration
distributionsevenmorelong-tailed.

B.1 Video

Video canoperateover a wide rangeof bitrates. Video
conferencesand low-bitrate videos streamat about0.1
Mbps'®; VCR quality videosstreamat about1.2 Mbpst®;
broadcastjuality videosstreamat about2-4 Mbpst’; stu-
dio quality videosstreamat about3-6 Mbps'’; andHDTV

Hyvelosoet al [14] analyzedive streamsthat were at least28 days
long.

'5H.261andMPEG-4

MPEG-1

"MPEG-2
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quality videos streamat about 25-34 Mbps'’. Uncom-
pressediideocanrequirehundredsandeventhousandef

Mbps. Thus, video applicationspotentially can demand
enormousstreamingdataratesthat are greaterthan the
availablenetwork capacity

Figure 6 provides CDFsfor the encodedvideo bitrates
for Windows MediaandRealMedia(asexplainedin Sec-
tionll, Quick Time Mediaencodingatescouldnotbecap-
tured). The medianencodedbitrateis around200 Kbps,
with themedianencodeditratefor Windows Mediabeing
slightly higherthanthe medianencodedbitrate for Real
Media. Approximately29% of the videosareencodedo
streamover a 56 Kbpsmodem a substantiaincreasdrom
1997[19] whenfewerthan1% of videoswereencodedor
modembitrates.Nearly 70% of thevideosaretamgetedfor
broadband56k - 768Kk), up from 50%in 1997. Approxi-
mately 1% of the videoshave bitratetamgetsabove typical
broadbandconnectiong768k - 1500k),andlessthan 1%
have bitratetargetsabore aT1 (1540k+),down from about
20%in 1997.

Thegenerakhiftin tagetencodeditrates with alarger
percentagef streamingvideostargetedtowardslower bi-
tratesevenwhile endhostbitrateshave increasedsuggests
thatimprovementsn streamingechnologiesnake it pos-
sibleto effectively sendstreamsat lower bitrates.Thepre-
dominanceof videostametedtowardsbroadbandonnec-
tionssuggestendusersin the homearethe typical target
audienceand that encodedbitrateswill increaseas last-
mile homeconnectiongncrease.

Techniquesvhere multiple taget bitratesare encoded
into one video (such as with Windows Media “Intelli-
gentStreaming”andRealNetvorks “SureStream™arede-
signedto provide betterquality whena streamingmedia
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Fig. 7. CDF of Numberof Windows Media Stream<£Encoded
in OneClip

sener scalesdowvn dueto the bitraterestrictionsand net-
work congestion. A typical video streamwill have two
encodedstreamspnefor the videoandonefor the audio.
If thereare morethanthreestreamsin one clip, the as-
sumptionis thatthis clip hasmultiple encodeditratelev-
els. Only our customizedWindows Media tool wasable
to determinethe numberof encodedbitrate levels. Fig-
ure 7 depictsthe cumulative densityof the numberof en-
codedstreamsper Windows Media clip for the clips the
crawler found. Fromthemeasurementsye foundapprox-
imately 12.1%of Windows Media clips have multiple bi-
trateencodingevels. Thelack of encodeditratechoices
for amediasener hassignificantramificationson network
quality of service.If thesevideosarestreamedver UDP
during constraineditrate conditions their lack of scaling
optionsimplies thesemultimediaflows will be unfair to
competingTCP traffic. Note the distribution of Windows
Mediaencodeditratelevelsin Figure7 is in directcon-
trastto previously reportedresultsfor RealMediain [15],
where65% of the RealVideo clips hadmultiple encoded
bitratelevels.

Figure 8 focuseson the CDFs of the video clip reso-
lutions. The resolutionsshavn were obtainedby multi-
plying frame width by frame heightfor eachvideo clip.
Approximately 70% of the videoshad a standardaspect
ratio of 4/3. Theremaining30% of the videoclips hadas-
pectratiosslightly above andslightly belov 1.3 (seg[35]
for more details). The vertical lines in Figure 8 de-
pict commonlyusedvideoresolutions:160x120(quarter
screen), 240x180 (three eighths-screen)and 320x240
(half-screen). The stepsin the distributions correspond
roughly to differentresolutionchoicesavailable in com-
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mercialmediaencodingproducts.Commercialmediaen-
codingapplicationgprovide default choicesfor resolution
andotherencodingparameterghataretypically guidedby
commonpractices.

Nearly half of the videosin Figure 8 have lessthan
half-screerresolutionandlessthan 1% of the videospro-
vide full-screenresolution. Thesesmallwindow sizesrel-
ativeto theresolutionof typical desktopmonitorsis likely
dueto therelationshipbetweerresolutionandrequiredbi-
tratefor streaming.A videowith aresolutionof 320x240
will typically resultin bitrateson the orderof hundredsof
Kbps (the tamget bitratesshavn in Figure6). Given cur
rent typical desktopresolutionsof at least640x480cou-
pled with continual end-userdemandfor higher quality
video, thereis enormougotentialfor increasinghe sizes
of todays streamingvideo frames. Additionally, future
advancesin codeccompressioralgorithmswill facilitate
larger frame sizesfor the sameencodingrates. One can
also expectimprovementsin network bitratesto provide
increasedhvailable bitratesto streamingflows. This im-
plies future streamingtraffic with larger frame sizesand
higherbitratedemand®n the Internet.

B.2 Audio

Figure 9 depictsCDFsfor the encodedbitratesof the
streamingaudio clips for both Windows Media and Real
Media. The encodedbitratesfor streamingaudioarelow
comparedwith the encodedbitratesfor streamingvideo
shawvn in Figure6. About 90% of streamingaudiois tar
getedfor modemsywith the medianencodechudiobitrate
suitablefor streamingover older 28.8 Kbps modems.In
1999, an empirical study of streamingaudio at a popu-
lar Internetaudio sener [13] found 100% of the playout
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ratestargetedat modembitrates. Approximately 10% of
the streamingaudioin Figure9 is specificallytargetedat
userswith broadbandor higher connections. Given that
playoutof CD quality audiorequireshundredsof Kbps, it
is likely thatthe fraction of high streamingaudioencoded
bitrateswill increase. However, given the compression
ratesand listening quality of technologiessuchas MP3
(which typically streamsat 128 Kbps), it is unlikely that
audioencodingpitrateswill increaseabove thoserequired
by broadbandatonnections.

C. MediaCodec

The codec has a large impact on the network per
formanceof streamingmedia. For example, as an im-
provementto the Windows Media video version8 codec
(WMv8), version9 supportsaststreamingo smoothout
changesn the available bitrate during streaming. While
beneficialto usersthe network impactof newer codecds
notalwaysclearlybeneficial.For example WMvS8 fills the
playoutbuffer atthetargetplayoutrate[12], while WMv9,
in amannersimilarto RealPlayef15], buffersat a signif-
icantly higherdatarate.

Figure10 andFigurel1l captureghe breakdavn of the
codecasedto creatéWWindows andRealNetvorksstream-
ing videosin the setof clips gatheredy the crawler. The
actualshareof codecspaceoccupiedby a specificcodec
implementatiorin Figure10is not particularlysignificant
exceptasaclearsnapshoin time, e.g.,WMv9 having only
2.31%of the recordedcodecsn May of 2003. However,
future studiesmay find this datavaluablein trackingthe
acceptabilityand changein market penetrationover time
of suchinnovationsasWMv9.

Figure 10 shaws the prevalenceof different versions
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of the codecsfor Windows Media video. Of the codecs
shavn, MS MPEG-4v3 andWM Video 7 arethe oldest.
The latter is Microsoft's implementationof the MPEG-
4 standardwhich is similar to the H.263 standard. MS
MPEG-4 usesdiscretecosinetransformand motion pre-
diction to encodeand compressvideo content,being re-
namedWM Video 7 andreleasedn May of 2001. WM
Video8 wasreleasedoonafterin Septembeof 2001,and
wastheonly Microsoftcodecauntil themostrecentversion,
9, releasedn Januaryof 2003.

Figure 11 breaksdown the distribution of the different
versionsof the RealVideocodec.RealMdeo 8 dominates
in the spaceof codecghatoperatewith RealPlayer Sim-
ilar to WMv9, Real Video 9 is still not yet deplo/ed in
significantamountselatve to RealMdeo8.
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V. SAMPLING ISSUES

In collectingdatafor largescalemeasuremerstudieson
the Web, thereareimportantissuesrelatedto the number
of samplesomparedo the sizeof the overall population.
In 1997,researcherarereableto locateanddownloadall
videosfoundontheWeb[19], but todaythatis impractical.
Crawling the17 million URLsusedin this studytook over
onemonth. At this pace,it suggestst would take over 16
yearsto crawl over 3 billion pagescurrentlyon the Weh
Moreover, 200dayswould be neededo to actuallydown-
load via streamingjust the mediaclips analyzedin this
study To downloadvia streamingall the freely available
multimediaclips on the Web would requirefour yearsof
continuousstreaming. Storing theseclips for subsequent
useis equallyproblematic.

This sectionconsidersissuesrelatedto the sampling
anddatagatheringapproachusedin searchingl?7 million
URLs with Media Crawler. To ascertainvhetherthis set
of URLs is an adequatesamplingof the Web, our strat-
egy wasto evaluatethe effectsof smallersamplesizeson
the quality of the resultantanalysis. We consideredour
specificquestions:

« Is it possibleto obtain a suficiently large numberof
sampleswith fewer crawler startingpoints?

« Is it possibleto obtain a sufiiciently large numberof
sampleswhile searchingless than one million unique
URLs percrawl instance?

« How doesthe sampling,in termsof numberof URLs
andnumberof startingpoints, affect the overall distribu-
tion shapes?

« How doesthe choice of starting points, in terms of
different cultural locations,affect the overall distribution
shapes?

For eachof the 17 crawling startingpoints, virtual ex-
perimentswith fewer than one million URLSs were con-
sidered. Beginning with 200,000 URLs and proceed-
ing in incrementsof 200,000URLSs, up to the full one
million URLS, we reviewed five separatedata-gathering
plateausThus,thesmallesdatasethad3.4 million URLs
(17 x 200, 000), andeachsubsequemndatasetincrease®y
3.4 million until thefull 17 million URL setwasreached.

For eachsetof mediaURLs foundby the crawvler hadit
stoppedat a given plateau we determinedhe percentage
of eachtypeof media(similarto analysisn Figure2). Fig-
ure 12 demonstratethatat the 10.2million URL plateau
andbeyond,all thepercentagefor thevariousmediaprod-
ucttypesremainconstant.This datasuggestshat, atleast
for this statistic, crawling morethan 17 million URLs is
notlikely to changeheresults.Dataon theabsolutenum-
ber of mediaURLSs found asthe crawler reacheghe five
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plateausyieldsvery similar results.

To drill down further, we also analyzedthe impact of
the dataset size on the distribution of seseral important
mediaclip characteristicsOnly theresultsfor videoplay-
outdurationareshovn here(see[35] for analysisof other
streamingmediacharacteristicgor the different dataset
levels). Figure 13 presentdive CDFs of video playout
duration. EachCDF is for one crawler plateaufrom 3.4
million to 17 million URLs. The remarkablesimilarity in
thedistribution of videoplayoutdurationsurthersuggests
that thereis little quantitatve benefitin the reliability of
the CDFto begainedby crawling longerto find largersets
of unigueWebURLSs.

The next issueconsideredvas whetherthe numberof
startingpointswould have asignificantaffectontheresults
obtained. From the 17 original startingpoints, datafrom
five separatesubsetsof randomly picked starting points
wereanalyzedIn this caseall 1 million URLs from each
of 3, 6, 9, 12, and 15 randomly selectedstarting points
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wereevaluatedwith respecto the mediacompositionand
the video playout duration distributions. Figure 14 de-
picts the video compositionversusthe numberof starting
points. For setswith 9 or morestartingpoints,the percent-
ageof eachmediatype staysrelatively constantCrawling

from alargernumberof similar startingpointsis notlikely

to changeheresults.

Figure 15 graphsthe video playoutdurationCDFs for
the samestarting point subsetsusedin Figure 14. The
playoutdistributions are remarkablysimilar for all num-
bersof startingpointsexceptfor aslight separatiorior the
distribution having only 3 startingpoints. This suggests
that having more than 6 starting points will not signifi-
cantlychangethe natureandshapeof the CDF.

To ascertainthe effects of different cultural starting
points, the URL datawas divided into the setof URLs
obtainedby beginningthecrawl from ary oneof theseven
USA starting points and the set of URLs obtainedfrom
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the 10 startingpointsoutsidethe USA. Figure 16 depicts
the compositionof mediaURLSs for eachdatasetandFig-
ure 17 depictsthe durationdistribution of video playouts
for eachdataset. While thecompositiorandplayoutdura-
tionsarenearlythe samefor eachdataset,therearesome
slight differences. For example,the USA startingpoints
have slightly more Windows Media clips but fewer MP3
clips, but they have anequvalentpercentagef RealMe-
diaclips.

Combiningthe analysisof numberof URLs, number
of startingpoints,andculturallocations,onecould ague
thatfrom the using9 or morestartingpointswith 600,000
URLSs per starting point provides a large enoughsample
spaceto analyzethe characteristicof storedstreaming
mediaon the Weh The graphsin this sectionlend cred-
ibility to our belief that having cravled 1 million URLs
from eachof 17 startingpoints,theresultantsamplesetof
unigueURLs s onthe safesideof large “enough”. More-
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over, the cumulatie effect of all thefiguresin this section
is to provide confidenceo the beliefthatthe analysispre-
sentedn this paperon the characteristicef storedmulti-

mediaURLs s representate of theWebatlarge.

V. APPLICATION OF RESULTS

Thecharacteristicef streamingraffic uncoveredin this
paperarevaluableasa snapshobf the natureof fully ac-
cessiblestoredmediaon the Webtoday Furthermorethis
informationis quite usefulfor researchersvishingto de-
sign and conductexperimentsto evaluatethe impact of
streamingaudioandvideo contenton overall Internetper
formance.

Conductingempiricalexperimentsinvolving streaming
videotraffic is difficult dueto variablenetwork conditions,
the setupcostsin deplg/ing large numbersof streaming
clients, and the effort requiredto build, deploy and co-
ordinatethe instrumentatiorntools. Consequentlyusing
simulators,suchas NS-2 [38], hasbecomeincreasingly
common. Theresultspresentedn this paperare of value
to researcherslesigningsimulation studiesthat want to
modelthe natureof streamingmediacrosstraffic in 2003.
Figure2 andFigure 3 provide informationon the current
ratio of streamingaudio and video traffic for commesr
cial productsand detaileddataon encodingtypes. The
shapeandstepsin the bitratedistributions, shavn in Fig-
ure6 andFigure9 provide guidanceon choosinganappro-
priate mix of bitratesto reasonablycapturethe behaior
of freely available streamingdownloadsfrom audio and
video seners. Moreover, the durationof streamingaudio
andvideoflows canbe choserfrom the durationdistribu-
tionsin Figure4.

The useof commercialstreamingproducts,suchasthe
Microsoft Windows Media Playerand RealNetvorks Re-
alPlayer hasincreaseddramatically[20]. Understanding
the performanceof commercialstreamingmediaproducts
plays an importantrole in understandinghe impact of
streamingmediaon the Internet. Figure 2 providesguid-
anceon the most prevalent commercialproducts. Fig-
ures10and11 offer insightconcerninghe speedatwhich
nev mediaplayerproductspenetrateéhe marketplaceand
could influencethe choiceof which versionof a product
to study Theresultspresentedn this papermay be useful
for designingexperimentdor studiessimilarto [32], [16],
[33], [11], [12], [15] that actively measureperformance
of commercialstreamingmediatechnologies.Suchstud-
iesmayevensamplefrom thelist of streamingmediaclips
thatwereanalyzedn this paper*® to avoid additionaltime-

18The completeset of streamingmedia URLs can be downloaded
from http://perform.wpi.edu/denloads/#video-craler



consumingcrawling or morebiasedstreamingmediaclip
selection.

V1. CONCLUSIONS

Marny researchergvorry aboutthe anticipatedarge in-
creasan thevolumeof streamingmediathatwill be sent
over the Internetin the nearfuture. Without dataon the
currentstateof available Web pages,it becomedifficult
for network performancexpertsto predictboththeshort-
termandthelong-termimpactof this expectedncreasen
network traffic on the stateof the Internet. Assumptions
areoftenmadein network modelsaboutthenatureof mul-
timediatraffic basedon studiesthatare several yearsold.
However, significantchangesn useraccesscapabilities
and improvementsin the techniqguesemplgored by com-
mercialmediaplayersmale it risky to useoutdatedchar
acterizationso representhecurrentbehaior of audioand
video Internettraffic.

Thegoalof thisresearchs to provide the resultsof ex-
tensive datacollection of streamingmediacontentavail-
able acrossthe Weh Armed with custom-hilt media
playeranalysistools, we crawvled 17 million Web URLs
andchecledfor validity, to yield nearly30,000unigueau-
dio andvideoclips. We thencarriedout in depthanalysis
onthestoredclips by partiallydovnloadingtheinitial seg-
mentsof eachof theseclips to extract headerand other
characteristianformation aboutthe mediaclips. These
downloadsoriginatedfrom 4678distinctmediasenerson
which audioandvideoclips werelocated.

By comparingwork in paststudieswe find thattheto-
tal volume of streamingmediastoredon the Web hasin-
creasedver 600% in the pastfive years. Moreover, the
fractionof streamingmediaobjectsstoredonthe Webrel-
ative to otherobjectshasincreasedaver 500%.

Theaggregatedataanalysisshavs streamingaudioand
videocontentis dominatedoy proprietarystreamingorod-
ucts,specificallyRealNetvorks Mediafirst andMicrosoft
Media second. Thereare relatively the samenumberof
freelyavailableaudioclips comparedo videoclips. Given
thatvideoavailability is likely to bemoreconstrainedhan
audio availability becausdast mile connectionsare not
(yet) all broadbandpne shouldexpect a shift in the fu-
ture towardshighernumbersof video sitesrelative to au-
dio sitesstoringmultimediaontheWeh Thevastmajority
of streamingaudioandvideoURLs arepre-recordedwith
only avery smallfractionbeinglive.

Most storedstreamingmediaclips arerelatively brief,
lastingseveral minutesfor both audioor video. However,
the 3 minute mediandurationtime is substantiallylonger
thanin 1997whentypical videoclips wereunderl minute
in length. Thus,just from this increasan the durationof
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mediaflows, it is clearthattheimpactof streamingvideo
onthe Internethasgronn substantially

Despitegrowth of broadbandtonnectionsthe fact that
the majority of audioencodeditratestoday are still tar
getedto be acceptabldor modemconnectionss a signif-
icant. Moreover, the distribution of video bitratesimplies
that modemscan also be usedfor streamingsomevideo
clips. Having streamingcontentsuitablefor modemsis
a useful niche given that it is estimatedthat half of all
USA Internetsubscribersvill still usemodemdy theyear
2005[39]. However, the majority of videotamet bitrates
are broadband. Since currentvideo resolutionsusedby
senersaresmallrelative to typical monitor resolutionsijt
canbeexpectedhatasnetwork bottleneckbandwidthsn-
creaseyideotametbitrateswill riseproportionally

Thedatain this investigationindicatesthat currentme-
dia providerstendto adhereto “standard”picture dimen-
sions (suchas 320x240)and aspectratios (such as 4/3)
whencreatingvideos.Therearesimilar “steps”in thedis-
tribution of audio encodingratesalong typical encoding
standards.

VIl. FUTURE WORK

While the ad\ertisedtarget streamingbitratespresented
in this report provide insight asto possiblenetwork im-
pact, the actualstreamingratesover the Internetmay be
quite different. The level of responsienesdor streaming
mediaflowsto Internetcongestiorandpercevedavailable
bitrateis expectedo have alargeimpactonfuturenetwork
performanceTechnologiesuchWindows Media“intelli-
gentstreaming”’and RealNetvorks “SureStream”can be
usedto provide multiple target bitratesin one storedme-
dia object. Previouswork [15] suggestshatsuchmultiple
bitratetechnologieccurin mary video clips andmedia
playerscaneffectively choosethe mosteffective bitrateto
usein responsdo currentnetwork conditions. Thus,one
valuableextensionof this work could involve devising a
techniqueto determinebitratelevels for storedstreaming
mediaclips. A more difficult challengeis to determine
thesebitratelevelsandhow they shouldbeusedundernet-
work congestion.

While the resultspresentechere depict details on the
storageof audio and video on the Internet, they do not
provide detailson the actualstreamingof the storedau-
dio andvideo over a network. Futurework could com-
plementtheseresultswith measuremenisf actualstream-
ing use. Suchefforts would be especiallyusefulif a me-
dia sener with mary audioandvideo encodingratesand
choiceswerespecificallystudied.Specifictechniqueghat
actively queryDNS cachessuchasin [40] could be used
to provide complementarynformationaboutthe popular



ity of Websitessiteswith storedaudioandvideo.
Our crawling methodologyis specificallytagetedatlo-
catingandanalyzingstreamingmedia,thatis, mediathat

will

be playedasit is sentover the network andnot com-

pletely donnloadedaheadof time beforeplaying. There
is alsoconsiderableaudioandvideo contentavailable on
peerto-peerfile sharingsystems.Toolsto crawvl peerto-
peerfile sharingsystemsandanalyzemultimediacontent
found may provide valuableinsightsinto the useandsup-
port of suchfile sharingsystems.
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APPENDIX
A. Selectiorof Crawling Domains

TablelV shaws the numberof broadbandconnections
of Group7 of the report® and SouthKoreaby middle of
theyear2002. TableV shavs thetop 10 DSL connection
domainsby thethird quarterof 20022° By combiningthe
countriesfrom Group7 andthetop 10 countrieswith DSL
connectionswe can createa list of the mostbroadband
connectedlomainsin theworld, whichis the 11 countries
listedin TableVIl.

B. \alidation of our webcrawling methodolgy

We computedhe overlapbetweereachgiven URL set,
obtainedfrom starting crawling in in eachdifferentdo-
mains. The overlapratio from domain(A) to domain(B)
arecomputedrom thefollowing equation:

ratio(A— > B) = overlap(A, B)/sizeof (A) (1)

Table VI depictsthe results. Therefore,overlap ratio
from A to B might be different from the overlap ratio
from B to A. The rangeof the overlapgoesfrom 0.13%
to 42.81%.Theaverageof overlapratiois only 3.98%.

19point Topic Report. http://www.point-topic.com/cgi-bin/-
download.asp?file=DSLAnalysisBroadband+penetration.htm
20pgint Topic Report. http://www.point-topic.com/cgi-bin/-
download.asp?file=DSLAnalysisQ3+2002+DSLxtteonly.htm
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\ | DSL lines | Cablemodems| Total |

Canada 1,320 1,772 3,091

USA 5,252 8,534 13,786

Japan 3,301 1,620 4,921

Germary 2,570 41 2,611
France 731 217 948
UK 292 453 745
Italy 550 0 550

G7totals 14,015 12,637 26,652

SouthKorea 5,734 3,271 9,005

TABLE IV

DSL/CABLE MARKET REPORT (UNITS IN 1000’S)

\ | DSL lines |

SouthKorea| 6076.2

USA 5837.6

Japan 4223.2
Germary 2800
China 2220
Taiwan 1630

Canada 1462.1

France 882
Spain 747.8
Italy 700.4
TABLE V

DSL ONLY MARKET REPORT (UNITS IN 1000’S)

C. Samplingissues

In sectionlV, we analyzedthe major samplingissues
briefly. We will discusthoseissuesin moredetailin this
section.

C.1 Crawler Algorithm

Larbint usesa combined bread-firstand depth-first
searchingalgorithm. It usea configurablenumberof par
allel connection(5 in our setting)to following multiple
links. Due to the recursve methodologyof crawling, it
storesawaiting list sharedby all thethreadsandatthebe-
ginning of thatlist, mostof the URLs arefrom the same
groupof sites.In anothemword, the cravler needa period
of time to spreadthe tree width to the normal operation
size. Thereforewe considetrthis periodasthe“warmup”
time. Figure18 depictsthe numberof uniquesitesof each
3.4million URLs. We canfind outthewarminguptimeis
approximate? dataset,that's about6.8 million URLSs.

We also comparedthe absolutepercentageof media
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TABLE VI
OVERLAP RATIO FOR MULTIPLE STARTING PAGES

Repub.it |Times Nitt.jp BT.uk Empas.kr |Grupo.es |Espn Free.fr Real T-online.de |AOL Altavista |Gov.ca Hollywood |Sina.cn  [WMHome |News.tw

Repub.it 6.98% 8.64% 4.28% 4.45% 9.86% 7.94%| 12.91% 7.42% 4.97% 4.19% 6.46%| 10.91% 3.49% 1.05% 5.32% 0.70%
Times 3.27% 2.49% 1.43% 1.55% 8.46%| 10.22% 511%| 22.40% 7.44%| 13.86% 6.05% 3.97%| 16.15% 0.78%| 15.62% 0.25%
Ntt.jp 2.19% 1.35% 15.96% 4.13% 2.32% 5.43% 2.08% 9.32% 1.46% 3.93% 1.94% 1.85% 2.58% 0.20% 5.70% 0.88%
[BT.uk 2.90% 2.07%| 42.81% 3.91% 6.10% 3.26% 3.85% 5.45% 4.80%| 11.49% 6.93% 3.20% 1.84% 0.59%| 13.62% 3.61%
Empas.kr 2.62% 1.95% 9.61% 3.39% 2.62%| 19.64% 3.29% 6.94% 2.06% 5.19% 2.16% 1.85% 1.95% 5.50% 4.83% 6.17%
Grupo.es 4.37% 8.01% 4.06% 3.99% 1.97% 6.62% 8.01% 4.91% 11.92%| 17.49%| 15.40% 4.95% 5.34% 0.39% 2.28% 0.31%
Espn 2.81% 7.72% 7.60% 1.70%| 11.80% 5.28% 2.90%| 12.17% 6.08% 9.73% 6.45% 3.71%| 14.95% 0.59%| 10.32% 0.34%
Free.fr 12.79%| 10.80% 8.12% 5.62% 5.53%| 17.89% 8.12% 10.37% 12.79% 9.77%| 12.27% 9.68% 5.70% 0.78% 6.48% 3.11%
Real 2.84%| 18.30%| 14.09% 3.07% 4.51% 4.24%| 13.16% 4.01% 3.54%| 10.82% 4.07% 3.67%| 13.79% 0.47%| 19.00% 1.14%
T-online.d¢ 2.75% 8.78% 3.18% 3.91% 1.93%| 14.86% 9.50% 7.14% 5.11% 36.85%| 19.73%| 10.13% 2.89% 0.58% 3.57% 0.34%
AOL 1.60%| 11.31% 5.94% 6.47% 3.37%| 15.08%| 10.51% 3.77%| 10.81% 25.49% 21.05% 4.60% 6.47% 0.93%| 10.28% 0.37%
Altavista 3.83% 7.66% 4.55% 6.05% 217%| 20.59%| 10.81% 7.35% 6.31% 21.16%| 32.64% 6.57% 4.97% 0.93% 5.48% 0.52%
Gov.ca 8.48% 6.58% 5.70% 3.66% 2.44% 8.68% 8.14% 7.60% 7.46% 14.25% 9.36% 8.62% 8.55% 0.61% 4.61% 0.20%
Hollywood 1.72%| 17.01% 5.04% 1.34% 1.64% 5.94%| 20.84% 2.84%| 17.79% 2.58% 8.35% 4.13% 5.43% 0.69%| 21.23% 0.73%
Sina.cn 0.69% 1.09% 0.52% 0.58% 6.15% 0.58% 1.09% 0.52% 0.81% 0.69% 1.61% 1.04% 0.52% 0.92% 270%| 17.08%
WMHome 2.66%| 16.66%| 11.25%| 10.03% 4.10% 2.57%| 14.57% 3.27%| 24.81% 3.23%| 13.43% 4.62% 2.97%| 21.50% 2.05% 15.09%
News.tw 0.36% 0.27% 1.78% 271% 5.33% 0.36% 0.49% 1.60% 1.51% 0.31% 0.49% 0.44% 0.13% 0.76%| 13.19%| 15.37%
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Fig. 18. Crawler “warming” up period

URLs found in eachset, depictedin Figure 19. For the
datasetsafterthe first 6.8 million URLS, the overall per
centageof mediaURLSs found is nearly constantaround
0.5%, suggestinghat a larger numberof URLs will not
changeheresults.

C.2 Moreresultson percentagef mediaURLs

As we comparethe numberof startingpointandthege-
ometricallocationof the statingpoints,we found out that
the the startingpointsis not affected much by the num-
ber of startingpoints. Figure 20 depictsthat over 6 start-

ing pointsof datawill resultin arelative steadpercentage.

And asshavnin figure21, USA startingpointsproduceda
higheroverall percentagef mediaURLs thanthosestart-
ing point outsideUSA. However, the differenceis not big
enoughto beconsidered.

C.3 Effectsontail analysis

To evaluatethe effectsof samplingissueson our heary
tail analysis,we alsocomparethe complementarncumu-
lative distribution of thevideodurations.Thoseresultsare
shavnin figure22,figure23,andfigure24. By comparing

1 2 3 4 5
Data sets (3400K URLs in each set)

Fig. 19. Percentagef mediaURLs from eachdataset

the shapeof thetail in eachfigure, we concludethat after
crawling 10.2 million URLS, we cangeta steadyCCDF
tail shapewhile 12 startingpointsif we considetthenum-
berof statingpoints.

However, we getdifferentshapesn the comparisorof
USA and non-USA starting points. Non-USA datasite
comeupwith alongertail, whichmeanghedatafrom non-
USA startingpointshave a smallnumberof long duration
videoclips.

D. AdditionalResults
D.1 Crawling statistic

The Web crawling took placebetweenFeb 13, 2003to
March18,2003andtotally cravled 17 million URLs start-
ing from 17 differentdomains.

The numberof mediaURLSs for eachtype of mediaand
thenumberof uniguemediaURLs arelistedin TableVIIl.
The columnlabeled‘Percentageis the percentagef that
mediatype over the total numberof mediaURLs. The
columnlabeled‘Unique” is theratio of unigueURLs over
numberof URLSs of that particularmediatype. We can
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seethe mostpopularmediatype over the Internetis Real
NetworksmediaandMicrosoftWindows media.Foraudio
only URLs, themostpopularmediatypesareMP3s.

The mediaURLs distribution over the 17 domainsare
shawvn in Figure25. Over all domainsRealNetworks me-
dia hasthe largestpopulation,exceptin the datasetthat
startedin SouthKorea;that datasethasa slightly larger
portionof Microsoft Windows mediaURLSs.

Crawling times are highly relatedwith the round-trip
time from the sener to the crawling client. From Fig-
ure 26 we can seethat the Asian domainshave signifi-
cantlylongercrawling timesfor thesamenumberof URLs
(1 millions URLSs, in our experiments).

D.2 MediaURLs Validation

During analysis,the RealMedia, Windows Media and
Quick Time MediaURLs thatwe couldstreamwe labeled
as‘“valid”. Thevalid ratiosover all domainsandfor each
type of mediaclips areshavn in Figure27 andFigure28,



\ | Domains |
American CanadalUSA
Asian China,JapanSouthKorea,Taiwan
European|| FranceGermayy, Italy, Spain,UK

TABLE VI
M OST BROADBAND CONNECTED COUNTRIES

| MediaType || URLs | Unique | Percentage Unique |

RM 33443 | 23405 | 42.74% | 69.98%
WM 16360| 13948 | 25.47% | 85.26%
MP3 13566| 10277 | 18.77% | 75.76%
QT 2898 | 2137 3.90% | 73.74%
MPEG 2580 | 2155 3.94% | 83.53%
WAV 2201 | 1558 2,85% | 70.79%
AVI 1255 | 1073 1.96% | 85.50%
AU 406 209 0.38% | 51.48%
Total 72709| 54762 | 100.00% | 75.32%
TABLE VI

MEDIA URLS RESULTS

respectiely. To find out the relationshipbetweerinternet
traffic statusandthe validationrate,we consultedthe In-
ternettraffic reporf! during our mediaanalysis. We find
outdomainssuchasChinaandTaiwan have alower Traf-
fic Index?2. The Internettraffic statusmight be oneissue
thataffectinvalid ratio for the mediaURLSs.

From Figure 28, the differentmediatypeshave similar
valid ratios accordingto our analysis,with a valid ratio
around72%to 76%.

D.3 Analysisonunavailable URLs

As we discussen lastsection thereareapproximately
24% to 28% URLSs are unavailable but still beinglinked
to webpages.24%to 28%is a considerabldarge portion
of the whole crawling result. We performanothersimple
testson the erroreventscaughtfrom our Mediaanalyzer

We crawled 1 million URLs from Altavistaon Nov. 25,
2003, and appliedthe Media Analyzerto the URLs on
Nov. 26,2003 (Within 24 hours,identicalto whatwe did
in thisresearch)The Windows Media URL availablerate
is 73%,while the countof availableWindows MediaURL
437 out a total number601. Table VII-D.3 lists all the

2 http:/iwwwinternettraficreport.com/

22The Traffic Index is a unit to measureo Internettraffic status.The
higher the betterInternetcondition, meaninglow congestiondelay
andloss
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Errors Count | Percentage
Sourcefilter cant beloaded|| 53 8.8%
File notfound 46 7.8%
Cant connectsener 37 6.2%
AuthorizationFail 23 3.8%
others 5 0.8%
TABLE IX

ERROR RETURNED FROM UNAVAILABLE URLS

errorsreturnedfrom MediaAnalyzer

The mostunavailable URLs is dueto the “Sourcefilter
cant beloaded”. However, by manuallytestingsomeof
the URLs with “Filter” error, we found out thatthe error
is notcausedy filter in mostof the casesA few contents
providersuseembeddedVindons MediaPlayerin HTML
pageto playthecontentor useCGl to redirecttheconnect
requesto anotheHTML page.SinceWMP is notableto
openHTML pageusing mediafilter, it will generatehe
Filter error Thereforethe“filter notableto load” doesnt
really meanghemediaURL is unavailable. Thereforewe
didn't consideiit whenwe discusghemostpopularcauses
of URLs unavailable.

D.4 DuplicateURLs

We did someanalysison the percentagef duplicated
URLs andUniqueURLs. As shawvn in Figure29, the du-
plicated URLs may shav up in multiple datasets,even
thoughthey startedfrom differentstartingpages.We also
createdalist of the10 mostduplicatednediaclipsfor each
mediatype,shavn in TableXI.

The uniqueURLSs contritution from eachstartingpage
is anothelinterestingssueto examine.However, sincethe
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Starting page

crawling is not limited to a specificdomain,the country
startingpageis not necessarilya datasetentirelyin from

the country From Figure VII-D.4 we can seethe most
uniquepageare from non-EnglishspeakingAsian coun-
tries, while the U.S. andotherEnglishspeakingcountries
havefeweruniqueURLsfor eachdataset. Thisis evidence
of cultureandlanguagebarriersfor Websiteslinks.

D.5 Multiple Encoded_evel Analysis

Media encodedbit rateshad beendiscussedn Sec-
tion I11-B.1 andSectionlll-B.2, in detail. However, we put
togethera completerangeof datafrom our measurement
of Windows MediaandRealMedia. Theencodedit rates
weredividedin four ranges:<=56 Kbpsfor modemcon-
nections;56 Kbps -768 Kbps for generalbroadbandcon-
nections;768 Kbps- 1.5 Mbpsfor higherbroadbandand
T1 connectionand>1.5M for otherbroadbanc&ndLAN



| Media [ <=56K | 56-768K| 768K-1.5M | >1.5M |
RM Audio [ 93.0% [ 7.0% 0 0
RM Video || 31.5% | 67.2% 0.8% 0.5%
WM Audio || 83.4% | 16.6% 0 0
WM Video | 23.6% | 74.2% 1.8% 0.4%
All Audio || 90.8% | 9.2% 0 0
All Video || 27.9% | 70.4% 1.2% 0.5%
TABLE X

ENCODED BIT RATE RANGES
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Fig. 30. LiveandPre-recordednediafor eachtypeof media

connections.The completerangedistribution is shavn in
TableX. Theunitsarein Kbps.

D.6 LiveversusPre-Recorded

Figure 30 depictstheratio of live vs pre-recordeaon-
tentacrossthreestreamingmediaapplications.From our
mediaanalysisthereare2.3%live streamindJRLs out of
23,381total valid URLSs. Althoughall of the 3 majorcom-
mercialmediastreamingapplicationsupportive stream-
ing, mostlive contentis provided in Microsoft Windows
mediaandRealNetvorks mediaformats.

D.7 VideoAspectRatios

Figure 31 depictsa cumulative densitygraphof of as-
pectratios. Most of the video clips (70.1% out of all
videos) have an aspectratio that follows the Academy
Standardf Television (4:3 or 1.33:1). However, 7.1% of
videoshave anaspectatioof 11:90r 1.22:1,whicharethe
aspectratios of CIF (Commonintermediatd~ormat: 352
x 288) and QCIF (QuarterCIF: 176 x 144). The Quick
Time videoshave the largestrangeof aspectratios, most
of themarefrom HDTV (16:9or 1.78:1)andvariantfilm
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Fig. 32. Numberof entriesin eachmediaURL

standard$1.85:1,2.35:1,etc.).

D.8 Playlists

Both Windows Media Sener and Real Media Sener
provide supportfor senerside playlists on the media
seners. A sener-side playlistis usedto simplify the clip
managemenby the contentprovider and alsoto provide
additionalwrapperfunctions. Thesefunction canbe used
to specifyadditionalcontentto be playedout beforeor af-
terthecontentrequestedby theuser or to provide asingle
URL composedvith multiple itemsrequestedby the user

Figure 32 depictsa cumulatve density graph of the
numberof itemsin onemediaURL. The numberof items
in one mediaURL is typically 1, indicatingthe URL is
linked to the clip directly or the sener side playlist with
only oneitemin it.



300000

250000

200000

——

150000 4

100000 4

50000

Average highest endcoded bitrate (bps)

0

1 2 3 4 5 6 7
Number of streams in clip

Fig. 33. Level of encodedstreams/s. Max. encodeditrate

Others

RealAudio 3.0
8.15%

RealAudio 8
13.40%

RealAudio G2
41.81%

RealAudio 4.0
13.73%

RealAudio 5.0
16.85%
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D.9 Multiple encodedevel analysis

Wealsotriedto find somerelationshipbetweerthemax-
imum encodingbitrateandnumberof streamsn clip. As
seenin Figure 33, thereareno clearvisual corelationbe-
tweenthosetwo parametersThatis, evenalow encoded
bitrate clip could have a large numberof encodeditrate
levels.

D.10 CodecResults

Sectionlll-C discusseshe video codecsfor Microsoft
Windows video andRealNetvorks video. Figure 34, Fig-
ure 35 andFigure36 depictthe codecsusedfor RealNet-
worksaudio,Microsoft Windows audioandApple Quick-
Time video, respectiely.
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| Times || URLs

RM:
15 http://www.bbc.co.uk:80/erldserice/raws/sumnary.ram
15 http://europe.real.com:80/smil/vidme.snil
14 http://www.npr.org:80/atc3smil
14 http://www.bbc.co.uk:80/gthomemgeint/spot/vi/-/Inewsa/nEtrl/spat/bulletins/videadaily.ram
14 http://www.bbc.co.uk:80/go/hmemge/int/spat/au/{/newns/olmedia/¢a/spot/programmes/hulletins/dailyram
14 http://www.bbc.co.uk:80/gthomepage/in/news/vi/-Inewsa/rbcti/tvseq/r24 ram
14 http://www.bbc.co.uk:80/gthomepaye/in/news/au/fnews/olmedidcta/prays/rnbulletin.ram
13 http://www.undp.og:800/ramgen/a/ranzid.rm
13 http://www.npr.org:80/realmeth/nens2a.ran
13 http://www.npr.org:80/realmeti/24hour.ram
WM:
13 http://www.npr.org:80/windavsmeda/programstream.ax
13 http://www.npr.org:80/windavsmedia/ewscast.asx
13 http://www.nasdaqg.com:80/refenee/JetBlueNPP.Sun.wmv
13 http://www.nasdaq.com:80/referea/Cisco-htel-Staples.wmv
12 http://www.npr.org:80/webegerts/nprasx
12 http://www.nasdaq.com:80/refenee/DELL MSFT_SBUX.wmv
12 http://www.nasdaq.com:80/referee/Costco-Stdps-Starbicks.wwm
12 http://www.nasdaq.com:80/referee/ApgdiedMaterials-Costcdell.wmv
11 http://www.npr.org:80/webeerts/navs.auo.asx
10 http://www.naborg:80/corventions/nal2003exhibitors/video/avid.wmv
QT:
10 http://www.perl.0g:80/yap¢2002/movies/2®2-06-24-pell6-handvaving.mov
8 http://www.ischorg:80/webmes/bairne(03.mov.mov
8 http://www.ischorg:80/webmes/bairne@.mov.mov
8 http://www.ischorg:80/webmes/bairne0L.mov.mov
7 http://reason.com:80/ReasonMagazimv
7 http://alberta.indymedia.gr80/uploads/k/otororbust1.nov
6 http://planetmirrolcom:80/pin/movie trailers/L2Towers.mw
6 http://davnloads.varprecords.com0/tushwhacked2mov
5 http://www.gfdl.noaa.gu:80 jps/images/gallery/framnim title_A_D.qt
5 http://www.gfdl.noaa.gu:80/ jps/images/gallery/emila2_C_B_2x_q3.qt

TABLE Xl
Topr 10 DUPLICATED MEDIA URLS



