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Abstract— The increasingpower and connectivity of to-
day’scomputershavespurredthe growth in streamingaudio
and videoavailable on the Inter net thr ough the Web. While
thereis substantialresearch characterizing the performance
of streamingmediaand characterizing documentsstoredon
the Web,therehavebeenfew studiescharacterizing stream-
ing audio and video stored on the Web. We crawled over
17million Webpagesfr om keygeographiclocationsand ex-
tracted nearly 30,000streaming audio and video clips for
analysis. Using custombuilt 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 dominateall multimedia content,pri-
marily contentby RealNetworks followednext by Micr osoft
and with Apple following just behind MP3. The playout du-
rations of streaming audio and video clips are long-tailed,
suggestingstreamingmediamaycontributeself-similar traf-
fic on the Inter net. Mor e than half of all streaming media
clips on the Web are video, with 90% of videos targeted
for broadbandconnections.Video resolutionsare consider-
ably smaller than typical monitor resolutions,implying that
videobitrates, which aredir ectly relatedto resolutions,have
enormous potential to increase. The detailed results fr om
this study should be useful for futur e studiescharacterizing
the performance of streaming media on the Web and also
valuablefor thoseinterestedin generatingmoreaccurateIn-
ternet traffic simulations.

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

I . INTRODUCTION

Improvementsin thepower andconnectivity of today’s
computershave enabledthe growth in Web userswho
crossculturalandnationalboundariesto streammultime-
dia applicationsfrom far away Web servers to browsers
on their desktops.Whetherit is news, sportsor entertain-
mentclips, thenewestgenerationof Webusershavecome
to expect audio and video streamsat their fingertipsby
simply clicking on a browser link to automaticallystart
playingstreamingmedia.In 2001,RealNetworks[1] esti-

matedthat350,000hoursof onlineentertainmentwasbe-
ing broadcasteachweekover theInternet,andthis statis-
tic doesnot includethevolumeof additionalhoursdown-
loadedon-demandby Webusersaroundtheworld.

CAIDA [2] emphasizedin 2002 the significant frac-
tion of Internet link capacitiesthat were alreadybeing
allocatedto supportstreamingmediaapplications. An-
nouncementssuchasRealNetworks’ [3] pressreleaseto
supportthe advancementof streamingmultimediaappli-
cationsover wirelesscellular networks have addedto the
concernamong Internet performanceexperts about be-
ing ableto supporteven morereadily availableaccessto
streamingmediaclips throughtheWeb. This anxietyover
future streamingmediaapplicationssignificantlyrestrict-
ing performanceof otherWeb usershastranslatedinto a
variety of researchpapersthatproposenew network pro-
tocols [4], [5] or more sophisticatednetwork router al-
gorithmsthat seekto lessenthe impactof streamingme-
dia [6], [7], [8], [9]. Several recentresearchefforts [10],
[11], [12], [13], [14], [15], [16] have focusedon captur-
ing thecharacteristicsof currentstreamingapplicationbe-
havior to betterunderstandits impact. Only by knowing
thenatureof commercialstreamingproductsandhow they
typically streammultimediatraffic canresearchersbegin
to preparefor thenext generationof Webusers.

Unfortunately, thereis little recentpublishedwork on
the exact characteristicsof streamingmedia stored on
the Web. While there have beenstudiescharacterizing
Web content[17], [18] measuredat the client side,there
have beenno recentstudieson thegeneralcharacteristics
of streamingmediastoredat the Web server. In 1997,
AcharyaandSmith[19] characterizedvideocontentstored
ontheWebby analyzingeveryvideoavailablein the(then
popular)Alta Vista searchengine. However, the nature
of streamingmediahaschangedconsiderablysincethat
time. For example,Acharyaand Smith [19] found that
in 1997theInternetcouldnot supportreal-timestreaming
giventheencodedbitratesandavailablelast-miledataca-
pacities. Today, RealNetworks RealPlayerandMicrosoft
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MediaPlayer, two popularstreamingmediaproducts[20]
thatdid notevenexist in 1997,havesignificantlyimproved
Webusers’ability to streammultimediato homecomput-
ers.

Two papers,oneby Ousterhoutet al [21] andtheother
by [22], provide good exampleswhere fundamentalre-
searchon understandingthe natureof datastoredin file
systemsandstudyinghow thesefiles werelikely to beac-
cessed,proved to be influential in the designof new file
systemsanddistributedfile systems.The accessibilityto
mediaclips on the Web throughRealNetworks andWin-
dows Media Playershasreachedsucha statethat simi-
lar fundamentalresearchonthenatureof streamingmedia
storedon the Web is critical to understandingthe impact
of streamingtraffic on futureInternetperformance.

This investigationbuilt customizedtools to answerthe
following questionsaboutthecharacteristicsof streaming
mediastoredon theWebtoday:� Whatarethemostpopularstreamingtechnologies?Pre-
vious research[12] hasshown that proprietaryencoded
media products significantly differ in their impact on
streamingnetwork traffic, even whenthe productsutilize
thesamenetwork bitrates.Similar to thesituationin 1997
whenthe large userbasefor MPEG,AVI andQuickTime
wasan obstaclefor incomingstreamingtechnologies,by
quantifying today’s dominant technologiesone can un-
cover currentobstaclesfor futuremediaapplications.� Whatare the relativeamountsof streamingaudioclips
versusstreamingvideoclips? Thetypeof media,whether
audioor video,hasalargeimpactonperformancerequire-
ments.Audio oftenrequiresonly modestbitratesbut typ-
ically hasvery discreteencodedbitrates. Video, on the
otherhand,is often bitrate-hungryandcanstreamover a
wide rangeof encodedbitrates.� Are streaming media playout durations long-tailed?
Self-similar traffic is difficult to manageand therehave
beena numberof studiesof Internettraffic patternsthat
suggestself-similarity(see[23] for a survey). Long-tailed
distributions of transfertimes [24], [25], [26] may con-
tribute to the self-similarity of Internettraffic. Similarly,
if thedistribution of streamingmediaplayoutdurationsis
long-tailed, then streamingmediamay contribute to In-
ternet traffic self-similarity, especiallyas the fraction of
streamingmediagrows.� Whataretypicalstreamingmediatargetbitrates?When
encoded,streamingmediaclips have a target bitrate that
hasa direct impacton the network traffic rate the media
will havewhenstreamed.Videotargetbitrates,in turn,are
influencedby suchparametersasframeresolution,frame
ratesand color depth. Knowledge of typical target bi-
tratesprovides insight into the strategies that mediacon-

tent providersuseto dealwith limited capacitiesat last-
mile connections.� What fraction of the many streaming media codecs
availableare beingused? Innovative compressiontech-
nologiesin new codecshave thepotentialto deliverhigher
quality video with lower bitrates. Moreover, new codecs
incorporatetechnologiesthatyield moresophisticatedbe-
haviorsthatadaptto network conditionsto improvequality
andperformance.Understandingthe percentageof older
codecsthat persiston the Internet provides information
as to the speedat which new codectechnologiesarede-
ployed.

This paper provides detailed information to answer
thesequestionson streamingmediacharacteristicson the
Webtoday. Sincecommercialproductshave hadasignifi-
cantinfluenceonstreamingtraffic, ouranalysisfocuseson
commercialstreamingproductssuchasMicrosoft’sMedia
Player, RealNetworks’ RealPlayerandAppleQuickTime.
Unlike other measurementstudiesthat have viewed real
streamingtraffic by monitoring behavior nearclients or
servers[10], [13], [14], [27], [28], this investigationseeks
the wider perspective of reviewing streamingcontentat
mediaserversworld-wide.While thereis substantialaudio
andvideocontentstoredonpeer-to-peer(p2p)file sharing
systems[29], [30], this contentis not typically streamed
at a targetbitrate,but is typically first downloadedasfast
ascapacitywill allow andsubsequentlyplayed.Thus,the
network traversalbehavior for p2pfile sharingsystemsis
moresimilar to bulk file transferthanto streaming.Since
this study is focusedon the characteristicsof streaming
mediathat is playedout in real-time,analysisof thecon-
tent characteristicsof audioandvideo storedon p2p file
sharingsystemsis left asa futureproject.

We built a specializedcrawler that launchedfrom 17
carefullyselectedstartingpointsacrosstheWebandthen
traversedover 17 million URLs, extractinguniqueURLs
specificto streamingmedia. Our custom-built tools cap-
turedinformationfrom nearly30,000of themediaURLs,
recordingspecificmediaparametersthathave a direct im-
pact on Internet performance. Analysis on the number
of startingpointsandthe numberof URLs crawled from
eachstartingpointsuggeststhatcharacterizationsbasedon
these30,000sampledclipsarerepresentative of streaming
mediastoredon theWebat large.

The resultsof this datagatheringindicatethat the vol-
umeandrelative amountof streamingmediastoredon the
Web has increasedenormouslysince1997. Proprietary
contentis the mostprevalent,with RealNetworks having
by far themostencodedmediastoredon theWebandMi-
crosoftMediaalonein secondplace.Most streamingme-
dia clips arerelatively short,but have adistribution with a
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long tail. Applicationof proposedlong-taileddistribution
tests[31] lendscredenceto thebelief thatstreamingmedia
playoutdurationsarelong-tailedandthusmaycontribute
to theself-similarnatureof Internettraffic. Analysisof the
storedvideoclips shows thatmany videoson theWebare
encodedfor significantlylowerresolutionthancanbesup-
portedby typicalmonitors.Thissuggeststhepotentialfor
theInternetto seesignificantincreasesin videobitratesas
lasthopconnectionsimprove.

Theresultsfrom this work areusefulto provide guide-
linesfor choosingrepresentativesamplesof streamingme-
dia clips in empirical Internetmeasurementstudiesthat
desireto characterizethe behavior of commercialmedia
streamingtraffic over the Internet,suchas in [32], [16],
[33], [11], [12], [15]. Moreover, theresultsfrom thiswork
canalsobeusedto generatemoreaccuratetraffic models
of streamingmediafor largescaleInternetsimulations.

This paperis organizedasfollows: SectionII discusses
the crawling methodologyusedandthe customtools de-
velopedto measurethecharacteristicsof streamingaudio
andvideo availableon the World Wide Web; SectionIII
analyzesthe resultsof an extensive effort to searchthe
Webfor streamingmedia,including insight into theover-
all characteristicsof streamingaudio and video clips on
theWebtoday;SectionIV discussesInternetsamplingis-
suesrelatedto this investigation;SectionV considersthe
applicationof thesefindingsto futureresearch;SectionVI
putsforth conclusions;andSectionVII proposespossible
futurework.

I I . METHODOLOGY

Weusedthefollowing methodologyto collectextensive
information on the natureof streamingmedia currently
storedthroughouttheWorld Wide Web:

� We createda customizedWeb crawler, Media Crawler,
to searchfor andcollecttheURLsof freelyavailableaudio
andvideoclips. (seeSectionII-A)� Wedevisedastrategy for obtainingarepresentativesam-
ple of availablestreamingaudioandvideoclips storedon
theWorld Wide Web. (seeSectionII-B)� We developedtools andtechniquesfor collectingchar-
acteristicsof thestreamingaudioandvideo contentfrom
theURLs extractedby MediaCrawler. (seeSectionII-C)� We startedstreamingfor eachURL in thecompleteset
of uniquestreamingmediaURLsto performpacketheader
analysisand uncover thosecharacteristicsof streaming
audio and video that impact performanceof multimedia
streameddirectly from Webpages.(seeSectionIII)

MediaType Extension

AVI .avi
AU .au,.snd
MP3 .mp3,.m3u
MPEG .mp(e)g,.mpv, .mps,.mpe,.m2v, .m1v
MPEG-4 .mp4,.m4e
MPEGAudio .mpega,.mpa,.mp1,.mp2
QuickTime .mov, .qt
RealMedia .ra,.rm, .ram,.rmvb,.smil
WAV .wav
WindowsMedia .asf,.asx,.wma,.wmv, .wax,.wvx

TABLE I
AUDIO AND V IDEO URL EXTENSIONS

A. MediaCrawler

We modified Larbin1, an open source, generalpur-
poseWeb crawler, to createa specializedcrawler, Media
Crawler, designedto extractaudioandvideoURLs while
crawling the Web. Starting from a specifiedroot URL,
MediaCrawler recursively traversesembeddedURLs and
identifiesby protocoltypethoseURLsthatreferto stream-
ing audioandvideocontent.For example,Microsoft Me-
diaServices(MMS) usesmms:// astheprotocoltypeand
RealPlayer, QuickTime, andthenewestversionof Media
Playerusertsp:// to indicatethatthey areusingRTSP,
theRealTimeStreamingProtocol2.

Dueto currentfirewall restrictions[27], audioandvideo
aresometimesstreamedover HTTP. ThusMediaCrawler
was designedto also examine URL extension to find
streamingmediaclips. TableI itemizesthesetof URL ex-
tensionsthatMediaCrawler usesasanindicatorof stream-
ing mediacontent.We chosethis setof extensionsby ex-
tractingthelist of standardfile typeextensionsthatappear
in file operationdrop-down list boxesin mostcommercial
mediaplayers.

Sinceourobjectivewasto createalist of uniquestream-
ing media URLs and to avoid crawling loops, Media
Crawler maintainsa datastructureof previously crawled
URLs. Eachtime a new URL is reached,Media Crawler
must searchthe data structureto determineif this new
URL hasalreadybeenencountered.Hencethe time to
determinewhethera newly encounteredURL is unique
grows with the numberof previously identified unique
URLs. This wasa factorin choosinga strategy of serially
launchingMedia Crawler from multiple starting points
rather than crawling more extensively from one starting
point.�

http://larbin.sourceforge.net�
http://www.rtsp.org/
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B. StartingPages

The growth of streamingmultimediaover the Web is
tightly coupledwith the availability of high bitrateInter-
netconnections.Consequently, in selectingmultiple start-
ing pointsfor MediaCrawler theobjective wepickedpop-
ular Web pagesthat are likely to be accessedby well-
connectedusers.Sinceanothergoal of this investigation
was to not only considerstoredstreamedmedia that is
readily accessedfrom clients in the USA, startingpoints
were selectedfrom Web siteshostedfrom the ten most-
wiredcountries(excludingtheUSA) basedondatafrom a
marketanalysisreportonbroadbandpenetration[34]. This
schemeprovides for a morerepresentative setof charac-
teristicsfor streamingmediastoredthroughouttheWorld
Wide Web. Secondarily, geographicallydispersedstarting
pagesreducedtheoverlapin thesearchspacebetweenthe
individual crawl instances.

Weconsultedareportby Nielsen,3 thetelevisionandIn-
ternetratingscompany, to determinethetop tenWebsites
in eachcountryandto guidethe selectionof crawl start-
ing pointsbothinsideandoutsideof theUSA. For any top
ten wired countrieswhereNielsenprovided no informa-
tion, we selecteda populardomesticnewspaperor news
portal asthe startingpage. Sincethe UnitesStatesis the
mostwired country, we alsochosesevenUSA Webpages
asstartingpoints. Theseseven Web pageswereselected
from themostpopularWebsitesthat includedthefollow-
ing specificWebpagetypes:news, sports,entertainment,
Internetportal, searchengine,andstreamingmediatech-
nology. Table II lists the 17 startingpagesusedin this
research,listed in alphabeticalorderby country. In Sec-
tion IV, we analyzetheimpactof thenumberandspecific
choicesfor startinglocationson the statisticalvalidity of
this investigation.

Beginning from each distinct starting page, Media
Crawler proceededto crawl URLs until it discoveredone
million uniqueURLs whereuponit createdan outputfile
containinga list of URLs that refer to streamingmedia
objects.While MediaCrawler recordsuniquemultimedia
URLswithin asinglecrawl, it is possiblethatcrawls start-
ing from differentplaceson theWebwill overlapandpro-
ducethe samemultimediaURL on multiple outputfiles.
Thus,wewroteaseparateprogramto createthefinal setof
uniquemultimediaURLs acrossthe17 one-millionURL
datasets.SectionIII-A presentsadiscussionof theamount
of overlapin multimediaURLs betweenpairsof datasets.

An additionalproblemin gatheringstoredWeb pages
for this study is the fact that referencesto specificWeb
content can becomeinvalid for many reasonsinclud-�

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

Domain StartingPage URL

Canada CanadianGovernment canada.gc.ca
China Sina.com sina.com.cn
France Free.fr free.fr

Germany T-Online t-online.de
Italy RepublicaDaily republica.it
Japan NTT Communications ntto.co.jp
Korea EmpasSearchEngine empas.com
Spain GrupoIntercom grupointercom.com

Taiwan ChinaTimes news.chinatimes.com
UK British Telecom bt.com
US AmericaOnline aol.com
US Alta Vista altavista.com/video
US ESPNSports espn.com
US HollywoodOnline hollywood.com
US New York Times times.com
US RealNetworks real.com
US WindowsMediaHome windowsmedia.com

TABLE II
MEDIA CRAWLER STARTING PAGES

ing contentrelocation,contentremoval, contentdamage,
server failure, routing failure andothererrors. To mini-
mizethenumberof invalid URLs causedby relocationor
removal of Webcontent,oursecondstageanalysisthatin-
cludingstartingupeachof theaudioandvideoURLs was
conductedlessthan24hoursafterthefinal setof multime-
dia URLs wasproduced.

C. Measurementof ContentCharacteristics

Oncethe set of valid mediaURLs wereobtained,the
next stepwasto usespecializedtools to individually ac-
cesseachof themediacontentobjectsto collect informa-
tion on the relevant audioandvideo clips suchasencod-
ing format, target bitrate,duration,framesize,codecand
otherproperties.To automatethis datagatheringprocess,
severalcustomizedtoolswerebuilt from avarietyof com-
mercial applicationSoftware DevelopmentKits (SDKs),
opensourceprograms,andcustombuilt components.4

To analyzeRealMediacontent,we built two new tools.
First, we build a customtool, RealAnalyzer, using Mi-
crosoft Visual C++ and the RealNetworks SDK5 that is
providedby RealNetworksfor customizedRealPlayerde-
velopment.The SDK comeswith documentation,header
filesandsamplesthatexposetheinterfacesusedin theRe-
alPlayerstreamingcoreandenablesdevelopmentof new
tools andapplicationsthat canstreamRealmedia. Real�

Thecompletesetof tools,includingsourcecode,canbedownloaded
from http://perform.wpi.edu/downloads/#video-crawler�

http://www.realnetworks.com/resources/sdk/index.html
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Analyzergatherscontentdescriptioninformationsuchas:
URL, encodedbitrate, duration, resolution, live or pre-
recorded,title, andcopyright.

Second,wedevelopedacustomtool,TestPlay, to gather
RealPlayercontentstatistics.An original versionof Test-
Play is available with the RealPlayerSDK underthe di-
rectorysdk/samples/intermed/testplay. Test-
Play allows the measurementof contentencodinginfor-
mationincludingthenumberof sources,encodedbitrates,
andcodecinformation. With furthermodificationsto Re-
alAnalyzerandTestPlayto enablethemto usea playlist
of URLs, the combinationof TestPlayandRealAnalyzer
providesa meansof automatedmeasurementof themajor
characteristicsof RealMediacontent.

To analyzeWindows Mediacontent,we developedtwo
othercustomtools, similar to thosefor RealMedia. The
first customtool,WindowsMediaAnalyzer, usesMicrosoft
Visual C++ and the Windows Media Encoder9 Series
SDK6 providedby Microsoft for customizedMediaPlayer
development. Windows Media Analyzergatherscontent
information including: URL, encodedbitrate, duration,
resolution,live or pre-recorded,title, andcopyright. We
createdasecondcustomtool, Wmprop to gatherWindows
MediaPlayercontentstatistics.An original versionof the
tool is availablewith theWindows MediaSDK underthe
directory WMSDK/WMFSDK9/samples/. Wmprop al-
lows the measurementof contentpropertiesanalogousto
thoserecordedby TestPlay.

Finally, weusedMPlayer,7 anopensourcetool thatruns
on the Linux operatingsystem,to analyzeApple Quick-
Timecontent.WhenplayingQuickTimecontent,MPlayer
producedresolution and codec information. However,
MPlayer could not determinethe encodedbitrate of the
QuickTime content.

I I I . ANALYSIS

Thefirst phaseof this investigationconsistedof initiat-
ing 17 distinctMediaCrawler runsfrom WorcesterPoly-
technicInstitute (WPI)8 betweenFebruary13, 2003and
March 18, 2003. Table II lists the individual starting
points for eachof the 17 Crawler instances. Eachexe-
cutionof MediaCrawler searchedtheWebuntil onemil-
lion different URLs were reached.9 The total execution
time for eachCrawler instancedependsuponthestarting
point. Thecrawl beginningfrom thestartingpointwith the�

http://www.microsoft.com/windows/windowsmedia/create.aspx	
http://www.mplayerhq.hu/homepage/design6/info.html

WPI network configuration data can be found at:

http://www.wpi.edu/Admin/Netops/infrastructure.html.�
The complete set of URLs obtained can be downloaded from

http://perform.wpi.edu/downloads/#video-crawler.

largestround-triptime from WPI10 (namely, sina.com.cn
in China) took approximately24 hourswhile several of
the closersitestook aboutfour hours(see[35] for more
details).

Theanalysisof thecollectedstreamingmediainforma-
tion proceededin four stages:� First, we performedaggregateanalysison thecomplete
list of mediaURLs producedby MediaCrawler from sev-
eral perspectives. Coarsely, we studiedthe distribution
of multimediaURLs clusteredper server and then con-
ducedfinergrainanalysisin determiningthemostpopular
streamingtechnologies.SeeSectionIII-A.� Second,the next phaseof the dataanalysisfocusedon
relative proportionsof contentcreatedby themajorcom-
mercial streamingproducts: Real Media, Windows Me-
dia, and Apple QuickTime Media. Using customtools
describedin SectionII, we collectedcontentinformation
from eachof the streamingmediaclips. We determined
the relative amountof audioandvideo for streamingand
usedcontentdurationinformation to test the hypothesis
thataudioandvideoplayoutdurationsarelong-tailed.See
SectionIII-B.� Third, we consideredlower level streamingmediachar-
acteristicsthat impactstreamingtransmissionrates. This
analysisincluded encodedbitrates, resolutions,and the
mediacodecsusedto encodeboth streamingvideo and
streamingaudio. SeeSectionIII-B.1 andSectionIII-B.2,
respectively.� Fourth,we consideredthe significanceof the sampling
sizeontherepresentativenessof thedatagatheredfrom the
17 crawler executions. We evaluatedthe impactof such
experimentaldecisionsas the numberof URLs crawled,
thenumberof startingpoints,andthegeographiclocation
of startingWebpageson theresults.SeeSectionIV.

A. AggregateAnalysis

Priorto aggregateanalysis,weremovedduplicateURLs
from the17 distinct1-million URL datasets,resultingin
11,533,849uniqueURLs (see[35] for detailson theover-
lap of URLs from eachset). From the uniqueURLS, a
setof 54,762URLs wereidentifiedasstreamingmediaby
using standardindicatorsof mediaplayer typesand the
setof URL extensions,asdescribedin SectionII-A . In
1997,AcharyaandSmith[19] reportedfinding22,600me-
dia URLs out of the 25 million Web pages[36] indexed
by Alta Vistaat that time. Thus,the percentageof audio
andvideo objectsstoredon the Web hasmore thanfive-
fold from about0.09%in 1997to about0.47%in 2003.
Moreover, given that the Googlesearchenginecurrently�
�

WPI is physicallylocatedin Worcester, MA, USA.
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Fig. 1. URLsperWebServerandMediaURLsperWebServer
with StreamingMedia

indexesmorethan3 billion Webpages,11 onecanproject
that thereexist nearly15 million freely availablestream-
ing audioandvideoclips storedon theWebtoday. Note,
nothing in this investigationaddressespageson the Web
thataclient hasto payto reach.

Thecomplementarycumulativedensityfunction(CCDF)
of the numberof URLs found per server is given in Fig-
ure 1. The 11,533,849million uniqueURLs camefrom
712,104differentWebservers,with themediannumberof
URLs perserver over thesetof all serverscrawled being
only oneURL. The54,762uniqueaudioandvideoURLs
camefrom 4678differentservers,with themediannumber
of URLs perserver for thesetof serversthathadstream-
ing mediabeingabout4 mediaURLs perserver. Notethe
graphindicatesthatabout1%of thesetof streamingmedia
serversprovide 100or moremediaURLs perserver.

Figure 2 depictsthe averagepercentageof URLs for
eachmediatypewithin asetof onemillion URLs coming
from oneinstanceof Media Crawler. The averagecount
(outof onemillion URLs) for eachmediatypeis indicated
by thenumberaboveeachbar, with theerrorbarsdepicting
the standarddeviation acrossthe 17 setsof crawler data.
RealMedia is the mostpopularmediatype storedon the
Internettoday, accountingfor almosthalf of all streaming
mediaURLsandbeingtwiceasabundantasWindowsMe-
dia. QuickTime,MPEG,andAVI, themostpopularvideo
typesin 1997[19], make up only a combined10% share
of the videosin 2003. MP3, a popularstreamingaudio
format, is themostpopularnon-proprietaryformatandis
moreprevalentthanAppleQuickTime Media.���

http://www.google.com/,searching3,307,998,701Webpagesasof
December18,2003.
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B. Commercial ProductAnalysis

The RealNetworks Real Media, Microsoft Windows
MediaandApple QuickTime Mediacommercialproducts
accountfor about72%of theURLs in thecompletelist of
uniquemediaURLs collectedby Media Crawler. Given
the dominanceof thesethreeproducts,the decisionwas
madeto focusfurther detailedanalysisonly on the char-
acteristicsof thesethreestreamingproducts. Real Me-
dia, Windows Media and Apple QuickTime Media sup-
port both audio and video, and they all can streamboth
pre-recordedandlive audioandvideoover theInternet.

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 remaininguniquemediaURLs collectedby Media
Crawler wereclassifiedasunavailablewhenthedataanal-
ysisphasewasunableto reachaURL previously recorded
by the crawler. Furtheranalysis(see[35]) with our tools
asto why theseclips mayhave beenunavailableprovided
threeprimaryreasons:“cannotfind thespecifiedfile” 50%
of errors),“cannotconnectto theserver” 25%,and“autho-
rizationfailure” 10%.

Table III shows a breakdown of the count of accessi-
ble streamingmediaclips. All subsequentanalysisin this
paperis basedon thedataobtainedfrom these29,056ac-
cessiblemultimediaURLs.

While in principle, eachmediaURL canbe a playlist
with multiple streamingmediaclip entries,thedataanal-
ysis implies this occursinfrequentlyon the Web. Over
97%of theplaylistsreferto only onestreamingmediaclip
andonly about1% of playlistsrefer to 3 or morestream-
ing mediaclips (see[35] for moredetailedanalysison the
playlists).
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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 III
NUMBER OF STREAMING MEDIA CLIPS ANALYZED
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Fig. 3. Percentageof Audio andVideofor EachMediaType

Figure3 graphsthe percentageof audioandvideo for
eachof the threemajormediatypes.Overall, 43%of the
mediaclips were audio only, and 54% of the Real Me-
dia clips areaudio.Combininginformationfrom Figure2
andFigure3, it is clear that in the collectedURLs there
is moreRealAudio storedon the InternetthanMP3 au-
dio. Comparatively, lessthana third of Windows Media
is audioonly andvirtually no Apple QuickTime is audio
only. Dueto theinsignificantamountof QuickTimeaudio,
subsequentanalysisonly considersQuickTime video.

Our tools useattributesin the streamingmediaheader
to determineif themediais liveor pre-recorded.For Win-
dows StreamingMedia,thetypesidentifiedarebroadcast,
streamed,or downloadedwherebroadcastindicateslive
streamingandtheothertwo arearepre-recorded.For Real
Media,theheaderindicateseitherliveor pre-recorded.For
Quicktime, the duration is a very large (over 40 days),
fixed integer for live media. While all threemedia for-
matssupportboth live and pre-recordedstreamingcon-
tent, thevastmajority of theavailablestreamingclips are
pre-recorded.98% of all streamingmediaclips arepre-
recorded,with Real Media having about 2% live clips,
Windows Media having about3% live clips and Quick-
Timehaving lessthan1%live clips.
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During the duration analysisthree outlier clips with
a duration of 10 days (roughly an order of magnitude
longer thanthe next longeststreamingclip) wereuncov-
ered. Closer inspectionrevealedtheseclips were erro-
neoustext streamingwith anerrorin theirdurationlength.
Thesethreeclips wereremovedfrom all subsequentanal-
ysis.

TheCDF of thedurationof all theavailableaudioand
video clips is presentedin Figure 4. The main body of
the distribution of audioandvideo durationsaresimilar.
Moststoredaudioandvideoclipsarerelatively brief, with
amediandurationof about3 minutes(themedianis about
2 minutesfor videoand4 minutesfor audio).10%of au-
dio andvideoclipshaveadurationof lessthan30seconds,
while 10%have a durationover 30 minutes.This datain-
dicatesthatthedurationof videosstoredontheWebtoday
aresignificantly longer thanin 1997when90% of video
clips lasted45 secondsor less[19].

Self-similar traffic is difficult to manageand a long-
tailed distribution of transfertimesmay contribute to the
self-similarity of Internet traffic. If the distribution of
thedurationsfor storedstreamingclips is long-tailed,this
lendscredenceto the possibility that the distribution of
transfertimeson the Internetfor pre-recordedstreaming
transfersmay also be long-tailed. Note, this discussion
excludeslive streamingeventsthathave anundetermined
duration.Figure5 givestheCCDFof theaudioandvideo
durationdistributions to allow for clearerexaminationof
thetailsof thedistributions.

The definitive test for a long-taileddistribution is that
thesteepnessof theslopein theCCDFdoesnotincreasein
theextremetail but continueswith constantslope(theline
may becomejaggedas the numberof samplesbecomes
sparsebut theslopestaysthesame).Visual inspectionof
the durationdistributions in Figure5 implies that the du-
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rationsof the storedaudioandvideo clips may be long-
tailed. However, as discussedby Downey [31], certain
distributions,suchaslognormal,appearvisually to long-
tailedwhen,in fact,they arenot. Thecharacteristicdiffer-
encebetweena long-taileddistribution andonethatis not
long-tailedis thecurvature(a long-taileddistribution does
nothaveacurvedtail). To determinewhetherthedistribu-
tion of durationsfor thestreamingmediaURLs collected
in this studyis long-tailed,thecurvaturetestproposedby
Downey [31] wasapplied.Thedetailsfrom thefive steps
in thisprocessinclude:
1. Measurethe curvatureof the tail of the sampledistri-
bution, wherethe tail is definedas ���.�����������_����� .12

Curvatureis quantifiedby taking three-pointestimatesof
thefirst derivativeandfitting aline to theestimatedderiva-
tive. For the crawled mediaclips, the curvature of the
audiodistribution tail is 0.0378andthe curvaturefor the
videodistribution tail is 0.0505.
2. EstimatetheParetoslopeparameter, � , thatbestmodels
thetail behavior of thesampleusinga programdeveloped
by Crovella andTaqqucalledaest13 [37]. For themedia
clips, theestimateof � givenby aest is 1.006975for the
audiodistribution and1.000161for thevideodistribution.
3. Generate1000samplesfrom a Paretodistribution with
slopeparameter� , whereeachParetosamplehasthesame
numberof pointsthatarein thedatasample,� , andcalcu-
lates � , the meancurvatureof the 1000 samples.There
are ����� �¢¡¤£ ¥ � samplesin the audio distribution with�¦��§©¨�§ §¢ª«£¬ª«­ , andthereare �¦������¡¤® £ ® samplesin the
videodistribution with �¯�°§©¨�§ §±¥±²¢® ® .
4. Calculate³ , thedifferencebetweenthecurvatureof the� �

We alsotested́¶µ"·¹¸»º±¼¾½À¿(ÁÃÂÅÄ and ´¶µ"·¹¸Æº ¼Ç½À¿(ÁÃÈÃÉ and
ouroverall resultswerethesame.

� �
Downloadable from http://www.cs.bu.edu/faculty/crovella/-

aest.html.

original sampleand � . For thesetof crawled mediaclips,
theaudiodistributioncurvaturediffersfrom � by 0.032958
while the video distribution curvaturediffers from � by
0.046778.
5. Countthe numberof samplesout of 1000that have a
curvaturethatdiffersfrom � by asmuchas ³ . Thiscountis
thep-valuefor thenull hypothesis(that thesamplescome
from a long-taileddistribution). For the audiodurations,
498differ from � by ³ or moresothep-valueis 0.498,and
for thevideodurations,495differ from � by ³ or moreso
thep-valueis 0.495.

Thus, the relatively high p-valuesin step5 meansthe
null hypothesis,that thesamplescomefrom a long-tailed
distribution, cannotbe rejected. This meansstreaming
mediaplayout durationsmay be long-tailed. If one as-
sumesthat thesetof storedmediaclips areuniformly ac-
cessed,then the long-taileddistributions of the duration
of storedclips would lend supportto the conjecturethat
actualstreamedmediatransfertimesover theInternetare
alsolong-tailed.Thisphenomenonwouldcontributeto the
self-similarityof Internettraffic.

Note that the streamingplayout durationdistributions
do not includeany of the live contentthat thecrawler en-
countered.With live contentthestreamdurationmaynot
be known even by the encoder. Thus noneof the com-
mercial player APIs provide a mechanismto determine
thepossibledurationof a live stream.It is unclearwhere
along the distribution we shouldplacethesesamples,so
we ran additionalcurvaturetestswith manualplacement
of the clip durationsalong the durationCDF. We placed
the live clips beforethe tail, at the beginning of the tail,
andevenly along the tail and repeatedthe curvaturetest
eachtime. For all casestheoutcomeof thecurvaturetest,
namelythatstreamingmediadurationsmaybelong-tailed,
wasunchanged.However, while somelive contentavail-
ableon theInternetcouldbeshort,sinceusersmust“tune
in” at the time live contentis broadcast,live streamingis
likely long,14 thus making the streamingmediaduration
distributionsevenmorelong-tailed.

B.1 Video

Videocanoperateover a wide rangeof bitrates.Video
conferencesand low-bitrate videos streamat about 0.1
Mbps15; VCR quality videosstreamat about1.2Mbps16;
broadcastquality videosstreamat about2-4 Mbps17; stu-
dio qualityvideosstreamatabout3-6Mbps17; andHDTV� �

Velosoet al [14] analyzedlive streamsthat wereat least28 days
long.

� �
H.261andMPEG-4

� �
MPEG-1

� 	
MPEG-2
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Fig. 6. CDFof StreamingVideoEncodedBitrate

quality videosstreamat about25-34 Mbps17. Uncom-
pressedvideocanrequirehundredsandeventhousandsof
Mbps. Thus, video applicationspotentially can demand
enormousstreamingdata ratesthat are greaterthan the
availablenetwork capacity.

Figure6 providesCDFsfor theencodedvideo bitrates
for Windows MediaandRealMedia(asexplainedin Sec-
tion II, QuickTimeMediaencodingratescouldnotbecap-
tured). The medianencodedbitrate is around200 Kbps,
with themedianencodedbitratefor WindowsMediabeing
slightly higher than the medianencodedbitrate for Real
Media. Approximately29%of thevideosareencodedto
streamovera56Kbpsmodem,asubstantialincreasefrom
1997[19] whenfewer than1%of videoswereencodedfor
modembitrates.Nearly70%of thevideosaretargetedfor
broadband(56k - 768k),up from 50%in 1997. Approxi-
mately1% of thevideoshave bitratetargetsabove typical
broadbandconnections(768k - 1500k),andlessthan1%
havebitratetargetsaboveaT1 (1540k+),down from about
20%in 1997.

Thegeneralshift in targetencodedbitrates,with alarger
percentageof streamingvideostargetedtowardslower bi-
tratesevenwhile endhostbitrateshaveincreased,suggests
thatimprovementsin streamingtechnologiesmake it pos-
sibleto effectively sendstreamsat lowerbitrates.Thepre-
dominanceof videostargetedtowardsbroadbandconnec-
tionssuggestsendusersin thehomearethetypical target
audienceand that encodedbitrateswill increaseas last-
mile homeconnectionsincrease.

Techniqueswheremultiple target bitratesareencoded
into one video (such as with Windows Media “Intelli-
gentStreaming”andRealNetworks“SureStream”)arede-
signedto provide betterquality whena streamingmedia
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Fig. 7. CDF of Numberof Windows MediaStreamsEncoded
in OneClip

server scalesdown dueto the bitraterestrictionsandnet-
work congestion. A typical video streamwill have two
encodedstreams,onefor thevideoandonefor theaudio.
If thereare more than threestreamsin one clip, the as-
sumptionis thatthis clip hasmultiple encodedbitratelev-
els. Only our customizedWindows Media tool wasable
to determinethe numberof encodedbitrate levels. Fig-
ure7 depictsthecumulative densityof thenumberof en-
codedstreamsper Windows Media clip for the clips the
crawler found.Fromthemeasurements,wefoundapprox-
imately12.1%of Windows Mediaclips have multiple bi-
trateencodinglevels. Thelack of encodedbitratechoices
for amediaserverhassignificantramificationsonnetwork
quality of service.If thesevideosarestreamedover UDP
duringconstrainedbitrateconditions,their lack of scaling
optionsimplies thesemultimediaflows will be unfair to
competingTCPtraffic. Note thedistribution of Windows
Media encodedbitratelevels in Figure7 is in direct con-
trastto previously reportedresultsfor RealMediain [15],
where65%of theRealVideoclips hadmultiple encoded
bitratelevels.

Figure 8 focuseson the CDFs of the video clip reso-
lutions. The resolutionsshown were obtainedby multi-
plying frame width by frameheight for eachvideo clip.
Approximately70% of the videoshada standardaspect
ratio of 4/3. Theremaining30%of thevideoclips hadas-
pectratiosslightly above andslightly below 1.3 (see[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 different resolutionchoicesavailable in com-
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mercialmediaencodingproducts.Commercialmediaen-
codingapplicationsprovide default choicesfor resolution
andotherencodingparametersthataretypically guidedby
commonpractices.

Nearly half of the videos in Figure 8 have less than
half-screenresolutionandlessthan1% of thevideospro-
vide full-screenresolution.Thesesmallwindow sizesrel-
ativeto theresolutionsof typicaldesktopmonitorsis likely
dueto therelationshipbetweenresolutionandrequiredbi-
tratefor streaming.A videowith a resolutionof 320x240
will typically resultin bitrateson theorderof hundredsof
Kbps (the target bitratesshown in Figure6). Given cur-
rent typical desktopresolutionsof at least640x480cou-
pled with continualend-userdemandfor higher quality
video,thereis enormouspotentialfor increasingthesizes
of today’s streamingvideo frames. Additionally, future
advancesin codeccompressionalgorithmswill facilitate
larger framesizesfor the sameencodingrates. Onecan
also expect improvementsin network bitratesto provide
increasedavailablebitratesto streamingflows. This im-
plies future streamingtraffic with larger framesizesand
higherbitratedemandson theInternet.

B.2 Audio

Figure9 depictsCDFs for the encodedbitratesof the
streamingaudioclips for both Windows Media andReal
Media. Theencodedbitratesfor streamingaudioarelow
comparedwith the encodedbitratesfor streamingvideo
shown in Figure6. About 90%of streamingaudiois tar-
getedfor modems,with themedianencodedaudiobitrate
suitablefor streamingover older 28.8 Kbps modems.In
1999, an empirical study of streamingaudio at a popu-
lar Internetaudioserver [13] found 100%of the playout
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Fig. 9. CDFof StreamingAudio EncodedBitrate

ratestargetedat modembitrates. Approximately10% of
the streamingaudioin Figure9 is specificallytargetedat
userswith broadbandor higherconnections.Given that
playoutof CD quality audiorequireshundredsof Kbps,it
is likely thatthefractionof high streamingaudioencoded
bitrateswill increase. However, given the compression
ratesand listening quality of technologiessuchas MP3
(which typically streamsat 128 Kbps), it is unlikely that
audioencodingbitrateswill increaseabove thoserequired
by broadbandconnections.

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 supportsfaststreamingto smoothout
changesin the availablebitrateduring streaming.While
beneficialto users,thenetwork impactof newer codecsis
notalwaysclearlybeneficial.For example,WMv8 fills the
playoutbuffer at thetargetplayoutrate[12], while WMv9,
in a mannersimilar to RealPlayer[15], buffersat a signif-
icantlyhigherdatarate.

Figure10 andFigure11 capturesthebreakdown of the
codecsusedto createWindowsandRealNetworksstream-
ing videosin thesetof clips gatheredby thecrawler. The
actualshareof codecspaceoccupiedby a specificcodec
implementationin Figure10 is not particularlysignificant
exceptasaclearsnapshotin time,e.g.,WMv9 having only
2.31%of the recordedcodecsin May of 2003. However,
future studiesmay find this datavaluablein trackingthe
acceptabilityandchangein market penetrationover time
of suchinnovationsasWMv9.

Figure 10 shows the prevalenceof different versions
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Fig. 11. Breakdown of RealVideoCodecs

of the codecsfor Windows Media video. Of the codecs
shown, MS MPEG-4v3 andWM Video7 aretheoldest.
The latter is Microsoft’s implementationof the MPEG-
4 standardwhich is similar to the H.263 standard. MS
MPEG-4usesdiscretecosinetransformandmotion pre-
diction to encodeandcompressvideo content,being re-
namedWM Video 7 andreleasedin May of 2001. WM
Video8 wasreleasedsoonafterin Septemberof 2001,and
wastheonly Microsoftcodecuntil themostrecentversion,
9, releasedin Januaryof 2003.

Figure11 breaksdown the distribution of the different
versionsof theRealVideocodec.RealVideo8 dominates
in thespaceof codecsthatoperatewith RealPlayer. Sim-
ilar to WMv9, Real Video 9 is still not yet deployed in
significantamountsrelative to RealVideo8.

IV. SAMPLING ISSUES

In collectingdatafor largescalemeasurementstudieson
theWeb,thereareimportantissuesrelatedto thenumber
of samplescomparedto thesizeof theoverall population.
In 1997,researcherswereableto locateanddownloadall
videosfoundontheWeb[19], but todaythatis impractical.
Crawling the17million URLsusedin thisstudytookover
onemonth.At this pace,it suggestsit would take over 16
yearsto crawl over 3 billion pagescurrentlyon the Web.
Moreover, 200dayswouldbeneededto to actuallydown-
load via streamingjust the mediaclips analyzedin this
study. To downloadvia streamingall the freely available
multimediaclips on the Web would requirefour yearsof
continuousstreaming.Storingtheseclips for subsequent
useis equallyproblematic.

This sectionconsidersissuesrelatedto the sampling
anddatagatheringapproachusedin searching17 million
URLs with Media Crawler. To ascertainwhetherthis set
of URLs is an adequatesamplingof the Web, our strat-
egy wasto evaluatetheeffectsof smallersamplesizeson
the quality of the resultantanalysis. We consideredfour
specificquestions:� Is it possibleto obtain a sufficiently large numberof
sampleswith fewercrawler startingpoints?� Is it possibleto obtain a sufficiently 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 does the choice of starting points, in terms of
differentcultural locations,affect the overall distribution
shapes?

For eachof the 17 crawling startingpoints,virtual ex-
perimentswith fewer than one million URLs were con-
sidered. Beginning with 200,000URLs and proceed-
ing in incrementsof 200,000URLs, up to the full one
million URLS, we reviewed five separatedata-gathering
plateaus.Thus,thesmallestdatasethad3.4million URLs
( �_² � ®¢§ §©¡ § § § ), andeachsubsequentdatasetincreasesby
3.4million until thefull 17 million URL setwasreached.

For eachsetof mediaURLs foundby thecrawler hadit
stoppedat a given plateau,we determinedthepercentage
of eachtypeof media(similar to analysisin Figure2). Fig-
ure12 demonstratesthatat the10.2million URL plateau
andbeyond,all thepercentagesfor thevariousmediaprod-
uct typesremainconstant.This datasuggeststhat,at least
for this statistic,crawling more than17 million URLs is
not likely to changetheresults.Dataon theabsolutenum-
ber of mediaURLs found asthe crawler reachesthe five
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plateausyieldsvery similar results.
To drill down further, we alsoanalyzedthe impactof

the dataset size on the distribution of several important
mediaclip characteristics.Only theresultsfor videoplay-
out durationareshown here(see[35] for analysisof other
streamingmediacharacteristicsfor the different dataset
levels). Figure 13 presentsfive CDFs of video playout
duration. EachCDF is for onecrawler plateaufrom 3.4
million to 17 million URLs. Theremarkablesimilarity in
thedistribution of videoplayoutdurationsfurthersuggests
that thereis little quantitative benefitin the reliability of
theCDFto begainedby crawling longerto find largersets
of uniqueWebURLs.

The next issueconsideredwaswhetherthe numberof
startingpointswouldhaveasignificantaffectontheresults
obtained.From the 17 original startingpoints,datafrom
five separatesubsetsof randomlypicked startingpoints
wereanalyzed.In this case,all 1 million URLs from each
of 3, 6, 9, 12, and 15 randomlyselectedstartingpoints
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wereevaluatedwith respectto themediacompositionand
the video playout durationdistributions. Figure 14 de-
picts thevideocompositionversusthenumberof starting
points.For setswith 9 or morestartingpoints,thepercent-
ageof eachmediatypestaysrelatively constant.Crawling
from alargernumberof similarstartingpointsis not likely
to changetheresults.

Figure15 graphsthe video playoutdurationCDFsfor
the samestartingpoint subsetsusedin Figure 14. The
playoutdistributions areremarkablysimilar for all num-
bersof startingpointsexceptfor aslightseparationfor the
distribution having only 3 startingpoints. This suggests
that having more than 6 startingpoints will not signifi-
cantlychangethenatureandshapeof theCDF.

To ascertainthe effects of different cultural starting
points, the URL datawas divided into the set of URLs
obtainedby beginningthecrawl from any oneof theseven
USA startingpoints and the set of URLs obtainedfrom
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the10 startingpointsoutsidetheUSA. Figure16 depicts
thecompositionof mediaURLs for eachdatasetandFig-
ure 17 depictsthe durationdistribution of video playouts
for eachdataset.While thecompositionandplayoutdura-
tionsarenearlythesamefor eachdataset,therearesome
slight differences.For example,the USA startingpoints
have slightly moreWindows Media clips but fewer MP3
clips, but they have anequivalentpercentageof RealMe-
dia clips.

Combining the analysisof numberof URLs, number
of startingpoints,andcultural locations,onecould argue
thatfrom theusing9 or morestartingpointswith 600,000
URLs per startingpoint provides a large enoughsample
spaceto analyzethe characteristicsof storedstreaming
mediaon the Web. The graphsin this sectionlend cred-
ibility to our belief that having crawled 1 million URLs
from eachof 17 startingpoints,theresultantsamplesetof
uniqueURLs is on thesafesideof large“enough”.More-

over, thecumulative effect of all thefiguresin thissection
is to provide confidenceto thebelief thattheanalysispre-
sentedin this paperon thecharacteristicsof storedmulti-
mediaURLs is representative of theWebat large.

V. APPLICATION OF RESULTS

Thecharacteristicsof streamingtraffic uncoveredin this
paperarevaluableasa snapshotof thenatureof fully ac-
cessiblestoredmediaon theWebtoday. Furthermore,this
informationis quite usefulfor researcherswishing to de-
sign and conductexperimentsto evaluatethe impact of
streamingaudioandvideocontenton overall Internetper-
formance.

Conductingempiricalexperimentsinvolving streaming
videotraffic is difficult dueto variablenetwork conditions,
the setupcostsin deploying large numbersof streaming
clients, and the effort requiredto build, deploy and co-
ordinatethe instrumentationtools. Consequently, using
simulators,suchas NS-2 [38], hasbecomeincreasingly
common.Theresultspresentedin this paperareof value
to researchersdesigningsimulationstudiesthat want to
modelthenatureof streamingmediacrosstraffic in 2003.
Figure2 andFigure3 provide informationon thecurrent
ratio of streamingaudio and video traffic for commer-
cial productsand detaileddataon encodingtypes. The
shapeandstepsin thebitratedistributions,shown in Fig-
ure6 andFigure9 provideguidanceonchoosinganappro-
priatemix of bitratesto reasonablycapturethe behavior
of freely available streamingdownloadsfrom audio and
videoservers. Moreover, thedurationof streamingaudio
andvideoflows canbechosenfrom thedurationdistribu-
tionsin Figure4.

Theuseof commercialstreamingproducts,suchasthe
Microsoft Windows MediaPlayerandRealNetworks Re-
alPlayer, hasincreaseddramatically[20]. Understanding
theperformanceof commercialstreamingmediaproducts
plays an important role in understandingthe impact of
streamingmediaon the Internet. Figure2 providesguid-
anceon the most prevalent commercialproducts. Fig-
ures10and11offer insightconcerningthespeedatwhich
new mediaplayerproductspenetratethemarketplaceand
could influencethe choiceof which versionof a product
to study. Theresultspresentedin thispapermaybeuseful
for designingexperimentsfor studiessimilar to [32], [16],
[33], [11], [12], [15] that actively measureperformance
of commercialstreamingmediatechnologies.Suchstud-
iesmayevensamplefrom thelist of streamingmediaclips
thatwereanalyzedin thispaper,18 toavoid additionaltime-� 


The completeset of streamingmediaURLs can be downloaded
from http://perform.wpi.edu/downloads/#video-crawler
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consumingcrawling or morebiasedstreamingmediaclip
selection.

VI. CONCLUSIONS

Many researchersworry abouttheanticipatedlarge in-
creasein thevolumeof streamingmediathatwill besent
over the Internetin the nearfuture. Without dataon the
currentstateof availableWeb pages,it becomesdifficult
for network performanceexpertsto predictboththeshort-
termandthelong-termimpactof thisexpectedincreasein
network traffic on the stateof the Internet. Assumptions
areoftenmadein network modelsaboutthenatureof mul-
timediatraffic basedon studiesthatareseveralyearsold.
However, significantchangesin useraccesscapabilities
and improvementsin the techniquesemployed by com-
mercialmediaplayersmake it risky to useoutdatedchar-
acterizationsto representthecurrentbehavior of audioand
videoInternettraffic.

Thegoalof this researchis to provide theresultsof ex-
tensive datacollectionof streamingmediacontentavail-
able acrossthe Web. Armed with custom-built media
playeranalysistools, we crawled 17 million Web URLs
andcheckedfor validity, to yield nearly30,000uniqueau-
dio andvideoclips. We thencarriedout in depthanalysis
onthestoredclipsby partiallydownloadingtheinitial seg-
mentsof eachof theseclips to extract headerand other
characteristicinformation about the mediaclips. These
downloadsoriginatedfrom 4678distinctmediaserverson
whichaudioandvideoclipswerelocated.

By comparingwork in paststudies,we find that theto-
tal volumeof streamingmediastoredon the Web hasin-
creasedover 600%in the pastfive years. Moreover, the
fractionof streamingmediaobjectsstoredon theWebrel-
ative to otherobjectshasincreasedover 500%.

Theaggregatedataanalysisshows streamingaudioand
videocontentis dominatedby proprietarystreamingprod-
ucts,specificallyRealNetworksMediafirst andMicrosoft
Media second. Thereare relatively the samenumberof
freelyavailableaudioclipscomparedto videoclips. Given
thatvideoavailability is likely to bemoreconstrainedthan
audio availability becauselast mile connectionsare not
(yet) all broadband,one shouldexpect a shift in the fu-
ture towardshighernumbersof video sitesrelative to au-
dio sitesstoringmultimediaontheWeb. Thevastmajority
of streamingaudioandvideoURLsarepre-recorded,with
only avery smallfractionbeinglive.

Most storedstreamingmediaclips arerelatively brief,
lastingseveralminutesfor bothaudioor video. However,
the3 minutemediandurationtime is substantiallylonger
thanin 1997whentypicalvideoclipswereunder1 minute
in length. Thus,just from this increasein thedurationof

mediaflows, it is clearthat theimpactof streamingvideo
on theInternethasgrown substantially.

Despitegrowth of broadbandconnections,the fact that
the majority of audioencodedbitratestodayarestill tar-
getedto beacceptablefor modemconnectionsis a signif-
icant. Moreover, thedistribution of videobitratesimplies
that modemscanalsobe usedfor streamingsomevideo
clips. Having streamingcontentsuitablefor modemsis
a useful niche given that it is estimatedthat half of all
USA Internetsubscriberswill still usemodemsby theyear
2005[39]. However, themajority of video target bitrates
are broadband. Sincecurrentvideo resolutionsusedby
serversaresmall relative to typical monitor resolutions,it
canbeexpectedthatasnetwork bottleneckbandwidthsin-
crease,videotargetbitrateswill riseproportionally.

Thedatain this investigationindicatesthatcurrentme-
dia providerstendto adhereto “standard”picturedimen-
sions(suchas 320x240)and aspectratios (suchas 4/3)
whencreatingvideos.Therearesimilar “steps”in thedis-
tribution of audioencodingratesalong typical encoding
standards.

VII . FUTURE WORK

While theadvertisedtargetstreamingbitratespresented
in this report provide insight as to possiblenetwork im-
pact, the actualstreamingratesover the Internetmay be
quitedifferent. The level of responsivenessfor streaming
mediaflowsto Internetcongestionandperceivedavailable
bitrateis expectedto havealargeimpactonfuturenetwork
performance.TechnologiessuchWindows Media“intelli-
gentstreaming”andRealNetworks “SureStream”canbe
usedto provide multiple target bitratesin onestoredme-
dia object.Previouswork [15] suggeststhatsuchmultiple
bitratetechnologiesoccurin many video clips andmedia
playerscaneffectively choosethemosteffective bitrateto
usein responseto 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 resultspresentedheredepict detailson the
storageof audio and video on the Internet, they do not
provide detailson the actualstreamingof the storedau-
dio and video over a network. Futurework could com-
plementtheseresultswith measurementsof actualstream-
ing use. Suchefforts would be especiallyuseful if a me-
dia server with many audioandvideo encodingratesand
choiceswerespecificallystudied.Specifictechniquesthat
actively queryDNS cachessuchasin [40] could beused
to provide complementaryinformationaboutthepopular-
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ity of Websitessiteswith storedaudioandvideo.
Ourcrawling methodologyis specificallytargetedat lo-

catingandanalyzingstreamingmedia,that is, mediathat
will beplayedasit is sentover thenetwork andnot com-
pletely downloadedaheadof time beforeplaying. There
is alsoconsiderableaudioandvideo contentavailableon
peer-to-peerfile sharingsystems.Tools to crawl peer-to-
peerfile sharingsystemsandanalyzemultimediacontent
foundmayprovide valuableinsightsinto theuseandsup-
portof suchfile sharingsystems.

REFERENCES

[1] RealNetworksIncorporated,“RealNetworksFacts,” 2001,URL:
http://www.reanetworks.com/gcompany/index.html.

[2] Cooperative Associationfor Internet Data Analysis (CAIDA),
“Characterizationof InternetTraffic Loads,Segregatedby Ap-
plication,” Oct. 2002, [Online] http://www.caida.org/analysis/-
workload/byapplication/.

[3] RealNetworks, “RealNetworks and Major Media Compa-
nies Launch Streaming News, Sports and Entertainment
Content to Mobile Devices,” May 2003, Press Release.
http://www.realnetworks.com/company/press/releases/2003/-
mediaguides.html.

[4] Sally Floyd, Mark Handley, JitendraPadhye,andJorg Widmer,
“Equation-BasedCongestionControl for UnicastApplications,”
in Proceedingsof ACM SIGCOMMConference, 2000,pp. 45 –
58.

[5] RezzaRejaie,Mark Handley, and D. Estrin, “RAP: An End-
to-endRate-basedCongestionControl Mechanismfor Realtime
Streamsin theInternet,” in Proceedingsof IEEEInfocom, 1999.

[6] R. Mahajan,S. Floyd, and D. Wetherall, “Controlling High-
BandwidthFlows at the CongestedRouters,” in Proceedingsof
the 9th InternationalConferenceon NetworkProtocols(ICNP),
Nov. 2001.

[7] W. Feng,D. Kandlur, D. Saha,and K. Shin, “StochasticFair
Blue: A QueueManagementAlgorithm for EnforcingFairness,”
in Proceedingsof IEEEInfocom, Apr. 2001.

[8] Z. Cao,Z. Wang,andE. Zegura, “Rainbow Fair Queuing:Fair
BandwidthSharingWithout Per-Flow State,” in Proceedingsof
IEEE Infocom, Mar. 2000.

[9] Ion Stoica,ScottShenker, andHui Zhang, “Core-StatelessFair
Queueing:Achieving ApproximatelyFairBandwidthAllocations
in High SpeedNetworks,” in Proceedingsof ACM SIGCOMM
Conference, Sept.1998.

[10] M. Chesire,A. Wolman,G. Voelker, andH. Levy, “Measurement
andAnalysisof a StreamingMedia Workload,” in Proceedings
of theUSENIXSymposiumon InternetTechnologiesandSystems
(USITS), Mar. 2001.

[11] Yubing Wang,Mark Claypool,andZhengZuo, “An Empirical
Studyof RealVideo PerformanceAcrossthe Internet,” in Pro-
ceedingsof theACMSIGCOMMInternetMeasurementWorkshop
(IMW), Nov. 2001.

[12] MingzheLi, Mark Claypool,andRobertKinicki, “MediaPlayer
versusRealPlayer– A Comparisonof Network Turbulence,” in
Proceedingsof theACMSIGCOMMInternetMeasurementWork-
shop(IMW), Nov. 2002.

[13] Art MenaandJohnHeidemann, “An Empirical Study of Real
Audio Traffic,” in Proceedingsof IEEE Infocom, Mar. 2000,pp.
101– 110.

[14] EvelineVeloso,Virgilio Almeida,WagnerMeira,AzerBestavros,

and ShudongJin, “A HierarchicalCharacterizationof a Live
StreamingMedia Workload,” in Proceedingsof the ACM SIG-
COMM InternetMeasurementWorkshop, Nov. 2002.

[15] JaeChung,Mark Claypool,andYali Zhu, “Measurementof the
CongestionResponsivenessof RealPlayerStreamingVideoOver
UDP,” in Proceedingsof thePacket Video Workshop(PV), Apr.
2003.

[16] TianboKuangandCarey Williamson, “A MeasurementStudyof
RealMediaAudio/Video StreamingTraffic,” in Proceedingsof
ITCOM, jul 2002,pp.68–79.

[17] Tim Bray, “MeasuringtheWeb,” in Proceedingsof the4th Inter-
nationalWorld Wide WebConference, May 1996.

[18] Allison Woodruff, Paul Aoki, Eric Brewer, Paul Gautheir, and
LawrenceRowe, “An Investigationof Documentsfrom theWorld
Wide Web,” in Proceedingsof the4th InternationalWorld Wide
WebConference, May 1996.

[19] SoamAcharyaandBrianSmith, “An Experimentto Characterize
VideosStoredon the Web,” in Proceedingsof the ACM/SPIE
MultimediaComputingandNetworking(MMCN), Jan.1998.

[20] JupiterMedia Metrix, “Usersof Media PlayerApplicationsIn-
creased33 PercentSinceLast Year,” Apr. 2001, PressRelease.
http://www.jup.com/company/pressrelease-.jsp?doc=pr01040.

[21] J. Ousterhout,H.L. DaCosta,D. Harrison,J. Kunze,M. Kupfer,
andJ.Thompson,“A Trace-DrivenAnalysisof theUnix 4.2BSD
File System,” in Proceedingsof the10thSymposiumonOperating
SystemPrinciples(SOSP), Dec.1985.

[22] Mark Baker, JohnHartman,Michael Kupfer, Ken Shirriff, and
JohnOusterhout,“Measurementsof a DistributedFile System,”
in Proceedingsof the13thSymposiumonOperatingSystemPrin-
ciples(SOSP), Oct.1991.

[23] Kihong Park andWalterWillinger, Self-SimilarNetworkTraffic
and Performance, chapter1 (Self-Similar Network Traffic: An
Overview), Wiley Interscience,2000.

[24] VernPaxsonandSally Floyd, “Wide-AreaTraffic: theFailureof
PoissonModeling,” IEEE/ACMTransactionsonNetworking, vol.
3, pp.226– 244,1995.

[25] WalterWillinger, MuradTaqqu,RobertSherman,andDanlieWil-
son,“Self-Similarity throughHigh-Variability: StatisticalAnaly-
sisof EithernetLAN Traffic at theSourceLevel,” in Proceedings
of ACM SIGCOMM, Aug. 1995,pp.100– 113.

[26] Anja Feldmann,Anna Gilbert, Polly Huang, and Walter Will-
inger, “Dynamicsof IP Traffic: a Studyof theRoleof Variability
andtheImpactof Control,” in Proceedingsof ACM SIGCOMM,
Aug. 1995,pp.301– 313.

[27] JacobusVanderMerwe,SubhabrataSen,andCharlesKalmanek,
“StreamingVideoTraffic: CharacterizationandNetwork Impact,”
in Proceedingsof the7thInternationalWorkshoponWebContent
Caching andDistribution, Boulder, CO,USA, Aug. 2002.

[28] JacobusvanderMerwe,RamonCaceres,YanghuaChu,andCor-
macSreenan,“mmdump- A Tool for Monitoring InternetMulti-
mediaTraffic,” ACM ComputerCommunicationReview, vol. 30,
no.4, Oct.2000.

[29] StefanSaroiu,KrishnaP. Gummadi,RichardJ. Dunn,StevenD.
Gribble, andHenry M. Levy, “An Analysisof InternetContent
DeliverySystems,” in UsenixOperating SystemsDesignandIm-
plementation(OSDI), Oct.2002.

[30] S.Saroiu,P. Gummadi,andS.Gribble, “MeasuringandAnalyz-
ing theCharacteristicsof NapsterandGnutellaHosts,” Multime-
dia SystemsJournal, 2002.

[31] Allen B. Downey, “Evidencefor Long-Tailed Distributions in
the Internet,” in Proceedingsof the ACM SIGCOMMInternet
MeasurementWorkshop, Nov. 2001.

[32] S. BanerjeeZ. WangandS. Jamin, “StudyingStreamingVideo



16

Quality: FromanApplicationPointof View,” in Proceedingsof
ACM
���

Multimedia, nov 2003.
[33] Tianbo Kuangand Carey Williamson, “RealMediaStreaming

Performanceon an IEEE 802.11bWirelessLAN,” in Proceed-
ings of IASTEDWirelessand Optical Communications(WOC),
jul 2002,pp.306–311.

[34] Point Topic, “DSL Passes30m Lines Worldwide,” Dec. 2002,
[Online] http://www.point-topic.com/analysis.htm.

[35] MingzheLi, Mark Claypool,RobertKinicki, andJamesNichols,
“Characteristicsof StreamingMedia Stored on the Internet,”
Tech.Rep.WPI-CS-TR-03-18,CSDepartment,WorcesterPoly-
technicInstitute,May 2003.

[36] Danny Sullivan, “Search Engine Sizes,” [Online]
http://searchenginewatch.com/reports/sizes.html.

[37] Mark E. Crovella andMurad S. Taqqu, “Estimatingthe Heavy
Tail Index from ScalingProperties,” MethodologyandComputing
in AppliedProbability, vol. 1, no.1, pp.55 – 79,1999.

[38] Universiyof CaliforniaBerkeley, “The Network Simulator- ns-
2,” [Online] http://www.isi.edu/nsnam/ns/.

[39] Eric S. Brown, “BroadbandWalks the Last Mile,” Technology
Review, June2001,[Online] http://www.technologyreview.com/-
articles/printversion/brown060501.asp.

[40] Craig E. Wills, Mikhail Mikhailov, andHao Shang, “Inferring
RelativePopularityof InternetApplicationsbyActively Querying
DNS Caches,” in In Proceedingsof the Internet Measurement
Conference(IMC), Oct.2003.

APPENDIX

A. Selectionof CrawlingDomains

TableIV shows the numberof broadbandconnections
of Group7 of the report19 andSouthKoreaby middleof
theyear2002.TableV shows thetop 10 DSL connection
domainsby thethird quarterof 2002.20 By combiningthe
countriesfrom Group7 andthetop10countrieswith DSL
connections,we can createa list of the most broadband
connecteddomainsin theworld, which is the11 countries
listedin TableVII.

B. Validationof our webcrawling methodology

We computedtheoverlapbetweeneachgivenURL set,
obtainedfrom startingcrawling in in eachdifferent do-
mains.Theoverlapratio from domain(A) to domain(B)
arecomputedfrom thefollowing equation:

�������� ��!#" �%$ � �  �&(')��*��,+ ��! ¡�$ �(�.- ��/0', �1 ��!�� (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 overlapratio is only 3.98%.� �

Point Topic Report. http://www.point-topic.com/cgi-bin/-
download.asp?file=DSLAnalysisBroadband+penetration.htm� �

Point Topic Report. http://www.point-topic.com/cgi-bin/-
download.asp?file=DSLAnalysisQ3+2002+DSL+text+only.htm

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

Germany 2,570 41 2,611
France 731 217 948

UK 292 453 745
Italy 550 0 550

G7 totals 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

Germany 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 sectionIV, we analyzedthe major samplingissues
briefly. We will discusthoseissuesin moredetail in this
section.

C.1 Crawler Algorithm

Larbin1 uses a combined bread-first and depth-first
searchingalgorithm. It usea configurablenumberof par-
allel connection(5 in our setting) to following multiple
links. Due to the recursive methodologyof crawling, it
storesawaiting list sharedby all thethreadsandat thebe-
ginning of that list, mostof the URLs arefrom the same
groupof sites.In anotherword, thecrawler needa period
of time to spreadthe treewidth to the normal operation
size.Therefore,we considerthis periodasthe“warmup”
time. Figure18depictsthenumberof uniquesitesof each
3.4million URLs. Wecanfind out thewarmingup time is
approximate2 dataset,that’s about6.8million URLs.

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

2�354�6�798 : ;#<=: >�3�? @=; ; 8 A 4 BC<D8 6�E F=>G4IH�?�8 EIJLK�J 6�4�MC8 3�?NFC?�4�O P5J 3�3C8 Q JR2D3�H9S <CT M9O�S : OI3C8 U�3�V
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Fig. 18. Crawler “warming” up period

URLs found in eachset, depictedin Figure19. For the
datasetsafter the first 6.8 million URLs, the overall per-
centageof mediaURLs found is nearlyconstant,around
0.5%, suggestingthat a larger numberof URLs will not
changetheresults.

C.2 More resultson percentageof mediaURLs

As wecomparethenumberof startingpointandthege-
ometricallocationof thestatingpoints,we foundout that
the the startingpoints is not affectedmuch by the num-
berof startingpoints. Figure20 depictsthatover 6 start-
ing pointsof datawill resultin a relative steadpercentage.
And asshown in figure21,USA startingpointsproduceda
higheroverall percentageof mediaURLs thanthosestart-
ing point outsideUSA. However, thedifferenceis not big
enoughto beconsidered.

C.3 Effectson tail analysis

To evaluatetheeffectsof samplingissueson our heavy
tail analysis,we alsocomparethe complementarycumu-
lativedistribution of thevideodurations.Thoseresultsare
shown in figure22,figure23,andfigure24. By comparing
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Fig. 19. Percentageof mediaURLs from eachdataset

theshapeof thetail in eachfigure,we concludethatafter
crawling 10.2 million URLs, we canget a steadyCCDF
tail shape,while 12startingpointsif weconsiderthenum-
berof statingpoints.

However, we getdifferentshapesin thecomparisonof
USA and non-USA startingpoints. Non-USA datasite
comeupwith alongertail, whichmeansthedatafromnon-
USA startingpointshave a smallnumberof long duration
videoclips.

D. AdditionalResults

D.1 Crawling statistic

TheWebcrawling took placebetweenFeb13, 2003to
March18,2003andtotally crawled17million URLsstart-
ing from 17 differentdomains.

Thenumberof mediaURLs for eachtypeof mediaand
thenumberof uniquemediaURLsarelistedin TableVIII.
Thecolumnlabeled“Percentage”is thepercentageof that
mediatype over the total numberof mediaURLs. The
columnlabeled“Unique” is theratioof uniqueURLsover
numberof URLs of that particularmediatype. We can
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Fig. 22. VideoDurationandnumberof URLs
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Fig. 23. VideoDurationandnumberof startingpoints
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Fig.24. Videodurationfrom USA andnon-USAstartingpoints

seethemostpopularmediatypeover the Internetis Real
NetworksmediaandMicrosoftWindowsmedia.Foraudio
only URLs, themostpopularmediatypesareMP3s.

The mediaURLs distribution over the 17 domainsare
shown in Figure25. Overall domains,RealNetworksme-
dia hasthe largestpopulation,except in the dataset that
startedin SouthKorea;that datasethasa slightly larger
portionof MicrosoftWindows mediaURLs.

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

D.2 MediaURLs Validation

During analysis,the RealMedia, Windows Media and
QuickTimeMediaURLs thatwecouldstreamwelabeled
as“valid”. Thevalid ratiosover all domainsandfor each
typeof mediaclips areshown in Figure27 andFigure28,
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Domains

American Canada,USA
Asian China,Japan,SouthKorea,Taiwan

European France,Germany, Italy, Spain,UK

TABLE VII
MOST 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 VIII
MEDIA URLS RESULTS

respectively. To find out therelationshipbetweenInternet
traffic statusandthe validationrate,we consultedthe In-
ternettraffic report21 during our mediaanalysis.We find
out domainssuchasChinaandTaiwanhave a lower Traf-
fic Index22. The Internettraffic statusmight beoneissue
thataffect invalid ratio for themediaURLs.

FromFigure28, thedifferentmediatypeshave similar
valid ratios accordingto our analysis,with a valid ratio
around72%to 76%.

D.3 Analysison unavailableURLs

As wediscussesin lastsection,thereareapproximately
24% to 28% URLs areunavailablebut still being linked
to webpages.24%to 28%is a considerablelargeportion
of thewholecrawling result. We performanothersimple
testson theerroreventscaughtfrom ourMediaanalyzer.

Wecrawled 1 million URLs from Altavistaon Nov. 25,
2003, and applied the Media Analyzer to the URLs on
Nov. 26, 2003(Within 24 hours,identicalto whatwe did
in this research).TheWindows MediaURL availablerate
is 73%,while thecountof availableWindows MediaURL
437 out a total number601. Table VII-D.3 lists all the� �

http://www.internettrafficreport.com/���
TheTraffic Index is a unit to measureto Internettraffic status.The

higher, the betterInternetcondition, meaninglow congestion,delay,
andloss
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Errors Count Percentage
Sourcefilter can’t beloaded 53 8.8%

File not found 46 7.8%
Can’t connectserver 37 6.2%
AuthorizationFail 23 3.8%

others 5 0.8%

TABLE IX
ERROR RETURNED FROM UNAVAILABLE URLS

errorsreturnedfrom MediaAnalyzer.
ThemostunavailableURLs is dueto the“Sourcefilter

can’t be loaded”. However, by manuallytestingsomeof
the URLs with “Filter” error, we found out that the error
is not causedby filter in mostof thecases.A few contents
providersuseembeddedWindowsMediaPlayerin HTML
pageto playthecontentsor useCGI to redirecttheconnect
requestto anotherHTML page.SinceWMP is notableto
openHTML pageusingmediafilter, it will generatethe
Filter error. Therefore,the“filter notableto load” doesn’t
reallymeansthemediaURL is unavailable.Therefore,we
didn’t considerit whenwediscussthemostpopularcauses
of URLs unavailable.

D.4 DuplicateURLs

We did someanalysison the percentageof duplicated
URLs andUniqueURLs. As shown in Figure29, thedu-
plicatedURLs may show up in multiple datasets,even
thoughthey startedfrom differentstartingpages.We also
createdalist of the10mostduplicatedmediaclipsfor each
mediatype,shown in TableXI.

TheuniqueURLs contribution from eachstartingpage
is anotherinterestingissueto examine.However, sincethe

����� �;��� ����� ����� ����� �;���

�_�;� ����� �E�b� �_��� �;��� �����

���
�����
�����
�����
�����
�����
�����
�����
�����
�����

� � �k� �n�
�q���b� �v�� _¡��

¢ £¤
¥£¦
§ ¨©£
ª«¬

­�® ¯ ° ± ² ³ ´ µ ¶ ·;¸ ± ¹ ® µ

Fig. 29. Duplicatedanduniquefor eachmediatype

º�»
¼�º�»
½�º�»
¾�º�»
¿�º�»
À º�»
Á�º�»
Â º�»
Ã�º�»
Ä�º�»

Å Æ Ç È ÉÊ ÇË�Ì Í;Î É
Ï Í
ÐbÑ_Ò È Î É

Ó Ô Ë Ï Ï ÉÕ ÒÖ Ì Ò ×
Ø ÉÆ
Ï
Ù�Ú Û ÉÊ ÈÙ�Ô × Ò

Ú ÉÌ Î Ü Æ Ñ Ì Î Ý Ô Ì Ì É
Þ Ô Ð Î Ò Çß Ú à à á Í

Ú Ú â Ö Ì È à
ÜBã Ú Ç à Æ Ç

Ì Éâ
Ìåä�æEç�è Ü É×

Ó
ä à Ï È Û Æ Î

Ï Èéiê ß Ú Ñ
Ì

ë�ì í�î ì ï ð�ñóò�í�ñ�ô

õ ö÷
øöùú ûü
öý
þ ÿù
� �ø
�� ��
���

crawling is not limited to a specificdomain,the country
startingpageis not necessarilya datasetentirely in from
the country. From Figure VII-D.4 we can seethe most
uniquepagearefrom non-EnglishspeakingAsian coun-
tries,while theU.S.andotherEnglishspeakingcountries
havefeweruniqueURLsfor eachdataset.Thisisevidence
of cultureandlanguagebarriersfor Websiteslinks.

D.5 Multiple EncodedLevel Analysis

Media encodedbit rateshad beendiscussedin Sec-
tion III-B.1 andSectionIII-B.2, in detail.However, weput
togethera completerangeof datafrom our measurement
of Windows MediaandRealMedia.Theencodedbit rates
weredividedin four ranges:�
	 56 Kbpsfor modemcon-
nections;56 Kbps -768Kbps for generalbroadbandcon-
nections;768Kbps- 1.5 Mbps for higherbroadbandand
T1 connection;and � 1.5M for otherbroadbandandLAN
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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-recordedmediafor eachtypeof media

connections.Thecompleterangedistribution is shown in
TableX. Theunitsarein Kbps.

D.6 LiveversusPre-Recorded

Figure30 depictsthe ratio of live vs pre-recordedcon-
tentacrossthreestreamingmediaapplications.Fromour
mediaanalysis,thereare2.3%livestreamingURLsoutof
23,381totalvalid URLs. Althoughall of the3 majorcom-
mercialmediastreamingapplicationssupportlive stream-
ing, most live contentis provided in Microsoft Windows
mediaandRealNetworksmediaformats.

D.7 VideoAspectRatios

Figure31 depictsa cumulative densitygraphof of as-
pect ratios. Most of the video clips (70.1% out of all
videos) have an aspectratio that follows the Academy
Standardof Television (4:3 or 1.33:1). However, 7.1%of
videoshaveanaspectratioof 11:9or 1.22:1,whicharethe
aspectratiosof CIF (CommonIntermediateFormat: 352
x 288) andQCIF (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

standards(1.85:1,2.35:1,etc.).

D.8 Playlists

Both Windows Media Server and Real Media Server
provide support for server-side playlists on the media
servers. A server-sideplaylist is usedto simplify theclip
managementby the contentprovider andalsoto provide
additionalwrapperfunctions.Thesefunctioncanbeused
to specifyadditionalcontentto beplayedoutbeforeor af-
ter thecontentrequestedby theuser, or to provideasingle
URL composedwith multiple itemsrequestedby theuser.

Figure 32 depictsa cumulative density graph of the
numberof itemsin onemediaURL. Thenumberof items
in one mediaURL is typically 1, indicating the URL is
linked to the clip directly or the server sideplaylist with
only oneitem in it.
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Fig. 33. Level of encodedstreamsvs. Max. encodedbitrate
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Fig. 34. Breakdown of RealMediaAudio Codecs

D.9 Multiple encodedlevel analysis

Wealsotriedtofindsomerelationshipbetweenthemax-
imum encodingbitrateandnumberof streamsin clip. As
seenin Figure33, thereareno clearvisualcorelationbe-
tweenthosetwo parameters.That is, evena low encoded
bitrateclip could have a large numberof encodedbitrate
levels.

D.10 CodecResults

SectionIII-C discussesthe video codecsfor Microsoft
Windows videoandRealNetworksvideo. Figure34, Fig-
ure35 andFigure36 depictthecodecsusedfor RealNet-
worksaudio,MicrosoftWindows audioandAppleQuick-
Timevideo,respectively.
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Fig. 35. Breakdown of WindowsMediaAudio Codecs
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Fig. 36. Breakdown of QuickTimeVideoCodecs
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Times URLs

RM:
15 http://www.bbc.co.uk:80/worldservice/news/summary.ram
15 http://europe.real.com:80/smil/vidzone.smil
14 http://www.npr.org:80/atc3.smil
14 http://www.bbc.co.uk:80/go/homepage/int/sport/vi/-/newsa/n5ctrl/sport/bulletins/videodaily.ram
14 http://www.bbc.co.uk:80/go/homepage/int/sport/au/-/news/olmedia/cta/sport/programmes/bulletins/daily.ram
14 http://www.bbc.co.uk:80/go/homepage/int/news/vi/-/newsa/n5ctrl/tvseq/n24.ram
14 http://www.bbc.co.uk:80/go/homepage/int/news/au/-/news/olmedia/cta/progs/rn/bulletin.ram
13 http://www.undp.org:8080/ramgen/oa/ronzid.rm
13 http://www.npr.org:80/realmedia/news2a.ram
13 http://www.npr.org:80/realmedia/24hour.ram

WM:
13 http://www.npr.org:80/windowsmedia/programstream.asx
13 http://www.npr.org:80/windowsmedia/newscast.asx
13 http://www.nasdaq.com:80/reference/JetBlueWPPSun.wmv
13 http://www.nasdaq.com:80/reference/Cisco-Intel-Staples.wmv
12 http://www.npr.org:80/webevents/npr.asx
12 http://www.nasdaq.com:80/reference/DELL MSFT SBUX.wmv
12 http://www.nasdaq.com:80/reference/Costco-Staples-Starbucks.wvm
12 http://www.nasdaq.com:80/reference/AppliedMaterials-Costco-Dell.wmv
11 http://www.npr.org:80/webevents/news.auto.asx
10 http://www.nab.org:80/conventions/nab2003/exhibitors/video/avid.wmv

QT:
10 http://www.perl.org:80/yapc/2002/movies/2002-06-24-perl6-handwaving.mov
8 http://www.iscb.org:80/webmovs/bourne03.mov.mov
8 http://www.iscb.org:80/webmovs/bourne02.mov.mov
8 http://www.iscb.org:80/webmovs/bourne01.mov.mov
7 http://reason.com:80/ReasonMagazine.mov
7 http://alberta.indymedia.org:80/uploads/kyotororbust1.mov
6 http://planetmirror.com:80/pub/movie trailers/L2Towers.mov
6 http://downloads.warprecords.com:80/bushwhacked2.mov
5 http://www.gfdl.noaa.gov:80/ jps/images/gallery/frananim title A D.qt
5 http://www.gfdl.noaa.gov:80/ jps/images/gallery/emilyA2 C B 2x q3.qt

TABLE XI
TOP 10 DUPLICATED MEDIA URLS


