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Abstract— The increasing power and connectivity of to-
day’s computers have spurred the growth in streaming au-
dio and video available on the Internet through the Web.
While there is substantial research characterizing the per-
formance of streaming media and characterizing documents
stored on the Internet, there have been few studies charac-
terizing streaming audio and video stored on the Web. We
crawled over 17 million Web pages from key geographic lo-
cations and extracted nearly 30,000 streaming audio and
video clips for analysis. Using custom built tools, we an-
alyzed the characteristics of these multimedia objects, de-
termining such information as media type, encoding for-
mat, playout duration, bitrate, resolution, and codec. We
find proprietary audio and video from RealNetworks dom-
inates all multimedia content, followed next by Microsoft
and with Apple following just behind MP3. The playout du-
rations of streaming audio and video clips are long-tailed,
suggesting streaming media may contribute self-similar traf-
fic on the Internet. More than half of all streaming media
clips on the Internet are video, with 90% of videos targeted
for broadband connections. Video resolutions are consider-
ably smaller than typical monitor resolutions, implying that
video bandwidths, which are directly related to resolutions,
have enormous potential to increase. The detailed results
from this study should be useful for future studies charac-
terizing the performance of streaming media on the Internet
and also valuable for those interested in generating more ac-
curate Internet traffic simulations.

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

I. INTRODUCTION

The growth in power and connectivity of today’s com-
puters has enabled streaming media across the Internet to
the desktop. Increasingly, users can access online mul-
timedia clips through a Web browser by simply clicking
on a link and having the Web browser start up the appro-
priate media player. In 2001, an estimated 350,000 hours
of online entertainment was broadcast each week over the
Internet [1], with countless more hours downloaded on-
demand. Web sites today offer streaming news broadcasts,

music television, live sporting events and more.

Streaming media can account for a significant fraction
of traffic on some network links [2], with the continua-
tion of online multimedia growth, including wireless cel-
lular networks [3], promising to have an increasing im-
pact on the overall performance of the Internet. Concerns
about the impact of streaming media on Internet perfor-
mance have translated into a variety of research papers that
propose new network protocols [4], [5] or network routers
that seek to lessen the impact of streaming media [6], [7],
[8], [9], or that characterize streaming behavior [10], [11],
[12], [13], [14], [15] to better understand its impact. A
key point of the latter category of research is to character-
ize “typical” streaming traffic produced by today’s Internet
applications.

Unfortunately, to the best of our knowledge, there is lit-
tle recent published work on the exact characteristics of
streaming media stored on the Internet. While there have
been studies characterizing Web content [16], [17] and file
system content [18], [19] measured at the client side, there
have been no recent studies on the general characteristics
of streaming media stored at the server on the Internet. In
1997, Acharya and Smith [20] characterized video con-
tent stored on the Web by analyzing every video available
in the (then popular) Alta Vista search engine. However,
the nature of streaming media has changed considerably
since that time. In particular, [20] found that the Internet
could not support real-time streaming given the encoded
bitrates and available last-mile bandwidths on the 1997
Internet. Today, RealNetworks RealPlayer and Microsoft
Media Player, two popular streaming media options [21],
have significantly improved streaming to home computers,
while these products did not even exist in 1997.

In this work, our goal is to answer the following ques-
tions about the characteristics of streaming media stored
on the Internet since they can have a direct impact on In-
ternet performance:

« What are the most popular streaming technologies? Pro-
prietary encoded media products significantly differ in



their overall impact on streaming network traffic, even
when the products utilize the same overall network band-
widths [12]. In addition, in 1997, the large user base for
MPEG, AVI and QuickTime were an obstacle for incom-
ing streaming technologies, and quantifying today’s dom-
inant technologies will help determine obstacles for future
media applications.

« What are the relative amounts of streaming audio clips
versus streaming video clips? The type of media, whether
audio or video, has a large impact on performance. Audio
often requires only modest bandwidths but typically has
very discrete encoded bitrates, while video is often band-
width hungry and can stream over a range of encoded bi-
trates.

« Are streaming media playout durations long-tailed?
There have been a number of studies of Internet traffic
patterns that suggest self-similarity (see [22] for a survey)
and a long-tailed distribution of transfer times [23], [24],
[25] may contribute to the self-similarity of Internet traf-
fic. If the distribution of streaming media playout dura-
tions is long-tailed, then streaming media may contribute
to Internet traffic self-similarity, especially as the fraction
of streaming media grows.

« What are typical streaming media target bandwidths?
When encoded, streaming media clips have a target band-
width that has a direct impact on the network traffic rate the
media will have when streamed. Video target bandwidths,
in turn, are influenced by such parameters as frame reso-
lution, frame rates and color depth. Determining typical
target bandwidths will help determine to what extent last-
mile connections may be perceived by content providers
as the bottleneck to streaming performance.

o What fraction of the many streaming media codecs
available are being used? Newer compression technolo-
gies through new codecs promise to deliver higher quality
video with lower bitrates. Moreover, new codecs incor-
porate technologies that yield more sophisticated behav-
iors that adapt to network conditions to improve quality
and performance. Understanding what fraction of older
codecs still persist on the Internet can help understand how
quickly new codec technologies can be incorporated.

This paper provides detailed information answering the
above questions on streaming media characteristics on
the Internet today. Since commercial products have had
a significant influence on streaming traffic, our analysis
focus is on commercial streaming products such as Mi-
crosoft’s Media Player, Real Networks’ RealPlayer and
Apple QuickTime. Unlike other measurement studies that
have viewed real streaming traffic by monitoring behav-
ior from near localized clients or servers [10], [13], [14],
[26], [27], this investigation seeks the wider perspective of

reviewing streaming content at media servers world-wide.

We crawled over 17 million URLs from carefully se-
lected starting points across the Internet and extracted
URLSs specific to streaming media. Then, we used custom-
built tools to characterize the encoding parameters that
have a direct impact on Internet performance for nearly
30,000 of the most common streaming media URLs we
encountered.

We find the volume and relative amount of streaming
media stored on the Internet has increased enormously
since 1997. Proprietary content is the most prevalent, with
RealNetworks having by far the most encoded media, with
Microsoft Media alone in second place. Most streaming
media clips are relatively short, but have a distribution
with a heavy tail. In fact, in applying proposed long-tailed
tests [28], we find streaming media playout durations are
long-tailed and thus may contribute to the self-similar na-
ture of Internet traffic. Videos are encoded for signifi-
cantly lower resolution than can be supported by typical
monitors, suggesting a large potential for increase in video
bandwidths.

The results from this work are useful to provide guide-
lines for choosing representative samples for work which
characterizes the performance of commercial streaming
media on the Internet, such as in [11], [12], [15]. More-
over, the results from this work can be used to generate
more accurate traffic for large scale Internet simulations, a
typical tool for evaluating network research.

The rest of this paper is organized as follows: Section Il
provides details on the methodology we used to crawl the
Web and measure streaming audio and video characteris-
tics, including details on several custom tools we devel-
oped; Section IIl analyzes the results from our crawling,
including the overall characteristics of streaming audio and
video clips; Section IV provides some details on how the
results in this study can be applied; Section V summarizes
our conclusions and Section VI presents possible future
work.

Il. METHODOLOGY

In order to collect the extensive data needed to accu-
rately characterize the current nature of streaming media
stored on the Internet, we employed the following method-
ology:

« Create a customized Internet crawler, Media Crawler, to
search the Internet for the URLSs of freely available audio
and video clips (see Section II-A).

« Devise a strategy for obtaining a representative sample
of streaming audio and video clips stored on the Internet
(see Section 11-B).



| MediaType | Extension |
AVI avi
AU .au, .snd
MP3 .mp3, .m3u
MPEG .mp(e)g, .mpv, .mps, .mpe, .m2v, .m1lv
MPEG-4 .mp4, .mde
MPEG Audio .mpega, .mpa, .mp1, .mp2
QuickTime .mov, .qt
Real Media ra, .rm, .ram, .rmvb, .smil
WAV wav
Windows Media .asf, .asx, .wma, .wmv, .wax, .WvXx

TABLE|
AUDIO AND VIDEO URL EXTENSIONS

« Develop tools and techniques for collecting characteris-
tics of the streaming audio and video URLS extracted by
Media Crawler (see Section 1I-C).

o After crawling the Web, extract the streaming media
URLs and analyze the results, focusing on those charac-
teristics that can have an impact on the performance of
streaming media on the Internet (see Section Il1).

A. Media Crawier

We modified Larbint, an open source, general purpose
Web crawler, to create a new crawler called Media Crawler
that extracts audio and video URLs while crawling the
Web. Media Crawler starts from a given URL and crawls
any embedded URLs recursively up to a depth of five.
Media Crawler specifically searches for URLs that re-
fer to streaming audio and video content, identified by
protocol type. For example Microsoft Media Services
(MMS) uses mms: //, while the Real Time Streaming
Protocol® (RTSP) uses rt sp: / / , and is typically used by
RealPlayer, QuickTime, and the newest version of Media
Player.

Since audio and video are often streamed over HTTP
due to firewall restrictions [26], Media Crawler also ex-
amines the URL extension to find streaming media clips.
Table | itemizes the set of URL extensions that Media
Crawler uses as an indication of streaming media content.
We created the set of extensions shown in Table I by ex-
tracting the list of standard file type extensions that appears
in file operation drop-down list boxes in most commercial
media players.

To avoid loops due to encountering multiple copies of
the same URL, Media Crawler checks new URLSs against
a data structure of previously crawled URLs. The time

http://larbin.sourceforge.net
2http://www.rtsp.org/

to determine whether a newly encountered URL is unique
grows with the number of previously identified unique
URLSs. This was a factor in choosing a strategy of serially
launching Media Crawler from multiple starting points
rather than crawling more extensively from one starting
point (see Section 11-B).

B. Sarting Pages

We selected the Media Crawler starting Web pages to
both represent the World Wide Web and to reduce the
amount of overlap in search space between crawls. The
growth of streaming multimedia over the Internet is tightly
coupled with the availability of high bandwidth Internet
connections. Consequently, we wanted popular starting
points that are likely to be accessed by well-connected
users. We chose to start from Web sites hosted from the ten
most-wired countries based on data from a market analy-
sis report on broadband penetration [29]. Additionally, we
chose seven starting points from the U.S., the most wired
country, to gather data across Web sites associated with
different classes of information content, so as to mitigate
the effects that major portals or newspapers may have on
the data set.

To guide our selection of starting pages in and outside of
the U.S. we consulted a Nielsen® report, the television and
Internet ratings company, to find the top ten Web sites in
each country. Several countries did not have a top ten list
as reported by Nielsen, so for these countries, we picked
a popular domestic newspaper or news portal as the start-
ing page. In the U.S., we picked a total of seven start-
ing pages covering a wider range of interests and content:
news, sports, entertainment, Internet portal, search engine,
and streaming media technology. Table Il lists the 17 start-
ing pages used in this research, listed in alphabetical order
by country.

For each starting page, we set Media Crawler to search
until it explores 1 million unique URLs whereupon it pro-
duces an output file that contains a list of URLSs that po-
tentially refer to streaming media objects. While Media
Crawler records unique multimedia URLs within a single
crawl, there is the possibility that crawls that start on dif-
ferent starting pages will overlap and produce the same
media URL. Thus, we created a program to identify the
final set of unique multimedia URLs across the 17 one-
million URL data sets.

In addition, references to specific Web content can be-
come invalid for many reasons including content reloca-
tion, content removal, content damage, server failure, rout-
ing failure and other errors. To minimize the number of

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



| Domain | Starting Page | URL |
Canada | Canadian Government canada.gc.ca
China Sina.com sina.com.cn
France Freefr freefr
Germany T-Online t-online.de
Italy Republica Daily republica.it
Japan NTT Communications ntto.co.jp
Korea Empas Search Engine empas.com
Spain Grupo Intercom grupointercom.com
Taiwan ChinaTimes news.chinatimes.com
UK British Telecom bt.com
us AmericaOnline aol.com
us AltaVista altavista.com/video
usS ESPN Sports espn.com
us Hollywood Online hollywood.com
us New York Times times.com
us Real Networks real.com
us Windows MediaHome | windowsmedia.com
TABLEII

MEDIA CRAWLER STARTING PAGES

invalid URLSs caused by relocation or removal of Web con-
tent, we analyzed the audio and video URLs obtained by
the Media Crawling less than 24 hours after the final set of
multimedia URLSs was produced.

C. Measurement of Content Characteristics

Once the set of valid media URLs were obtained, the
next step was to use specialized tools to individually access
each of the media content Web sites to collect information
pertaining to the relevant audio and video clips, including
encoding format, target bandwidth, duration, frame size,
codec and other properties. In order to obtain these mea-
surements in an automated fashion, we constructed sev-
eral custom tools from a variety of commercial applica-
tion Software Development Kits (SDKSs), open source pro-
grams, and custom built components.*

To analyze Real Media content, we developed two tools
that measure content characteristics in an automated fash-
ion. First, we built a custom tool, Real Analyzer, using Mi-
crosoft Visual C++ and the RealNetworks SDK® that is
provided by RealNetworks for customized RealPlayer de-
velopment. The SDK exposes the interfaces used in the
RealPlayer streaming core, enabling development of new
tools and applications that can stream Real media, and
comes with documentation, header files and samples. The
RealPlayer core is not included in the RealNetworks SDK,

“The complete set of tools, including source code, can be downloaded
from http://perform.wpi.edu/downloads/#video-crawler
S http://www.realnetworks.com/resources/sdk/index.html

but it comes with the freely downloadable basic version
of RealPlayer. Real Analyzer can gather content descrip-
tion information such as URL, encoded bitrate, duration,
resolution, live or pre-recorded, title, and copyright.

Second, we developed a custom tool called TestPlay to
gather RealPlayer content statistics. An original version
of TestPlay is available with the RealPlayer SDK under
the directory sdk/ sanpl es/ i nt er med/ t est pl ay.
TestPlay allows the measurement of content encoding in-
formation including the number of sources, encoded bi-
trates, and codec information. With modification to Re-
alAnalyzer and TestPlay to enable them to use a playlist
of URLs, the combination of TestPlay and Real Analyzer
provides a means of automated measurement of the major
characteristics of Real Media content.

To analyze Windows Media content, we also developed
two custom tools similar to those for Real Media. The first
custom tool, Windows Media Analyzer, uses Microsoft Vi-
sual C++ and the Windows Media Encoder 9 Series SDK®
provided by Microsoft for customized Media Player devel-
opment. The Windows Media Analyzer gathers content in-
formation including: URL, encoded bitrate, duration, reso-
lution, live or pre-recorded, title, and copyright. We devel-
oped a second custom tool, Wmprop, to gather Windows
Media Player content statistics. An original version of the
tool is available with the Windows Media SDK under the
directory WBDK/ WWMFSDK9/ sanpl es/. Wmprop al-
lows the measurement of content properties analogous to
those recorded by TestPlay.

We used MPlayer’, an open source tool that runs on
the Linux operating system, to analyze the Apple Quick-
Time content. When playing QuickTime content, MPlayer
produced resolution and codec information. However,
MPIlayer was not able to determine the encoded bitrate of
the content.

I11. ANALYSIS

We ran 17 distinct instances of Media Crawler from
WPI8 between February 13, 2003 and March 18, 2003°.
Each of the 17 instances began from a different starting
domain, listed in Table II, and continued to crawl until
reaching 1 million different URLs. The execution time
for Media Crawler to crawl 1 million URLs depended
upon the starting point. The crawl beginning from the far-
thest away starting point in terms of round-trip time from

Shttp://www.microsoft.com/windows/windowsmedia/create.aspx

Thttp://www.mplayerhq.hu/homepage/design6é/info.html

8http://www.wpi.edu/Admin/Netops/infrastructure.html

9The complete set of URLs obtained can be downloaded from
http://perform.wpi.edu/downloads/#video-crawler



WPI10 (namely, sina.com.cn in China) took approximately
24 hours while several of the closer sites took about 4
hours (see [30] for more details).

With the crawling completed, we conducted the follow-
ing three types of analysis:
« First, we reviewed the aggregate list of media URLs
produced by Media Crawler from various perspectives.
Coarsely, we were interested in the distribution of media
URLSs clustered per server, while precisely, we wished to
determine the most popular streaming technologies. See
Section I11-A.
« Second, we focused on the relative proportions of con-
tent created by the major commercial streaming products:
Real Media, Windows Media, and Apple QuickTime Me-
dia. Using the custom tools described in Section II, we
gathered content information from each of the streaming
media clips. We analyzed the relative amount of audio and
video for each streaming product and tested the hypothesis
that audio and video playout durations are long-tailed. See
Section 111-B.
« Third, we analyzed lower level streaming characteristics
that impact streaming transmission rates. This analysis in-
cluded encoded bitrates, resolutions, and the media codecs
used to encode both streaming video and streaming audio.
See Section I11-B.1 and Section 111-B.2, respectively.

A. Aggregate Analysis

Prior to aggregate analysis, overlapping URLs and du-
plicate URLs were removed from the 17 distinct data sets
of multimedia URLs. The measured overlap between any
two of these data sets was mostly small with an average of
3.98% duplication between each data set pair (see [30] for
details on the URL overlap).

Out of nearly 17 million unique URLs, we ended up
with a set of 54,362 unique audio and video URLSs, iden-
tified by using standard indicators of media player types
and the set of URL extensions listed in Table I. In 1997,
Acharya and Smith [20] reported finding 22,600 media
URLs out of the 25 million Web pages [31] Alta Vista
indexed at that time. Thus, the percentage of audio and
video objects stored on the Web has risen from about about
0.09% in 1997 to about 0.32% in 2003. Moreover, given
that the Google search engine currently indexes about 3
billion Web pages,'* we project there are nearly 10 million
freely available streaming audio and video clips stored on
the Web, approximately a 400-fold increase since 1997.

Figure 1 depicts a complementary cumulative density
function (CCDF) of the number of URLSs found per server.
The approximate 17 million uniqgue URLs came from

Ophysically located in Worcester, MA, USA.
1 http://www.google.com/
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Fig. 1. URLsper Web Server and Media URLs per Web Server
with Streaming Media

712,104 different Web servers, with the median number
of URLs per server over the set of all servers crawled be-
ing only 1 URL. The 54,362 unique audio and video URLSs
came from 4678 different servers, with the median number
of URLSs per server for the set of servers that had streaming
media being about 4 media URLS per server. Additionally,
the graph indicates that about 1% of the set of servers that
had streaming media provide 100 or more media URLSs per
server.

Figure 2 depicts the average percentage of URLs for
each media type within a set of 1 million URLs com-
ing from one instance of Media Crawler. The average
count (out of 1 million) of URLs for each media type is
indicated by the number above each bar, with the error
bars depicting the standard deviation across the 17 sets
of 1 million URLs. Real Media is the most popular me-
dia type stored on the Internet today, accounting for al-
most half of all streaming media URLs and being twice
as abundant as Windows Media. QuickTime, MPEG, and
AVI, the most popular video types in 1997 [20], make up
only a combined 10% share of the videos in 2003. MP3,
a popular streaming audio format, is the most popular
non-proprietary format and is more prevalent than Apple
QuickTime Media.

B. Commercial Product Analysis

The commercial products of RealNetworks Real Media,
Microsoft Windows Media and Apple QuickTime Media
account for about 72% of the URLSs in our unique media
URLs list. Given this dominance, we focused on more
detailed analysis of the characteristics of these streaming
products. Each of Real Media, Windows Media and Apple
QuickTime Media supports both audio and video, and can
stream both pre-recorded and live audio and video over
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| MediaType | Clips Analyzed | Percent |

Real 18376 63

Windows 9159 32

QuickTime 1521 5
| Total | 29056 | 100 |

TABLE Il
NUMBER OF STREAMING MEDIA CLIPS ANALYZED

Internet.

Of the nearly 40,000 Real Media, Windows Media and
Apple QuickTime Media URLs recorded in our study, only
29,056 (about 73%) were valid URLs. The remaining
URLSs collected by Media Crawler were determined to be
unavailable. While our software could not effectively de-
termine the reason that the clips were unavailable (as ex-
plained in Section 1), if, as in [11], about 10% of the clips
were unavailable due to transient routing or server prob-
lems, this suggests about 17% were possibly caused by
stale URLs. During the duration analysis (see below) we
noticed that there were three clips that had a duration of
10 days, roughly an order of magnitude longer than the
next longest streaming clip. Upon closer inspection, we
found these super long clips were a type of streaming text
and that they also reported an error in their duration length.
We removed these three clips from all subsequent analysis.

Table Il shows a breakdown of the number of stream-
ing media clips that were accessible. For all subsequent
analysis, we use only the data obtained from these 29,056
accessible URLs.

Each media URL can be a playlist with multiple stream-
ing media clip entries. However, in practice, this is seldom
done, as over 97% of all playlists refer to only one stream-
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Fig. 3. Percentage of Audio and Video for Each Media Type

ing media clip and only about 1% of playlists refer to 3
or more streaming media clips (see [30] for more detailed
analysis of playlists).

Figure 3 depicts a breakdown of the percentage of au-
dio and video for each of the three major media types.
Nearly half of Real Media is audio only. From the data
in Figure 2, there is more Real Audio stored on the Internet
than there is MP3 audio. By comparison, less than a third
of Windows Media is audio only and virtually no Apple
QuickTime is audio only. Because of this small fraction
of QuickTime audio, for all subsequent analysis, we only
QuickTime video.

While all three media formats support both live and pre-
recorded streaming content, the vast majority of the avail-
able streaming clips are pre-recorded. Overall, 98% of
all streaming media clips are pre-recorded, with Real Me-
dia having about 2% live clips, Windows Media having
about 3% live clips and QuickTime having less than 1%
live clips.

Figure 4 depicts a CDF of the duration of all the avail-
able audio and video clips in seconds. The main bodies of
the distributions of audio and video duration are similar.
Most stored audio and video clips are relatively brief, with
a median playout duration of about 3 minutes. 10% of au-
dio and video clips have a duration of less than 30 seconds,
while 10% have a duration over 30 minutes. We find that
video durations are significantly longer than in 1997 where
90% of video clips lasted 45 seconds or less [20].

Long-tailed distribution of transfer times may contribute
to the self-similarity of Internet traffic. A long-tailed dura-
tion for real-time streaming clips will result in a long-tailed
distribution of streaming transfer times. In Figure 4, the
tail of the CDF has purposely been clipped to focus on the
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bodies of the distributions. Figure 5 gives the CCDF of the
audio and video duration distribution to allow for clearer
examination of the tails of the distributions. The definitive
test for a long-tailed distribution is that the steepness of
the slope in the CCDF does not increase in the extreme tail
but continues with constant slope (the line may become
jagged as the number of samples becomes sparse but the
slope stays the same). By visual inspection, the duration
distributions in Figure 5 may be long-tailed.

However, as discussed in [28], some distributions, such
as lognormal, can appear on visual inspection to be long-
tailed when, in fact, they are not. The characteristic dif-
ference between a long-tailed distribution and one that is
not long-tailed is the curvature (a long-tailed distribution
does not have a curved tail). We applied the curvature test
proposed by Downey [28] which:

1. Measures the curvature of the tail of the sample distri-
bution, where the tail is defined as P(X > z) < 1/16.1?

2We also tested P(X > z) < 1/32 and P(X > ) < 1/64 and

Curvature is quantified by taking three-point estimates of
the first derivative and fitting a line to the estimated deriva-
tive. For our data, the curvature of the audio distribution
tail is 0.0378 and the curvature for the video distribution
tail is 0.0505.

2. Estimates the Pareto slope parameter, «, that bests mod-
els the tail behavior of the sample using a program devel-
oped by Crovella and Tagqqu called aest 12 [32]. For our
data, the estimate of « given by aest is 1.006975 for the
audio distribution and 1.000161 for the video distribution.
3. Generates 1000 samples from a Pareto distribution with
slope parameter «, where each Pareto sample has the same
number of points that are in the data sample, n, and calcu-
lates u, the mean curvature of the 1000 samples. For our
data, there are n = 11,836 samples in the audio distri-
bution with . = 0.004845, and there are n = 16,282
samples in the video distribution with = 0.003722.

4. Calculates d, the difference between the curvature of
the original sample and u. For our data, our audio dis-
tribution curvature differs from g by 0.032958 while our
video distribution curvature differs from u by 0.046778.
5. Counts the number of samples out of 1000 that have a
curvature that differs from g by as much as d. This count is
the p-value for the null hypothesis (that the samples come
from a long-tailed distribution). For our data, for the audio
data, 498 differ from y by d so the p-value is 0.498, and
for the video data, 495 differ from y by d so the p-value is
0.495.

Thus, based on the relatively high p-values in step 5,
we cannot reject the null hypothesis that the samples come
from a long-tailed distribution. This means streaming me-
dia playout durations, and hence transfer times, may be
long-tailed and may contribute to the self-similarity of In-
ternet traffic.

It is worth noting that our streaming playout duration
distributions do not include any of the live content that we
found since it is unclear where along the distribution we
should place these samples. There is no means in any of
the commercial player APIs that allow the programmer to
determine the length of the live content; the content is live,
therefore the length may not be known even known by the
encoder. However, while some live content available on
the Internet could be short, since users must “tune in” at
the time live content is broadcast, live streaming is likely
long,** thus making the streaming media duration distri-
butions even more long-tailed.

our overall results were the same.

3Downloadable  from  http://www.cs.bu.edu/faculty/crovella/-
aest.html.

\eloso et al analyzed live streams that were at least 28 days
long [14]!
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B.1 Video

Figure 6 depicts CDFs for the encoded video bitrates
for Windows Media and Real Media (as explained in Sec-
tion Il, our software for analyzing Quick Time Media
could not capture encoding rate). For techniques where
multiple target bitrates are encoded into one video (such
as with Windows Media “intelligent streaming” and Re-
alNetworks “SureStream™), only the primary encoded bi-
trate is measured and reported. The median encoded bi-
trate is around 200 Kbps, with the median encoded bitrate
for Windows Media being slightly higher than the median
encoded bitrate for Real Media. Approximately 29% of
the videos are encoded to stream over a 56 Kbps modem,
a substantial increase from 1997 [20] when fewer than 1%
of videos were encoded for modem bandwidths. Nearly
70% of the videos are targeted for broadband (56k - 768k),
up from 50% in 1997. Approximately 1% of the videos
have bandwidth targets above typical broadband connec-
tions (768k - 1500k), and less than 1% have bandwidth tar-
gets above a T1 (1540k+), down from about 20% in 1997.

The general shift in target encoded bandwidths, with
a larger percentage of streaming videos targeted towards
lower bandwidths even while end host bandwidths have
increased, suggests that improvements in streaming tech-
nologies make it possible to effectively send streams at
lower bandwidths. The predominance of videos targeted
towards broadband connections suggests end users in the
home are the typical target audience and that encoded
bandwidths will increase as last-mile home connections in-
crease.

Figure 7 depicts the CDFs of the video clip resolutions.
The data was obtained by multiplying the frame width
by the frame height for each video. About 70% of the
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videos had a standard aspect ratio of 4/3, with aspect ratios
slightly above and slightly below 1.3 making up most of
the remaining 30% (see [30] for more details). The vertical
lines in Figure 7 depict commonly used video resolutions;
160x120 (quarter-screen), 240x180 (three eights-screen),
and 320x240 (half-screen). Roughly, the steps in the dis-
tribution correspond to different resolution choices avail-
able in commercial media encoding products. Typically,
commercial media encoding applications provide default
choices for resolution and other encoding parameters that
are guided by common practices.

In Figure 7, nearly half of the videos have less than
half-screen resolution for a typical desktop monitor, and
less than 1% of the videos provide full-screen resolution.
These small window sizes relative to the resolution of typ-
ical desktop monitors is likely due to the relationship be-
tween resolution and required bandwidth for streaming. A
video with a resolution of 320x240 will typically result in
bitrates on the order of hundreds of Kbps, the typical target
bitrate shown in Figure 6. Given current typical desktop
resolutions of at least 640x480 coupled with the continual
end-user demands for higher quality video, there is enor-
mous potential for increasing the sizes of today’s stream-
ing video frames. Additionally, future advances in codec
compression algorithms will facilitate larger frame sizes
for the same encoding rates. One can also expect improve-
ments in network bandwidths to provide increased avail-
able bandwidths to streaming flows. This implies future
streaming traffic with larger frame sizes and higher band-
width demands on the Internet.
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B.2 Audio

Figure 8 depicts CDFs for the encoded bitrates of the
streaming audio clips for both Windows Media and Real
Media. The encoded bitrates for streaming audio are low
compared with the encoded bitrates for streaming video
shown in Figure 6. About 90% of streaming audio is tar-
geted for modems, with the median encoded audio bitrate
suitable for streaming over older 28.8 Kbps modems. In
1999, an empirical study of streaming audio at a popular
Internet audio server [13] found 100% of the playout rates
targeted at modem bandwidths. In Figure 8, approximately
10% of the streaming audio is specifically targeted at users
with broadband or above connections. Given that playout
of CD quality audio requires 100°s of Kbps, it is likely
that the fraction of streaming audio encoded bitrates will
increase. However, given the compression rates and listen-
ing quality of technologies such as MP3 (which typically
streams at 128 Kbps), it is unlikely that audio encoding
bitrates will increase above those required by broadband
connections.

C. Media Codec

The codec has a large impact on the network per-
formance of streaming media. For example, as an im-
provement to the Windows Media video version 8 codec
(WMv8), version 9 supports fast streaming to smooth out
dips in available bandwidth during streaming. While ben-
eficial to users, the network impact of newer codecs is not
always clearly beneficial. For example, WMv8 filled the
playout buffer at the target playout rate [12], while WMv9
buffers at a significantly higher data rate, similar to the
practices employed by RealPlayer [15].

Figure 9 and Figure 10 depict the breakdown of the
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codecs used to create Windows and RealNetworks stream-
ing videos. The actual share of codec space occupied by
a specific codec implementation in Figure 9 is not partic-
ularly significant except as a clear snapshot in time, e.g.,
WMV9 having only 2.31% of the recorded codecs in May
of 2003. However, future studies will find this data valu-
able in tracking the acceptability and change in market
penetration over time of such innovations as WMv9.

Figure 9 depicts the prevalence of different versions
of the codecs for Windows Media video. Of the codecs
shown, MS MPEG-4 v3 and WM Video 7 are the oldest,
the latter being Microsoft’s implementation of the MPEG-
4 standard, similar to to the H.263 standard. The MS
MPEG-4 uses discrete cosine transform and motion pre-
diction to encode and compress the video content, being
renamed WM Video 7 and released in May of 2001. WM
Video 8 was released soon after in September of 2001, and
was the only Microsoft codec offering until the most recent
version, 9, released in January of 2003.

Figure 9 depicts the prevalence of different versions of
the codecs for Real Video. RealVideo 8 dominates in the
space of codecs that operate with RealPlayer. Similar to
WMV9, RealVideo 9 is still not yet deployed in significant
amounts relative to RealVideo 8.

IV. APPLICATION OF RESULTS

The characteristics of streaming traffic presented in this
paper can be useful for designing experiments to evaluate
the impact of streaming audio and video content on overall
Internet performance.

Conducting empirical experiments with streaming video
is difficult due to variable network conditions, the setup
costs in deploying large numbers of streaming clients, and
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the effort required to build, deploy and coordinate the in-
strumentation tools. Consequently, using simulators, such
as NS-2 [33], has become more common. The results pre-
sented in this paper should be of value to researchers de-
signing simulation studies that need to model streaming
media cross traffic. Figure 2 and Figure 3 provide infor-
mation on the current ratio of streaming audio and video
traffic for commercial products and detailed data on encod-
ing types. The shape and steps in the bitrate distributions,
shown in Figure 6 and Figure 8 provide guidance on how
to choose an appropriate mix of bitrates that would rea-
sonably reflect the behavior of freely available streaming
downloads from audio and video servers. Moreover, the
duration of streaming audio and video flows can be chosen
from the duration distributions in Figure 4.

Second, the use of commercial streaming products, such
as the Microsoft Windows Media Player and RealNet-
works RealPlayer, has increased dramatically [21]. Un-
derstanding the performance of commercial streaming me-
dia products plays an important role in understanding the
impact of streaming media on the Internet. The results
presented in this paper may be useful for designing experi-
ments for studies such as [11], [12], [15] that actively mea-
sure performance of commercial streaming media tech-
nologies. Figure 2 can provide guidance as to the most
prevalent commercial products. Figures 9 and 10 offer
some insight about the speed at which new player products
infiltrate the marketplace and could influence the choice of
which version of a product to study.

V. CONCLUSIONS

Many researchers have expressed concern about both
the short-term and the long-term impact of the anticipated
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increase in the volume of streaming media that will be sent
over the Internet. Often, assumptions are made in net-
work models about the nature of multimedia traffic based
on studies that are several years old. However, signifi-
cant changes in user access capabilities and improvements
in the techniques employed by commercial media players
make it risky to use outdated characterizations to repre-
sent the current behavior of audio and video Internet traf-
fic. The goal of this research is to provide the results of
extensive data collection of streaming media content avail-
able across the Internet. We built custom analysis tools,
crawled 17 million Web URLSs, and then extracted and an-
alyzed the characteristics of nearly 30,000 audio and video
streams, partially downloading these clips from the 4678
distinct media servers on which they were located.

By comparing work in past studies, we find that the to-
tal volume of streaming media stored on the Internet has
increased over 400 times in the past five years. Moreover,
the fraction of streaming media objects stored on the Inter-
net relative to other objects has increased over 300%.

Our aggregate data analysis shows streaming audio and
video content is dominated by proprietary streaming prod-
ucts, specifically RealNetworks Media first and Microsoft
Media second. There are relatively the same number of
freely available audio clips compared to video clips. Given
that video availability is likely to be more constrained than
audio availability because the last mile connections are not
all broadband, one should expect a shift in the future to-
wards higher numbers of video sites relative to audio sites
stored on the Internet. The vast majority of streaming au-
dio and video URLs are pre-recorded, with only a very
small fraction being live.

Most stored streaming media clips are relatively brief,
lasting several minutes for both audio or video. However,
the 3 minute median duration time is substantially longer
than in 1997 when typical video clips were under 1 minute
in length. Thus, just from this increase in the duration of
media flows, it is clear that the impact of streaming video
on the Internet has grown substantially.

Despite growth of broadband connections, the fact that
the majority of audio encoded bitrates today are still tar-
geted to be acceptable for modem connections is a signif-
icant. Moreover, the distribution of video bitrates implies
that modems can also be used for streaming some video
clips. Having streaming content suitable for modem use
is a useful niche given that it is estimated that half of all
U.S. Internet subscribers will still use modems by the year
2005 [34]. However, the majority of video target bitrates
are broadband. Since current videos resolutions used by
servers are small relative to typical monitor resolutions, it
can be expected that as network bottleneck bandwidths in-



crease, video target bitrates will rise proportionally.

Our data demonstrates that current media providers
tend to adhere to “standard” picture dimensions (such as
320x240) and aspect ratios (such as 4/3) when creating
videos. There are similar “steps” in the distribution of au-
dio encoding rates along typical encoding standards.

VI. FUTURE WORK

Of the original set of URLSs that our tools identified as
being streaming audio or video, over one-quarter were un-
available for analysis. This unavailability phenomenon
could simply be due to stale links provided by content
providers, or it could be due to network problems. Fu-
ture work may involve more precisely determining why so
many URLs were not available, especially if it sheds light
on possible network problems.

While the advertised target streaming bitrates presented
here provide insight as to possible network impact, the ac-
tual streaming rates over the Internet may be quite dif-
ferent. The responsiveness, or lack of it, of streaming
media flows to Internet congestion and available band-
width promises to have a large impact on network per-
formance. Technologies such Windows Media “intelligent
streaming” and RealNetworks “SureStream” may be used
to provide multiple target bitrates in one stored media ob-
ject. Previous work [15] suggests that such multiple bitrate
technologies occur in many video clips and can be used ef-
fectively to respond to available network bandwidth. Thus,
future work may involve determining levels of bandwidth
for the streaming media clips presented here and, equally
important, how such levels are used under network con-
gestion.

While the results presented here depict details on the
storage of audio and video on the Internet, they do not pro-
vide details on the actual streaming of the stored audio and
video over a network. Future work could complement the
results presented here with some measure of actual stream-
ing use. Such efforts would be especially useful if me-
dia server with many audio and video encoding rates and
choices were specifically studied. Specific techniques that
actively query DNS caches such as in [35] could be used
to provide complementary information about the popular-
ity of Web sites sites with stored audio and video.
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APPENDIX
A. Selection of Crawling Domains

Table 1V shows the number of broadband connections
of Group 7 of the report®® and South Korea by middle of
the year 2002. Table V shows the top 10 DSL connection

15point  Topic Report. http://www.point-topic.com/cgi-bin/-
download.asp?file=DSLAnalysisBroadband+penetration.htm
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\ | DSL lines | Cable modems | Total |

Canada 1,320 1,772 3,091
USA 5,252 8,534 13,786
Japan 3,301 1,620 4921

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
South Korea 5,734 3,271 9,005
TABLE IV

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

\ | DSL lines |
South Korea 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
TABLEV

DSL ONLY MARKET REPORT (UNITS IN 1000'S)

domains by the third quarter of 2002.6 By combining the
countries from Group 7 and the top 10 countries with DSL
connections, we can create a list of the most broadband
connected domains in the world, which is the 11 countries
listed in Table VII.

B. Validation of our web crawling methodology

We computed the overlap between each given URL set,
obtained from starting crawling in in each different do-
mains. The overlap ratio from domain (A) to domain (B)
are computed from the following equation:

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

Table VI depicts the results. Therefore, overlap ratio
from A to B might be different from the overlap ratio

18pgint  Topic Report. http://www.point-topic.com/cgi-bin/-
download.asp?file=DSLAnalysisQ3+2002+DSL +text+only.htm



TABLE VI
OVERLAP RATIO FOR MULTIPLE STARTING PAGES
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Repub.it |Times Ntt.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% 5.11%| 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.dq 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% 2.70% 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% 2.71% 5.33% 0.36% 0.49% 1.60% 1.51% 0.31% 0.49% 0.44% 0.13% 0.76% 13.19% 15.37%
\ | Domains |
American Canada, USA i i i
Asian China, Japan, South Korea, Taiwan | Media Type || URLs | Unique | Percentage | Unique
- 0, 0,
European || France, Germany, Italy, Spain, UK RM 33443 | 23405 | 42.74% | 69.98%
WM 16360 | 13948 25.47% | 85.26%
TABLE VII MP3 13566 | 10277 18.77% | 75.76%
MOST BROADBAND CONNECTED COUNTRIES QT 2898 2137 3.90% 73.74%
MPEG 2580 2155 3.94% 83.53%
WAV 2201 1558 2,85% 70.79%
0, 0,
from B to A. The range of the overlap goes from 0.13% AVI 1255 1073 1.96 OA) 85.50 OA’
to 42.81%. The average of overlap ratio is only 3.98%. AU 406 209 0.38% 51.48%
Total 72709 | 54762 | 100.00% | 75.32%
C. Additional Results
TABLE VIII
C.1 Crawling statistic MEDIA URLS RESULTS
The Web crawling took place between Feb 13, 2003 to
March 18, 2003 and totally crawled 17 million URLSs start-
ing from 17 different domains.
The number of media URLSs for each type of media and
the number of unique media URLS are listed in Table VIII.
The column labeled “Percentage” is the percentage of that
media type over the total number of media URLs. The 7000
column labeled “Unique” is the ratio of unique URLS over 6000 B 5516 ar mw

number of URLs of that particular media type. We can
see the most popular media type over the Internet is Real
Networks media and Microsoft Windows media. For audio
only URLs, the most popular media types are MP3s.

The media URLSs distribution over the 17 domains are
shown in Figure 11. Over all domains, Real Networks me-
dia has the largest population, except in the data set that
started in South Korea; that data set has a slightly larger
portion of Microsoft Windows media URLS.

Crawling times are highly related with the round-trip
time from the server to the crawling client. From Fig-
ure 12 we can see that the Asian domains have signifi-
cantly longer crawling times for the same number of URLS
(1 millions URLSs, in our experiments).
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Fig. 13. Valid ratio for media URLs for each domain

C.2 Media URLs Validation

During analysis, the Real Media, Windows Media and
Quick Time Media URLSs that we could stream we labeled
as “valid”. The valid ratios over all domains and for each
type of media clips are shown in Figure 13 and Figure 14,
respectively. To find out the relationship between Internet
traffic status and the validation rate, we consulted the In-
ternet traffic report!’ during our media analysis. We find
out domains such as China and Taiwan have a lower Traf-
fic Index!®. The Internet traffic status might be one issue
that affect invalid ratio for the media URLSs.

From Figure 14, the different media types have similar

17 http://www.internettrafficreport.com/

18The Traffic Index is a unit to measure to Internet traffic status. The
higher, the better Internet condition, meaning low congestion, delay,
and loss
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valid ratios according to our analysis, with a valid ratio
around 72% to 76%.

C.3 Duplicate URLs

We did some analysis on the percentage of duplicated
URLs and Unique URLs. As shown in Figure 15, the du-
plicated URLs may show up in multiple data sets, even
though they started from different starting pages. We also
created a list of the 10 most duplicated media clips for each
media type, shown in Table X.

The unique URLSs contribution from each starting page
is another interesting issue to examine. However, since
the crawling is not limited to a specific domain, the coun-
try starting page is not necessarily a data set entirely in
from the country. From Figure VI-C.3 we can see the most
unique page are from non-English speaking Asian coun-
tries, while the U.S. and other English speaking countries
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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 IX

ENCODED BIT RATE RANGES

have fewer unique URLSs for each data set. This is evidence
of culture and language barriers for Web sites links.

C.4 Multiple Encoded Level Analysis

Media encoded bit rates had been discussed in Sec-
tion 111-B.1 and Section 111-B.2, in detail. However, we put
together a complete range of data from our measurement
of Windows Media and Real Media. The encoded bit rates
were divided in four ranges: <=56 Kbps for modem con-
nections; 56 Kbps -768 Kbps for general broadband con-
nections; 768 Kbps - 1.5 Mbps for higher broadband and
T1 connection; and >1.5M for other broadband and LAN
connections. The complete range distribution is shown in
Table IX. The units are in Kbps.

C.5 Live versus Pre-Recorded

Figure 16 depicts the ratio of live vs pre-recorded con-
tent across three streaming media applications. From our
media analysis, there are 2.3% live streaming URLS out of
23,381 total valid URLs. Although all of the 3 major com-
mercial media streaming applications support live stream-
ing, most live content is provided in Microsoft Windows
media and RealNetworks media formats.
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Fig. 17. Cumulative density function of video aspect ratio

C.6 Video Aspect Ratios

Figure 17 depicts a cumulative density graph of of as-
pect ratios. Most of the video clips (70.1% out of all
videos) have an aspect ratio that follows the Academy
Standard of Television (4:3 or 1.33:1). However, 7.1% of
videos have an aspect ratio of 11:9 or 1.22:1, which are the
aspect ratios of CIF (Common Intermediate Format: 352
x 288) and QCIF (Quarter CIF: 176 x 144). The Quick
Time videos have the largest range of aspect ratios, most
of them are from HDTV (16:9 or 1.78:1) and variant film
standards (1.85:1, 2.35:1, etc.).

C.7 Playlists

Both Windows Media Server and Real Media Server
provide support for server-side playlists on the media
servers. A server-side playlist is used to simplify the clip
management by the content provider and also to provide
additional wrapper functions. These function can be used
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to specify additional content to be played out before or af-
ter the content requested by the user, or to provide a single
URL composed with multiple items requested by the user.

Figure 18 depicts a cumulative density graph of the
number of items in one media URL. The number of items
in one media URL is typically 1, indicating the URL is
linked to the clip directly or the server side playlist with
only one item in it.

C.8 Multiple encoded level analysis

Multiple bitrate encodings are designed to provide bet-
ter quality when streaming media scales down due to the
bandwidth restrictions and network congestion. An audio
or video only clip typically has only 1 stream, while gen-
eral video and audio clips have 2 streams for video and
audio respectively. If there are more than 3 streams in one
clips, we consider this clip to have multiple encoded bi-
trate levels. Figure 19 depicts the Cumulative density of
number of streaming in one clip. From the measurements,
we found only a small number of Windows Media clips
have multiple bandwidth encoding levels.

We also tried to find some relationship between the max-
imum encoding bitrate and number of streams in clip. As
seen in Figure 20, there are no clear visual corelation be-
tween those two parameters. That is, even a low encoded
bitrate clip could have a large number of encoded bitrate
levels.

C.9 Codec Results

Section 111-C discusses the video codecs for Microsoft
Windows video and RealNetworks video. Figure 21, Fig-
ure 22 and Figure 23 depict the codecs used for Real Net-
works audio, Microsoft Windows audio and Apple Quick-
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Time video, respectively.
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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://mwww.bbc.co.uk:80/go/homepage/int/sport/vi/-/newsa/nSctrl /sport/bull eting/video daily.ram
14 http://www.bbc.co.uk:80/go/homepage/int/sport/au/-/news/ol medi al/cta/sport/programmes/bul leting/daily.ram
14 http://mww.bbc.co.uk:80/go/homepage/int/news/vi/-/newsa/n5ctrl /tvseg/n24.ram
14 http://www.bbc.co.uk:80/go/homepage/int/news/au/-/news/ol media/cta/progs/rn/bul letin.ram
13 http://www.undp.org:8080/ramgen/oa/ronzid.rm

13 http://www.npr.org:80/real media/news2a.ram

13 http://www.npr.org:80/real media/24hour.ram

WM:

13 http://www.npr.org:80/windowsmedia/programstream.asx

13 http://www.npr.org: 80/windowsmedi a/newscast.asx

13 http://www.nasdag.com:80/ref erence/JetBlue WPP_Sun.wmv

13 http://www.nasdag.com:80/ref erence/Cisco-Intel -Staples.wmv

12 http://www.npr.org:80/webevents/npr.asx
12 http://www.nasdag.com:80/reference/ DELL M SFT_SBUX.wmv
12 http://www.nasdag.com:80/ref erence/Costco- Stapl es- Starbucks.wvm
12 http://www.nasdag.com:80/ref erence/AppliedMaterial s-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://mwww.perl.org:80/yapc/2002/movies/2002-06-24-per] 6-handwaving.mov
8 http://www.isch.org:80/webmovs/bourne03.mov.mov

8 http://www.isch.org:80/webmovs/bourne02.mov.mov

8 http://www.isch.org:80/webmovs/bourne01.mov.mov

7 http://reason.com:80/ReasonM agazine.mov

7 http://alberta.indymedia.org:80/upl oads’kyotororbust1.mov

6 http://planetmirror.com:80/pub/movie_trailers/L 2Towers.mov

6 http://downloads.warprecords.com:80/bushwhacked2.mov

5 http://www.gfdl.noaa.gov:80/ jps/images/gallery/fran_anim_title_A _D.qt

5 http://www.gfdl.noaa.gov:80/ jps/images/gallery/emily A2_C_B_2x_g3.qt

TABLE X
Topr 10 DUPLICATED MEDIA URLS



